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Abstract: 

 

Mobile health (m-health) services are revolutionising healthcare in the developing 

world by improving accessibility, affordability, and availability. Although these 

services are revolutionising healthcare in various ways, there are growing 

concerns regarding users' service quality perceptions and overall influence on 

satisfaction and usage behaviours. In developing countries, access to healthcare 

and low healthcare costs are insufficient if users lack confidence in healthcare 

service quality.  

Bangladesh's Directorate General of Health Services (DGHS) provides the only 

government-sponsored m-health service available to the entire population. 

DGHS's m-health service, available since 2009, is yet to be evaluated in terms of 

users' perceptions of the quality of service and its impact on satisfaction and 

usage. Hence, this study developed a conceptual model for evaluating the 

associations between overall DGHS m-health service quality, satisfaction, and 

usage behaviours. This study operationalised overall m-health service quality as 

a higher-order construct with three dimensions- platform quality, information 

quality, and outcome quality, and nine corresponding subdimensions-privacy, 

systems availability, systems reliability, systems efficiency, responsiveness, 

empathy, assurance, emotional benefit, and functional benefit. 

Moreover, researchers in various service domains, including- healthcare, 

marketing, environmental protection, and information systems, evaluated and 

confirmed the influence of social and personal norms on satisfaction and 

behavioural outcomes like- intention to use. Despite this, no research has been 



 

 

conducted to determine whether these normative components affect m-health 

users' service satisfaction and usage behaviours. As a result, this study included 

social and personal norms along with overall service quality into the conceptual 

model to assess the influence of these variables on users' satisfaction and m-

health service usage behaviours. Data was collected from two districts in 

Bangladesh- Dhaka and Rajshahi, utilising the online survey approach. A total of 

417 usable questionnaires were analysed using partial least squares structural 

equation modelling to investigate the relationships between the constructs in 

Warp PLS. 

The study confirms that all three dimensions of service quality and their 

corresponding subdimensions influence users' overall perceptions of DGHS m-

health service quality. Moreover, overall DGHS m-health service quality has a 

significant direct association with satisfaction and an indirect association with 

usage behaviours through satisfaction. While social norms do not influence 

satisfaction and usage behaviours within the DGHS m-health context, personal 

norms directly influence users' satisfaction and indirectly influence usage 

behaviours through satisfaction. Theoretically, the study contributes by framing 

the influence of users' overall m-health service quality perceptions, social and 

personal norms on their actual usage behaviours rather than the intention to use. 

It also extends the existing knowledge by assessing and comparing m-health 

users' continuous and discontinuous behaviours. Methodologically this study 

confirms the usefulness of partial least squares structural equational modelling to 

analyse a complex model including a higher order construct (i.e., overall 

perceived service quality). Practically, the study demonstrates the importance of 

users' satisfaction in addition to service quality, as service quality only affects 



 

 

usage behaviours through satisfaction in the current study context. Additionally, 

knowing that personal norms significantly influence service satisfaction motivates 

providers of m-health services to strive to enhance users' personal norms toward 

m-health service to enhance service satisfaction and usage. Overall, the study 

will help enhance patient outcomes and m-health service usage. 
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Chapter 1 

Introduction 

1.1. Chapter overview: 

This chapter serves as the introduction to the current research study. Section 1.2 

outlines the study's background, which discusses worldwide healthcare obstacles. 

Section 1.3 discusses how accessing a digital future, specifically mobile health 

services, can help overcome these challenges. Section 1.4 provides an overview 

of the country of study -Bangladesh. The following section (Section 1.5) discusses 

significant healthcare challenges in Bangladesh. Section 1.6 discusses the m-

health service provided by the Directorate General of Health Services (DGHS) in 

Bangladesh. Section 1.7 outlines the rationale for the study, and section 1.8 

presents the aim and objectives of the study. 

1.2. Background of the study: 

The world we live in today offers more equal opportunities to everyone than a 

hundred years ago (Kodelja, 2016). There is a global regard for human life and an 

appreciation for equal possibilities. Now, most nations have healthier populations 

than before (WHO, 2019). 

A stark contrast, however, is the growing inequity between the richest and the 

poorest, along with economic globalisation (Ibrahim, 2022). In many parts of the 

world, entire communities lack access to a basic and most significant human need 

– "healthcare" simply because of their birthplace, wealth, or lack of access to 
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healthcare infrastructures (Rivillas and Colonia, 2017). Meanwhile, there is a 

decline in infant mortality and an increase in the life expectancy rate globally 

(WHO, 2020). 

Healthcare systems in developed markets such as the Far East, Europe, and 

North America are renowned for their accessibility, sophistication, and 

effectiveness; however, there are some unpleasant truths beneath the surface of 

global healthcare (Hanson, 2022). The following data bring light to the unsettling 

reality of global healthcare: (1) developing countries have a 14 times greater 

maternal mortality ratio than developed countries (Girum and Wasie, 2017); (2) 

the risk of death before the age of five is more than 15 times greater in sub-

Saharan African countries than it is in countries with high incomes (Mojon, Kunz 

and Mojon, 2010); (3) only 33% of Africans and 45% of Southeast Asians have 

access to sanitary facilities, in contrast to 93% of Europeans (Bain et al., 2018); 

(4) HIV infection rates in Africa are five times higher than in Europe (Kharsany and 

Karim, 2016); (5) the Central African Republic's average life expectancy is 53 

years, with 45 of those years spent in good health, compared to 82 years in the 

Netherlands, where 72 years are spent in good health (Girmenia, 2019); (6) in 

Europe, there is one doctor for every 293 people; in Africa, there is one doctor for 

every 3,324 people (WHO, 2019). 

Barber et al., (2017) identified the discrepancy in health in their analysis of the 

preventable mortality rates in 195 countries from 1990 to 2015. The findings 

indicated that although the average global index score increased throughout this 

time, from 40.7 to 53.7, the range has also increased. In 2015, it ranged from 28.6 

(Central African Republic) to 94.6. (Andorra). Several nations in southern sub-

Saharan Africa, the Middle East, and South Asia have healthcare indexes that trail 
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behind their corresponding socio-demographic indexes, demonstrating contempt 

for healthcare and overlooking opportunities for progress (Barber et al., 2017). 

To begin with, increasing marginalised people's access to healthcare requires 

understanding the fundamental basis of the problem (Baah, Teitelman and Riegel, 

2018). Thus, it is essential to recognise the root causes and significant difficulties 

in addressing the problems at their core and implementing changes in practice and 

policy that are perceptible and long-lasting (Zajac et al., 2021). The following 

subsections describe some of the significant healthcare challenges throughout the 

world: 

 1.2.1. The geographical obstacle: 

The difficulty of access lies at the heart of global healthcare issues (Pathan, 2020). 

Here access describes connecting people with the treatments, facilities, and 

expertise they need (Pathan, 2020). Since 2005, the World Health Organization 

(WHO) has called for affordable healthcare coverage, including- rehabilitation, 

medication, prevention, and information for everyone (Mukherjee, 2017). Since 

access to healthcare is unequal for many reasons, addressing this issue has been 

met with only partial success, mainly because only money cannot solve all these 

problems (Joore, Pouwels and Ramaekers, 2019). 

Geographical restrictions are a primary obstacle to healthcare access 

(Garchitorena et al., 2020). Most of the world's largest nations are also the poorest 

and have unequal societies (Ravallion, 2017). Brazil has a surface area of 8.516 

million km², China has 9.597 million km², the Democratic Republic of the Congo 

has 2.345 million km², and India has around 3.287 million km² (Santoro, 2022). 

Widely distributed populations characterise these large nations, frequently 
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separated by significant distances from the closest basic healthcare facilities 

(Santoro, 2022). The fact that developing nations already have much fewer 

medical resources only worsens due to their remoteness (Patankar et al., 2020). 

In Germany, for instance, there are 8.17 hospital beds for every 1,000 people, 

while there are only 0.9 in India, 2.4 in Brazil, 2.84 in South Africa, and 4.06 in 

China (Patankar et al., 2020). Sub-Saharan Africa has about 287 million people 

who live more than two hours away from the nearest hospital, including 64 million 

women of reproductive age. With an average life expectancy of 59 years, just 

22.8% of South Sudanese citizens meet the worldwide target of 80% of the 

population living within two hours of a hospital, falling short in two-thirds of sub-

Saharan countries (James, 2018).  

1.2.2. Availability of healthcare services: 

Even if a sick or injured individual makes it to a hospital or medical facility, the 

battle to get access to care in a developing economy can still be quite difficult 

(Kanavos and Wouters, 2016). The WHO outlines why healthcare is only 

sometimes readily available in low-income countries in a study from 2017 that 

covers the Middle East, Africa, Asia, and South America (WHO, 2017). It brought 

to light a long list of problems that needed to be solved, such as the poor or delayed 

referrals, the lack of adequate information for patients on their healthcare options, 

the inconsistent quality of medications and medical devices, the unacceptably long 

wait times, the short opening hours and high staff absenteeism, and the lack of 

adequately trained healthcare workers, equipment, and medications (WHO, 

2017). 



5 
 

 

Poorly integrated local, regional, and national health programmes are another 

issue in developing countries (Xu, 2021). Without a comprehensive strategy, 

possibilities for complementary initiatives and joined-up thinking are lost, 

sometimes with tragic outcomes (Cohen and Durrant, 2019). An obvious example 

is the availability of immunisations, which saves countless lives. Measles, tetanus, 

and tuberous sclerosis vaccinations in Nicaragua, Nepal, Malawi, Haiti, Eritrea, 

Cambodia, Brazil, Benin, and Bangladesh raised concerns about immunisation 

availability (Victora et al., 2005). Less than 1% of Cambodian youngsters had all 

recommended immunisations, and almost one in five had none. Only 13.3% of 

children in the countries studied, including Nicaragua, received all their 

recommended vaccines (Victora et al., 2005). Substantial effort is required to 

guarantee that healthcare is available and financially feasible (Koenig and Li, 

2021). Ensuring that high-quality healthcare is available is vital for everyone's 

health and the economic well-being of the countries they inhabit (Boncy, 2020). 

1.2.3. The impact of healthcare on economic development: 

The WHO asserts that advances in health are essential to economic success 

because healthier individuals live longer, are more productive, and save more 

money (WHO, 2017). Many studies focused on the association between health 

and economic development (Niu, Yang and Wang, 2021; Raghupathi and 

Raghupathi, 2020). For instance, a study in the Journal of Health Economics 

revealed that the economies of emerging countries had considerable growth when 

public health improved (Niu, Yang and Wang, 2021). Another study showed that a 

4% boost in economic growth occurred due to an increase in life expectancy of 

one year (Raghupathi and Raghupathi, 2020). The WHO founded the Commission 

on Macroeconomics and Health (CMH) in 2001 to examine how health affects 



6 
 

 

development and identify methods that health-related investments might promote 

economic growth and equity in developing nations (Ivinson, 2002). The executive 

summary of the CMH's final report suggested that high-income and low-income 

nations work together to provide access to primary healthcare for the 

underprivileged. It also emphasises the critical need for increased funding for 

worldwide research and development in healthcare and increased expenditures in 

cutting-edge technology to battle deadly illnesses (Ivinson, 2002).  

1.2.4. The cost of quality healthcare: 

Most medical procedures and treatments are costly, whether the patient or the 

government pays for them. As a result, there are several similarities between the 

fight against global poverty and the campaign for universal access to healthcare 

(Ottersen et al., 2014). According to World Bank data, 734 million people, or 10% 

of the world's population, survive on less than US$1.90 a day (the criterion for 

poverty) (Khan et al., 2020). At present, 413.3 million people of the population of 

sub-Saharan Africa (41.1% of the population), 216.4 million people 12.4% of South 

Asia (216.4 million people), 18.6 million people in the Middle East and North Africa 

(5%), and 25.9 million people in Latin America and the Caribbean (4.1%), are living 

in poverty (Atangana, 2022).  

Most of the world's developing countries have primarily agrarian economies where 

cash flow is highly dependent on the season and availability of produce for sale 

(Baccini, 2018). Kuijpers et al., (2018) described that rural Cambodians were 

likelier to turn to over-the-counter drugs rather than spend more money on 

expensive in-person treatments during the rainy season. It is important to consider 

other factors besides the cost of medications and treatments. For example, the 
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cost of transporting someone to a hospital or clinic, let alone the loss of wages 

while absent from work or home, will be a significant obstacle for anyone living on 

or near the poverty line (Grant et al., 2014). These factors can all contribute to a 

particularly vicious circle. Researchers in India discovered that each poor 

household had an average of 1.2 diseases per month and that 85% of all cases of 

poverty were due to the high expense of treating those illnesses (Okwor and 

Uzonna, 2016). A substantial number of the world's population has an immediate 

and persistent obstacle to receiving healthcare due to poverty (Burns, 2020).  

1.2.5. Human and cultural barriers: 

The issue of access to healthcare must consider people and the society in which 

they thrive or fail (Kanavos and Wouters, 2016). In this instance, disparities 

between developed and developing countries can show as early as childhood. 

Knowledge and self-awareness both depend on education. One can only assert 

one's right to wellness if they are aware of their fundamental right to health, e.g., 

the variety of treatments available to improve or prolong life (Huffman and 

Schofield, 2012). According to data from the UNESCO Institute for Statistics, only 

33 females out of every 100 males in Afghanistan (life expectancy: 63 years), 20% 

of 20 to 22-year-olds in Pakistan (life expectancy: 67 years), 12% of the poorest 

14 to 16-year-olds in Uganda (life expectancy: 62 years) finish lower secondary 

school, and only 21% of the poorest young women in Yemen (life expectancy: 65 

years) can read (UNESCO,2023). This forced ignorance can take many harmful 

forms later in life. One of them is poor self-esteem, shown by research in Laos that 

links a lack of assertiveness in lower-income populations with the challenge of 

finding skilled physicians and negotiating complicated medical billing systems 

(Nketia, Amso and Brito, 2021). Health professionals and intermediaries such as 
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insurers must gain more trust in villages of low-income, post-conflict countries 

such as Cambodia (Bouvatier and El-Ouardi, 2023). 

The stigma attached to conditions may make people less willing to seek treatment 

(Olesen, Cleal and Willaing, 2020). For instance, 42% of patients in Pakistan 

sought therapy in pharmacies, compared to 50% of patients who attempted to treat 

their Tuberculosis (TB) at home (Degner et al., 2018). They preferred other 

alternatives instead of receiving essential on-site care in a hospital (Degner et al., 

2018). 

It is also important to acknowledge the gender disparity. Compared to males, many 

women in developing nations have more difficulty obtaining and accessing 

professional healthcare (Robinson and Ross, 2013). The experiences of women 

in Chad, a country with a life expectancy of 54 years and where men mainly control 

access to medical personnel, treatments, and information, serve as an example 

(Riggs and Morales, 2019). In rural women, the effectiveness of their support 

system, such as their spouses or other male family members, and their capacity 

to mobilise them is highly correlated with their illness progression (Roy, 2018). 

 

 

 

1.3. Accessing a digital future: 

With digital technologies at the forefront of this brave new healthcare world, more 

people in emerging markets can access better healthcare than ever (Lupton, 



9 
 

 

2017). One digital technology that can lessen healthcare challenges is mobile 

health services, often known as m-health services (Gromisch et al., 2020). There 

are various ways to define m-health depending on their services (McCool et 

al., 2022). However, this study is only concerned with m-health hotline services, 

an interactive, personalised health service that aims to provide everyone access 

to medical advice and information through mobile phones anytime from anywhere 

(Kruahong and Lachman, 2021). 

The explosive growth of mobile communications over the past two decades has 

given rise to a new hope for delivering quality healthcare (Arslan, 2016). The 

number of mobile phone users in 2022 was 7.26 billion globally (against 7.753 

billion total population), meaning that 91.16% of people in the world own a mobile 

phone, including smartphones and feature phones (Statista, 2022). Mobile phone 

ownership has been proven crucial for women's empowerment as the world heads 

toward greater gender equality (Pesando and Rotondi, 2021). According to a 2020 

report by the Groupe Speciale Mobile Association (GSMA), gender equity in 

mobile phone ownership has been reached in 50 nations, for which data are 

available between 2018 and 2020. In 10 additional countries, more women than 

men own a mobile phone. However, women still fall behind men in mobile phone 

ownership in 21 nations, often by a large margin (GSMA, 2020). Despite this 

gender disparity, people in many developing nations are more likely to have mobile 

phone access than clean water, a bank account, or electricity (Blimpo, 2019). In 

addition to the continual growth in coverage of mobile phone networks, the rise of 

new opportunities for the integration of mobile communications-based healthcare 

(m-health) into existing electronic healthcare (e-health) and the rapid advances in 

mobile technologies and applications have given rise to the opportunity to use 
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mobile phone technologies to achieve the health objectives and transform the face 

of health service delivery around the world (Gonçalves et al., 2018). In fact, 

because of their widespread acceptability, extensive reach, and ease of use, 

mobile wireless technologies are particularly significant since they are becoming 

an increasingly crucial component of delivering health services and public health 

(Awoonor, 2013). 

M-health services have the potential to drastically improve healthcare in terms of 

cost and speed (Dash et al., 2019). These services provide a technological 

approach that brings all the healthcare system stakeholders under one umbrella, 

such as regulators, payment providers, service providers, and patients (Baker and 

Harvey, 2018). Using m-health services, patients located hundreds of miles from 

hospitals and clinics can still contact professionals, arrange appointments, 

purchase prescriptions, pay for services, and receive health advice. Using remote 

diagnostics for testing, recommendations, and emergency admissions is now 

possible via smartphones. The use of mobile health applications (mobile apps) as 

mobile stock management systems can provide suppliers and manufacturers with 

access to real-time pharmaceutical and equipment inventories, making budgeting 

and planning much more responsive (Ohannessian and Yaghobian, 2020). 

Data collection from mobile devices can aid disease surveillance, detecting and 

controlling pandemics like COVID-19 (Perdue, 2016). Even before COVID-19 

emerged, the Global Health Security (GHS) Index research in 2019 showed that 

many countries were unprepared for a pandemic. According to the study, national 

health security is fundamentally lacking everywhere globally. The 195 nations that 

were the subject of the analysis received an average score for prevention, 

detection, and reaction of just 40.2 out of 100 (GHS Index, 2019). 
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Even though it seems non-plausible, emerging economies are experiencing a 

rapid increase in mobile phone usage (Degain and Maurer, 2015). For instance, 

Bangladesh reported a 37% growth in smartphone usage in 2019. Kenyans have 

smartphone access in 97% of cases by the end of 2018, up from 49% only three 

years earlier. Now it takes pushing a button to bring about the long-anticipated 

shift in healthcare access (Jahan et al., 2020). 

 

1.4. Study context:  

The population of Bangladesh is almost 2.2% of the world's total, making it the 

eighth most populous country. According to the 2022 Bangladesh Census of 

Bangladesh, the country's current population is 165.2 million (Bangladesh Bureau 

of Statistics, 2022). The level of health and education has remained relatively low 

despite recent improvements attributed to the reduction of poverty (Shahen, Islam 

and Ahmed, 2020). The country is susceptible to overpopulation, corruption, 

poverty, and climate change (Shahen, Islam and Ahmed, 2020). Despite these 

issues, the international community has lauded its improvement on the Human 

Development Index (e.g., mean years of schooling, expected years of schooling, 

life expectancy at birth, and gross national income per capita) (Khatun et 

al., 2022). Bangladesh has achieved more noticeable advances in several 

indicators than some of its neighbours with higher per capita income, such as India 

and Pakistan (Khatun et al., 2022). 

The country is undergoing major economic and societal transformations (Maupin, 

2017). Bangladesh is progressively becoming more urbanised. For instance, 

Dhaka, the country's capital, grew from 3.36 million in 1950 to 31.23 million in 2023 
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(Macrotrends, 2023). The rising population in urban areas frequently lacks access 

to basic requirements, including drinking water, sanitation, health, safety, and 

housing (Panday, 2020). Despite increasing urbanisation, more than 70% of 

Bangladesh's population still lives in rural areas (Kabir, Karim and Billah, 2022). 

The population is relatively young, with just 4.75 percent being 65 or older. This 

situation will change by 2025 when the proportion of people aged 65 and older 

rises to 6.6% (Cuervo, 2016). A substantial percentage of the population, 

especially the poor, deal with several health problems related to socioeconomic 

disparities (Chowdhury et al., 2017). Bangladesh has a low percentage of GDP 

spent on health and low per capita health expenditure. The current health 

expenditure per capita for the country is 45.86 (current US$), while the current 

health expenditure (% of GDP) is 2.48% as of 2019 (The World Bank, 2022). 

Although there has been significant improvement in many health indicators in 

recent years, the government faces major issues concerning its capacity to plan 

and implement a broad range of health and population services (Shilton and Barry, 

2021). The following section and its subsections highlight the significant healthcare 

challenges in Bangladesh. 

 

 

1.5. Major healthcare challenges in Bangladesh: 

1.5.1. Compromised access: 

Public hospitals provide different types of inpatient care services. Meanwhile, a 

three-tiered primary healthcare system (subdistrict, union, and village) serves the 
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entire population (Kabir, Karim and Billah, 2023). Despite this, access to this 

network of healthcare facilities is often severely compromised (Pablos, Cavanaugh 

and Ly, 2016). Although the government should cover the expense of essential 

medical treatment in public hospitals and other institutions, people often pay for 

their medications, lab tests, and other ancillary services. Due to these expenses, 

most publicly financed healthcare services are severely out of reach for the poor 

and the disadvantaged (Pablos, Cavanaugh and Ly, 2016). 

Additionally, many public hospitals have ambulances that are either inoperable or 

being utilised by doctors and other staff members. Patient access to ambulance 

services is limited (Hossain et al., 2022). In public health facilities, the gap 

between principle and practice seriously compromises the accessibility of the poor. 

As almost 72.68 % of healthcare costs are out-of-pocket for individuals and 

families, this severely restricts access for the poor to the healthcare system, 

undermining the nation's constitutional principle of equity (World Bank Data, 

2022). 
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1.5.2. Inadequate financial resources: 

In Bangladesh, the current health expenditure (% of GDP) is 2.48, and the current 

domestic general government health expenditure (% of GDP) is only 0.46 (World 

Bank Data, 2022). In the dollar value, the current health expenditure per capita 

(current US$) is 45.86, whereas the domestic general government health 

expenditure per capita (current US$) is 8.54 (World Bank Data, 2022). More than 

70% of the current health expenditure comes from private sources, 19% from the 

public, and 6% from external sources (WHO, 2021). Thus, the revenue for 

healthcare heavily depends on private financing (Figure 1.1). Ministry of Health 

and family welfare (MOHFW) expenditures at different levels show that 27% of 

primary-level healthcare allocation goes to the richest quintile while 21% goes to 

the poorest (Islam, 2014). In Bangladesh, there is almost no health insurance. 

Although various NGOs have begun developing several health insurance plans, 

these programmes will take longer to accept (Joarder et al., 2019). 

 

Figure 1.1: Revenue sources for health in Bangladesh (Adapted from WHO, 
2021). 
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1.5.3. Limited healthcare facilities: 

DGHS operates only 7,579 healthcare institutions, including private healthcare 

facilities. This limited number of healthcare facilities cannot satisfy the healthcare 

needs of the population of 165.2 million (Liu et al., 2022). The total number of 

registered private hospitals and clinics is 5,321, totalling 91,537 hospital beds. The 

total number of government facilities under the DGHS is 2,258, and the total 

number of hospital beds in government hospitals is only 54,660 (DGHS, 2019). 

The district-level hospitals are called secondary care hospitals and have lesser 

special care capabilities than those affiliated with medical colleges (Dalaba, 

Welaga and Matsubara, 2017). Other special care facilities, including hospitals for 

leprosy, tuberculosis, and infectious diseases, are also included in secondary care 

health facilities (Hanson,2022). The medical college hospitals are in regional 

metropolitan areas that cover several districts and provide specialised treatment 

across various specialties. These hospitals offer tertiary care services (Kabir, 

Karim and Billah, 2022). Tertiary hospitals also include top-tier super specialty 

facilities at the national level, focusing on just one type of high-end medical 

treatment. Over the past few decades, secondary and tertiary care networks have 

significantly grown throughout Bangladesh (Kabir, Karim and Billah, 2022). 

 

A hospital has secondary-level healthcare status in 59 districts out of 64 

(Hossain et al., 2020). Unfortunately, only a few specialists, diagnostic, or 

laboratory services are available at these hospitals. Moreover, Bangladesh has 

fewer hospital beds than other developing countries to accommodate its vast 

population. For instance, Bangladesh has 0.8 beds per 1,000 people, compared 
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to 0.9 in Ghana and 2.9 in Kenya (Sahay, Sundararaman and Braa, 2017). The 

World Health Organization recommended a minimum of 2 beds per 1,000 people 

for developing countries and four beds per 1,000 for developed nations (Sen-

Crowe et al., 2021). 

 

1.5.4. Growing and continuing inequity within the health system: 

Over the years, Bangladesh's Ministry of Health and Family Welfare (MOHFW) 

has had little success in closely evaluating the societal factors that contribute to 

these injustices and developing effective corrective actions (Shafique et al., 2018). 

The health system's challenges are widely understood, but the top leadership 

rarely shows willingness or capability to address them (Shafique et al., 2018). Six 

interrelated and interdependent building blocks make up a health system: efficient 

and effective health service delivery; a skilled, enough, and adequately distributed 

health workforce; a functioning health information system; equitable access to 

necessary medical products and technologies; sufficient funding; and leadership 

and good governance (Manyazewal, 2017). It is questionable if the administrators 

of the Bangladeshi health system understand the interconnectedness of all these 

constituent parts and the necessity to treat them concurrently to overcome the 

systems' shortcomings (Clarkson et al., 2018). It is important for administrators to 

understand the importance of investing more money into or creating more 

infrastructure (such as community clinics) if they want to see success with such 

an all-encompassing strategy (Clarkson et al., 2018). The critical concern is 

whether planners and policymakers have the time and motivation to critically 

examine the health system's interconnected components to incorporate their work 

into a complete, integrated strategy (Kanavos and Wouters, 2016). 
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1.5.5. Critical shortage of healthcare workforce: 

Unlike many other service industries, inpatient healthcare requires a highly skilled 

workforce (health workforce) comprising doctors, dentists, nurses, midwives, and 

medical technicians (Lopes, Almeida and Almada, 2015). Bangladesh consistently 

needs more qualified health professionals, such as doctors, nurses, and midwives. 

Such a dearth should be considered a severe constraint on population health 

(Lopes, Almeida and Almada, 2015). 

 

As of 2020, Bangladesh has 0.7 physicians per thousand population (The World 

Bank, 2023). According to the World Health Organization (WHO), there should be 

one doctor for every 1000 people (The Global Health Observatory, 2023). The 

number of nurses and midwives as of 2020 is 0.5, compared to 18.37 nurses and 

midwives in Switzerland (the world’s highest) (The World Bank, 2023). The WHO 

recently published the health workforce support and safeguards list 2023, 

replacing the 2020 list and the 2006 list of countries facing critical shortages of 

health workforces. According to the report, 55 countries are experiencing serious 

shortages of health workers. Bangladesh, Nepal, and Timor-Leste are the only 

three South Asian countries included in this list of countries with a critical shortage 

of healthcare workforce. 

 

Under the DGHS, the Bangladeshi government has sanctioned 105,254 positions, 

of which physicians (Class I) make up 25.65% of the total, non-physicians (Class 

I) 0.5%, Class II 0.9% (excluding nursing posts), Class III 49%, and Class IV 

employees 23.90% (DGHS, 2019). Among all sanctioned positions, 26,635 

remained unfilled, representing 25.31 %. The Class I employee vacancy rate was 

5.21% (1,407 posts) for physicians and 57.20% (1, 5261 posts) for non-physicians, 
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30.54% (1, 5261 posts) for Class III employees, and 37.22% (9,363 posts) for 

Class IV employees (DGHS, 2019). 

  

1.6. The Directorate General of Health Services (DGHS) m-health service: 

To overcome the healthcare challenges and provide quality health services to the 

citizens, the government of Bangladesh has introduced Information and 

Communication Technology (ICT) for delivering health services (Hossain, 2016). 

The government has developed a Health Management Information System (MIS) 

department under the Directorate General of Health Services (DGHS) (Hossain, 

2016). This department aims to ensure the best use of ICT to build and maintain 

Bangladesh's nationwide health information system (Mukinda, Belle and 

Schneider, 2019). In 2009, Bangladesh's Directorate General of Health Services 

(DGHS) began providing m-health services as part of its ongoing e-health 

program. DGHS provided a mobile to every upazila (subdistrict) health complex 

and district hospital in the country. DGHS provides the numbers of these mobile 

phones to the local communities and on its website (www.dghs.gov.bd) (Begum et 

al., 2019). These numbers are available 24 hours a day for doctors to receive calls. 

Citizens can access free healthcare by calling these numbers without going to a 

hospital. Busy people can easily seek medical care at the first sign of illness, 

reducing the risk of disease complications (Ahmed et al., 2010). Almost everyone 

in the country (99%) has a cellular network connection, making this m-health 

service one of the most accessible ways to access registered, certified health 

professionals (Manzano et al., 2023).  

 

This service has made it possible for anyone, wealthy or poor, to receive health 

assistance, particularly in rural regions. Regardless of the time of day, the severity 
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of the health issue, or the distance to the hospital, people can obtain medical 

advice instantaneously. Patients can receive care via mobile devices in cases of 

illnesses that do not require hospitalisation. For those procedures, village 

community clinics serve as a substitute for subdistrict or district hospitals. The 

programme aids citizens in avoiding unlicensed practitioners who can cause 

health complications (DGHS, 2020). 

Additionally, because government hospitals have limited human resources and 

medicines, serving many people in the outpatient department can take time and 

effort. The m-health service has enabled medical care in homes, relieving hospital 

burden. Because of this, patients can now receive better care even with a lack of 

staff and resources (DGHS, 2020). 

 

1.7. Rationale for the study: 

People in Bangladesh lack access to regular healthcare and have little 

understanding of health issues (Rahman et al., 2022). Thus, researchers 

described the DGHS m-health service as a great initiative in the healthcare sector 

(Nisha et al., 2016). M-health services provide various benefits; however, 

individuals are often concerned about the quality of services (Yu et al., 2017; 

Vaghefi and Tulu, 2019). This concern is due to several factors, including the 

unreliable nature of the service platform, the lack of experience and knowledge on 

the part of the providers, the security and privacy of information services, the 

benefits that are either emotional or functional, and most importantly, the effect on 

service satisfaction and usage (Zakerabasali et al., 2021; Alireza et al., 2011; 

Slack, Singh and Sharma, 2020). When a context is sensitive such as healthcare, 

the providers must ensure the quality of the services (Alaiad, Alsharo and Alnsour, 

2019). If users do not believe that the healthcare services are of good quality, then 
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reducing costs or increasing access is not sufficient for developing nations 

(Buckle, 2015). The technology-mediated healthcare system is likely to be 

avoided, ignored, or employed as a last option if it cannot provide a minimum level 

of quality. Thus, it is essential to consider how service quality affects users' 

opinions of m-health services' acceptability, usage, prospects, and necessity 

(Oppong et al., 2018). Furthermore, the effective development and 

implementation of m-health services depend on the identification and 

establishment of critical success factors (Handayani et al., 2018). A study by 

Handayani et al., (2018) explored the factors that affect the implementation of a 

mobile health. The findings of the study revealed that the following quality 

dimensions- system quality, information quality, service quality, and organisational 

quality, are significant for successful implementation of the m-health service. 

Considering the findings the researchers recommended regulators, facility 

managers, and mobile health providers to consider the quality dimensions of m-

health services to ensure their sustainability in the long run (Handayani et al., 

2018). 

 

The DGHS introduced its m-health service in Bangladesh over a decade ago, but 

research on users' perceptions of quality has yet to be conducted (Islam et 

al., 2015; Tavares et al., 2019). It is crucial to determine the viability of these 

programmes in terms of service quality immediately, despite their wider 

accessibility and affordability of primary healthcare needs (Kanavos and Wouters, 

2016; Zakerabasali et al., 2021; Nisha et al., 2016). Despite m-health receiving 

much attention in many developing nations, there need to be more studies that 

explicitly examine the DGHS m-health programme provided by the government of 

Bangladesh (Islam et al., 2015; Tavares et al., 2019). Research on service quality 
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is required to evaluate the critical impact of DGHS m-health service beyond its 

prospective advantages (Blut, 2016). Thus, this study aims to fill the research gap 

by exploring how DGHS users perceive the quality of this m-health service. This 

study describes m-health service quality as users' assessments of the overall 

excellence or superiority of the service (Hemsley and Alnawas, 2016; Wu and 

Cheng, 2013; Vo, Auroy and Sarradon, 2019; Aggarwal, Aeran and Rathee, 2019, 

Blut, 2016). This study has employed multidimensional, hierarchical, and context-

specific modelling while assessing DGHS m-health service quality (Madan and 

Jain, 2015; Ahluwalia and Varshney, 2009; Oppong et al., 2018; Akter, D'Ambra 

and Ray 2010; Jacob, Sanchez and Ivory, 2020; Nouri et al., 2018). This service 

quality model is composed of three primary dimensions- outcome quality, 

information quality, and platform quality, and nine subdimensions-functional 

benefit, emotional benefit, empathy, assurance, responsiveness, availability, 

reliability, efficiency, and privacy (Oppong et al., 2018; Akter, D'Ambra and Ray 

2010; Jacob, Sanchez and Ivory, 2020; Nouri et al., 2018). Several researchers 

employed these dimensions and subdimensions to assess the overall quality of 

various m-health services. However, the findings of these studies have not been 

consistent in terms of how the subdimensions reflect the dimensions and how the 

dimensions reflect overall service quality (Akter, D'Ambra and Ray 2010; Jacob, 

Sanchez and Ivory, 2020; Oppong et al., 2018). For example, despite being 

conducted in similar m-health contexts, Akter, D'Ambra and Ray (2010) showed 

that platform quality significantly influenced overall service quality evaluation. In 

contrast, Oppong et al., (2018) found that interaction quality was the most 

influential dimension. Thus, the dimensions and subdimensions of a new service 

system, especially healthcare services, should be investigated since patients tend 

to weigh service quality differently in different healthcare settings (Vo, Auroy and 
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Sarradon, 2019; Ko and Chou, 2020; Alaiad, Alsharo and Alnsour, 2019). As a 

result, this study aims to assess how the subdimensions and dimensions of the 

DGHS m-health service quality contribute to users' opinions of the overall service 

quality. 

 

Customer satisfaction has always been essential to the success and growth of any 

organisation (Amanah et al., 2018). The users' assessment of a service or product 

they received compared to what they had expected is known as user satisfaction. 

In other words, satisfaction occurs when a user expects and receives a certain 

quality level (Palací, Salcedo and Topa, 2019). Users' satisfaction helps 

organisations identify their preferences and likes (Wardaya, Claudia and Meiryani, 

2021). Users' satisfaction is vital for healthcare services, including technology-

based healthcare services (Fønhus et al., 2016). It is the critical predictor of 

behaviour outcomes (e.g., continued usage of an m-health service) (Fønhus et 

al., 2016). 

 

Moreover, satisfied patients are more likely to take an active role in healthcare, 

stay with a particular health service provider, and adhere to treatment plans 

(Sulaiman and Musnadi, 2018). As well as identifying potential areas for service 

improvement, satisfaction assessments may help health professionals optimise 

their services and health expenditures (Monden, 2014). Patients unsatisfied with 

the healthcare service may discontinue it and seek alternatives (Prazeres and 

Santiago, 2016). It is impossible to compromise patients' satisfaction in healthcare, 

as it is likely to lead to the failure of the service and make it challenging to achieve 

the desired healthcare outcomes (Han et al., 2020). Thus, researchers 

empathised with ensuring users' satisfaction to successfully implement 
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technology-mediated healthcare services like m-health (Kanavos and Wouters, 

2016). In addition, patient satisfaction is a crucial and often employed indication of 

healthcare quality (Mreła and Sokołov, 2018). Patients' satisfaction can rise, and 

they feel more fulfilled when the service quality is sufficient (Prazeres and 

Santiago, 2016). Users' perceptions of service quality and their relationship to 

satisfaction are critical determinants of the success or failure of m-health services 

(Ko and Chou, 2020; Alaiad, Alsharo and Alnsour, 2019). To the best of the 

researcher's knowledge, no studies have looked at whether users' views of service 

quality influence their satisfaction with the DGHS mobile health service, similarly, 

to not assessing how users of the DGHS mobile health service evaluate its quality 

(Tavares et al., 2019; Nisha et al., 2016). Thus, this study incorporates users' 

satisfaction in the conceptual model to evaluate the association between the 

overall service quality of DGHS m-health service and satisfaction to address this 

gap in the research. 

 

Furthermore, user behaviour analysis is the ideal strategy for service optimisation 

(Javaid et al., 2021). Users' behaviours are patterns and actions that users 

demonstrate while interacting with a product or service (Guclu, 2018). Observing 

and analysing users' behaviours help providers understand what they value and 

enable them to take necessary steps to improve users' experiences (Lafrenière, 

2019). Here, the term "user" refers to the individuals already using the service 

(Lafrenière, 2019). Providers can use user behaviour data to become more 

customer-centric and service-focused (Asadullah and Bhattacharjee, 2022; 

Mendiola et al., 2015). Additionally, using actionable information regarding user 

behaviours can aid in improving the design, development, and implementation of 

services (Kuffo et al., 2018). The success of any technology-mediated service, 
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including m-health, depends on users' continuous usage behaviours (Wu et 

al., 2022; Lafrenière, 2019). Researchers have emphasised the significance of 

continuation in information technology (IT) services, underlining that continuation 

is essential for any service's long-term viability and ultimate success (Mannakkara, 

Wilkinson and Potangaroa, 2018; Kanavos and Wouters, 2016; Massa, 2019; 

Guclu, 2018). Thus, it is essential to analyse users' behaviours towards the DGHS 

m-health service to determine its success and further development (Tavares et 

al., 2019). Many studies have shown that the quality of healthcare services, 

especially technology-mediated services like m-health, significantly influence 

users' behavioural outcomes (Slack, Singh and Sharma, 2020; Zakerabasali et 

al., 2021; Kuffo et al., 2018; Javaid et al., 2021). However, to the best of the 

knowledge of the researcher, there have been no studies investigating whether 

users' perceptions of service quality influence their usage behaviours of DGHS m-

health service (Tavares et al., 2019; Nisha et al., 2016; Deng et al., 2018; 

Almetere, Kelana and Mansor, 2020). Thus, this study incorporates usage 

behaviours into its conceptual model to assess how overall service quality 

influences users' DGHS m-health service usage behaviours to fill this current 

research gap. 

 

There has been little attention paid to the common phenomenon of information 

systems discontinuance, even though it has occurred frequently in the past 

(Soliman and Rinta, 2020; Tang and Chen, 2020). Individual users may choose to 

discontinue using previously adopted ISs, and this behaviour frequently entails 

motives that are generally ignored by the leading adoption or use theories for ISs 

(Tang and Chen, 2020). Additionally, industry reports demonstrate that high churn 

rates and low user retention are two of the biggest problems facing digital 
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businesses today (Constantinides and Holleschovsky, 2016). There is a very real 

existential threat to both large and less affluent firms because of such high quit 

rates (Dwivedi et al., 2019). Management decision-making is frequently 

challenging for organisational IS architecture management if outdated systems are 

used (Dwivedi et al., 2019; Hassan et al., 2021). Additionally, organisations 

discontinue using their ostensibly modern IS for a variety of reasons that might not 

be adequately addressed by theories of IS adoption or usage (Jebraeily et al., 

2019). Discontinuation of shadow systems that are not under the authority of a 

centralised IT division may be the norm rather than the exception (Taylor, 2016). 

The ability to comprehend what IS discontinuance means and how it manifests in 

different contexts is essential to the success of any organisation (Hassan et al., 

2021; Kalankesh et al., 2020). It is not a new phenomenon for academics to be 

interested in IS discontinuance (Koghut and AI-Tabbaa, 2021; Recker,2016). The 

phenomenon has, however, only lately attracted the attention of IS academics. It 

is nevertheless noteworthy that the number of studies on discontinuance continues 

to be incomparable to the number of studies related to adoption or continuance 

(Koghut and AI-Tabbaa, 2021; Recker, 2016). 

 

The government of Bangladesh introduced the m-health service to solve several 

healthcare difficulties, including restricted access to healthcare, healthcare 

professionals, and out-of-pocket healthcare costs (Ahmed et al., 2010; DGHS, 

2020). However, the DGHS m-health service will fail to address these issues if 

users do not use it regularly or discontinue it (Mukinda, Belle and Schneider, 2019; 

Manzano et al., 2023). Since researchers have shown that continuance and 

discontinuance intentions are dual-factor constructs rather than single-bipolar 

constructs, it is important to investigate whether the antecedent factors influence 
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both intentions from separate viewpoints (Buchwald et al., 2018; Huang, Chen and 

Liu, 2020; Recker, 2016; Soliman and Rinta, 2020). In addition, inhibiting factors 

are more likely to influence discontinued intentions than enabling factors to 

influence continued intentions (Koghut and AI-Tabbaa, 2021; Recker,2016). As a 

result, this study aims to assess users' continuous and discontinuous usage 

behaviours of the DGHS m-health service to compare the influence of the 

independent variables (e.g., overall service quality) on both user groups (Soliman 

and Rinta, 2020; Wilson et al., 2021; Harris, 2012). 

 

Moreover, while assessing the associations between service quality, satisfaction, 

and user behaviours majority of the research has focused on assessing users' 

behavioural intentions (Shcherba, 2020; Kumar, 2013; Manzano et al., 2023; 

Wu et al., 2022; Aggarwal,  Aeran and Rathee, 2019, Blut, 2016), while very few 

have assessed how perceptions of quality and satisfaction affect actual usage 

(Liao, Hu and Chou ,2022; Prameka, Do and Rofiq, 2016). The use of intentions 

is widespread in both commercial and academic research to represent consumer 

behaviours (Erkan and Evans, 2016; Shcherba, 2020). However, users' self-

reported intentions do not always accurately predict their subsequent behaviours, 

and these discrepancies do not diminish when intentions and behaviours are 

aggregated across users (Chandon, Morwitz and Reinartz, 2005; García, 

Sarmiento and Antonovica, 2022). Measures of behavioural intentions contain a 

valence component (i.e., intenders vs non-intenders and occasionally a neutral 

category) as well as an extremity component (i.e., slightly agree versus strongly 

agree) (Kumar, 2013). These indicators of behaviour intention hardly ever 

accurately predict all or even most of the variation in behaviour (Kumar, 2013). For 

instance, analyses of the theory of planned behaviour and the reasoned action 
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approach showed that intentions accounted for 18 to 23% of the variation in 

behaviours across a wide variety of activities including health behaviours (Michie, 

Van and West, 2011; Sullivan and Lachman, 2017; Prazeres and Santiago, 2016). 

Reviews indicated values for research concentrating on physical activities at the 

lower end of this range (Sullivan and Lachman, 2017; Prazeres and Santiago, 

2016). Almost all the correlational studies included in these reviews focused on 

behaviour intentions rather than goal intentions (Sullivan and Lachman, 2017). 

Moreover, less than ideal links were found in experimental research that 

manipulated intentions and monitored impacts on subsequent behaviours 

(Sheeran and Webb, 2016). For instance, research on a variety of behaviours 

showed that only small to medium sized changes in behaviours relate to medium 

to large changes in intentions (Sheeran and Webb, 2016). Studies that 

investigated physical activities revealed effects of a similar size (Sullivan and 

Lachman, 2017). It is noteworthy that the effect sizes indicated in reviews of these 

experimental research are significantly lower than those reported in reviews of 

correlational studies (Sullivan and Lachman, 2017; Sheeran and Webb, 2016). 

The distinction between intentions and behaviours observed in these studies is 

known as intention behaviour gap (Sheeran and Webb, 2016). Consequently, to 

avoid the intention behaviour gap, this study focuses on the influence of overall 

perceived DGHS m-health service quality on users' current usage behaviours 

rather than behavioural intentions (Liao, Hu and Chou, 2022; Prameka, Do and 

Rofiq, 2016).  

 

While assessing consumer behaviour, most research still focuses on independent, 

individual behaviours and cognitive processes (Joshi and Rahman, 2015; Zhao et 

al., 2021). On the other hand, consumption is not necessarily an individual 
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phenomenon; it may also contain social components such as group influences, 

social situations, and shared social cognition (Ottar and Grunert, 2010). For these 

reasons, shared social will and social action theories impact how researchers 

evaluate consumers' satisfaction levels and behaviour within social contexts (Ottar 

and Grunert, 2010). In addition, sometimes, the limited link between satisfaction 

and behavioural indicators like-continue and discontinue intentions, loyalty, 

consumption, or buying retention can be due to social aspects of consumption 

(Huang et al., 2019). Theoretically, these relationships should be strong (Oliver, 

2010). However, some research also reported that there is either little or no 

evidence of an association and in the worst circumstances, there is no association 

at all (Petnji, Marimon and Casadesus, 2014). Additional studies explored 

phenomenological and long-term customer satisfaction analysis and offered a 

more dynamic and context-dependent approach to understanding satisfaction and 

consumer behaviour (Becker and Jaakkola, 2020; Halim, 2022). The researchers 

recommend further research on the social impacts on users' satisfaction and 

behaviours (Becker and Jaakkola, 2020; Halim, 2022). 

 

In healthcare settings, social norms significantly impact people's decisions and 

actions (Stock and Vallentin, 2020). As a result, in recent years, researchers and 

practitioners working in developing nations have increased their efforts to use 

social norms to improve global health (Cislaghi and Heise, 2018; Sanagorski and 

Monaghan, 2014). The foundation of this field of study is that people's behaviours 

and attitudes are influenced, at least to some extent, by those of others with whom 

they interact daily (Yang, Maher and Conroy, 2015). Consequently, this research 

intends to ascertain if users' social norms impact their satisfaction with and usage 

of the DGHS m-health service. 
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Furthermore, there has arguably never been an era when it has been more crucial 

to comprehend how consumers interact with one another and the role that 

behavioural, motivational, and cognitive aspects play in these processes (Ottar 

and Grunert, 2010). To date, most researchers in various research settings 

incorporated social aspects into their research by adopting the social norms 

construct from the theory of planned behaviour (TPB) and the theory of reasoned 

action (TRA) (Hagger, 2019; Kordi, 2017). Moreover, in most cases, social norms 

have been operationalised as expectations or perceived social pressure from 

specific individuals or groups or relevant individuals in general (subjective or 

injunctive norms) (Fang, Wang and Hsu, 2017; Krettenauer and Lefebvre, 2021). 

Descriptive norms, which indicate people's reported behaviours of most people 

they contact in the same social area, remained largely overlooked by researchers, 

although essential for understanding specific behaviours, particularly from the 

standpoint of social psychology (Rudert and Janke, 2021). Thus, this study 

employed social norms as an integrated term in the conceptual framework to fill 

this knowledge gap. Generally, this phrase refers to a specific social object or 

group of objects (e.g., friends, family, or other reference groups). The concept 

includes most formal definitions of social norms, such as descriptive norms, 

subjective norms, and injunctive norms (Triwibowo, 2018; Rudert and Janke, 

2021). 

 

The research also included a second type of norm, personal norms, defined as the 

intrinsic moral compulsion to behave in a specific manner (Schwartz, 1977). 

Individuals' personal beliefs trigger personal norms about the intrinsic value of a 

specific behaviour and the attribution of their responsibility toward performing it 
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(Schwartz, 2012). Thus, personal norms form after internalising information that 

makes one aware of the consequences of an action and one's responsibility to 

perform certain behaviours (Steg, 2016). Personal norms can significantly affect 

behaviours, much as social norms (Niemiec et al., 2020; de Groot et al., 2021; 

Yang et al., 2020; Bamberg, Hunecke and Blöbaum, 2007; Ottar and Grunert, 

2010; Mehmetoglu, 2010). Some researchers even claimed that personal norms 

are stronger predictors of behaviours than other psychological variables (e.g., 

personal values) or social-demographic characteristics (Bai and Bai, 2020; Doran 

and Larsen, 2015). Despite having a vital role in behaviour prediction, relatively 

few research has considered this factor when assessing users' satisfaction and 

behaviours in comparison to social norms, while no research, to the best of the 

knowledge of the researcher, assessed the influence of personal norms on m-

health service satisfaction and usage behaviours (Baldwin et al., 2022; Sun and 

Sun, 2021). This study aims to fill this reach gap by assessing the impact of 

personal norms on satisfaction with DGHS m-health services and usage 

behaviours. 

 

1.8. Aim and objectives: 

The study's main aim is to evaluate the behaviours of DGHS m-health service 

users through the assessment of the influence of overall service quality, social and 

personal norms on satisfaction and usage behaviours. 

This study's specific objectives are to:  

• Evaluate users' perceptions of DGHS m-health service quality. 

• Operationalise m-health service quality by exploring the component parts. 
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• Evaluate the relationships between DGHS m-health service quality, 

personal norms, social norms, satisfaction, and usage behaviours. 

• Examine differences between continuous and discontinuous user groups. 

• Examine differences between urban and rural users. 

 

  

Thesis structure: 

The thesis comprises seven chapters. The first chapter introduces the study. It 

focuses on the study's background, context, rationale, aim, and objectives. 

Chapter 2 consists of a literature review of the context. Chapter 3 describes service 

quality, social norms, personal norms, and their underlying theories, Chapter 4 

highlights the conceptual framework and hypotheses development, and Chapter 5 

highlights the methodology. Chapter 6 represents the results and analysis; finally, 

chapter 7 represents the discussion and conclusions. 
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Chapter 2 

Literature review (Context) 

 

2.1. Chapter overview: 

The many health issues present are the greatest obstacle to sustainable growth in 

the developing world. The existing literature shows how m-health has the potential 

to improve healthcare in resource-limited settings; however, service quality and 

social norms are significant barriers to these services' usage. As a result, section 

2.2 of the current study investigates the nature and characteristics of services. The 

following two sections (Section 2.3) and (Section 2.4) describe the nature and 

characteristics of health and mobile health services, respectively. The chapter 

continues with discussions of mobile health services in developing countries 

(Section 2.5) and mobile hotline services (Section 2.6).  Finally, sections-2.7 and 

2.8 explore how m-health service quality and social norms influence these 

services' adoption and use. 

 

 

2.2. The nature and characteristics of services: 

 

2.2.1. Defining services: 

Services are essential to our daily lives (Della and Paulino, 2018). Services are 

intangible activities that meet certain requirements. This concept has been 

adopted by many scholars, who established their service definition based on 

intangibility (Della and Paulino, 2018). Service is a deed, effort, or performance, 

generally with nothing tangible to show after it is obtained (Barbu and Militaru, 
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2019). Researchers also characterised it as a benefit or activity as part of an 

exchange procedure based on no ownership and intangibility (Moeller, 2010). It is 

not an object but rather a set of activities or processes that, to some extent, are 

generated and utilised concurrently (Moeller, 2010). Additionally, researchers 

defined services as processes comprising activities when a customer interacts 

with people, goods, and other physical resources, a service provider's systems, 

infrastructure, and other customers to solve problems (Reinartz, Wiegand and 

Imschloss, 2019). 

 

Services are process-based economic activities that provide users with benefits 

related to problem-solving, time, form, place, or experiences (Samuelson, 2010). 

Similarly, many scholars described service as a time-sensitive, intangible 

experience provided to consumers who also serve as co-producers (Parida and 

Jovanovic, 2021). According to other researchers who echoed a similar concept, 

service is the simultaneous or near-simultaneous exchange of production and 

consumption, the transformation of customers' experiences and values from 

engaging with providers, and intangibility in that products are not traded (Agrawal 

and Rahman, 2015; Barbu and Militaru, 2019). Customers contribute significantly 

to the production process as co-producers (Chatterjee et al., 2021). Any 

essentially intangible activity or act that does not lead to ownership and that one 

party can offer to another party is referred to as a service (Samuelson, 2010). It is 

an economic activity that benefits consumers by bringing about the desired change 

in their status at a specific time and location (Samuelson, 2010). 

 

In today's services, value is prioritised over utility, and acts, processes, and 

performances involving specialist knowledge, skills, and competences are carried 
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out for the benefit of another entity or the receiving entity itself (Jonas, 2017). A 

service, to put it more precisely, is the utilisation of resources for the advantage of 

another person (Kamalaldin et al., 2020). According to Lin (2022), providing 

resources for other people to use is included in the definition of a service. 

Moreover, Hong, Yu and Wang (2020) defined services as interactions between 

providers and clients that create and capture value. 

 

Based on these definitions, researchers formerly emphasised intangibility when 

defining services, although modern scholars recognise that services are the 

application of resources under a process that benefits others (Della and Paulino, 

2018; Moeller, 2010; Kamalaldin et al., 2020). Overall, this research identifies 

central and unifying perceptions and defines service as offering benefits to others 

using resources such as better platforms, skills, or competencies (Hudson and 

Hudson, 2022). 

 

2.2.2. The nature of services: 

Absence of ownership, customer participation, perishability, variability, 

inseparability, and intangibility are fundamental characteristics of services 

(Krasovska, 2021; Mehreen and Roshan, 2021; Lim and Kim, 2018). Service 

literature has typically investigated these characteristics to determine their 

limitations and possibilities (Voorhees et al., 2017; Salmons and Denicolo, 2022). 

Thus, to expand knowledge, researchers have mainly concentrated on these 

characteristics in models and theories in the literature on services (Salmons and 

Denicolo, 2022). 
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The primary distinction between products and services is intangibility (Mehreen 

and Roshan, 2021). Since services are inherently intangible, customers can only 

evaluate their quality after consuming them. Furthermore, service providers are 

often dispersed in different places. Comparison of performance between service 

providers is difficult due to the lack of conveniently available reference points. 

Additionally, customers can not experiment with services before the exchange 

procedure, increasing their perceived risk regarding emotional and functional 

benefits (Mehreen and Roshan, 2021). 

 

The concurrent creation and use of a service are referred to as inseparability (Lim 

and Kim, 2018). It implies distinguishing services from service providers is difficult 

(Farquhar and Meidan, 2010). Also, users must participate in and contribute to the 

service's production by interacting with providers' systems, facilities, and 

equipment. Whether and how consumers participate in the service process affects 

the quality of the interaction and service performance (Voorhees et al., 2017). 

Users' perceptions of satisfaction and service quality are strongly influenced by 

the quality of their interactions with providers. Overall, the inseparability 

characteristic emphasises the value of service users and providers in increasing 

satisfaction, experience, and productivity by playing active roles (Lim and Kim, 

2018). Given the variability, maintaining consistency in service outcomes is difficult 

(Ieva, 2019). Many factors contribute to variation in service performance, including 

human engagement, concurrent production, and concurrent consumption. It is 

challenging to monitor service quality since users and providers involved in the 

service process come from various backgrounds (Ieva, 2019). Consequently, 

variations in performance quality, transaction speed, and attitudes impact service 

interactions and sometimes lead to service failures. The variability in service 
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perceptions and evaluations is also caused by differences in provider and 

customer orientations relating to behaviour, personality, and manner (Bruno, 

Dell'Aversana and Zunino, 2017). The variability of services makes it impossible 

to generate the same outcomes every time. Implementing standardised processes 

at all customer contact points is crucial to reduce variability. This may be 

accomplished by implementing rigorous control of all service quality components 

(Silver et al., 2016). 

 

The concept of perishability relates to the fact that services expire (Francioni, 

Savelli and Cioppi, 2018). Services are transient and are impossible to store 

(Francioni, Savelli and Cioppi, 2018). It also implies that services cannot be 

retrieved once acquired. Keeping service capacity is important for maintaining 

demand levels. In addition to maintaining demand, it is also essential to provide 

service at a particular time to meet customer needs (Hart et al., 2019). The quality 

of the customer input affects the quality of the service output since services are 

exchange activities (Kamalaldin et al., 2020). Customers should be well informed 

about the service process through communication channels to increase the quality 

of input (Hart et al., 2019). 

 

In healthcare, where consumer involvement is substantial, it is vital to encourage 

consumers to make quality input to improve outcomes (Kamalaldin et al., 2020). 

Furthermore, because the service exchange strategy does not provide customers 

ownership, customer experience is critical in evaluating service perception (Li and 

Shang, 2020). This perishability trait denotes the challenges in decreasing 

'customer dissonance' to maintain a long-term connection (Li and Shang, 2020). 

Overall, service evaluations are subjective and context-dependent, as evidenced 
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by these essential characteristics of services (Blut, Heirati and Schoefer, 2019; 

Silver et al., 2016; Voorhees et al., 2017; Moon, 2013). 

 

2.3. Nature and characteristics of health services: 

M-health services are still relatively nascent and pliable from patients' 

perspectives, so understanding patients' views of their nature and characteristics 

is crucial to developing m-health services (Blaschke, O'Callaghan and Schofield, 

2018). In light of the fact that m-health is essentially a form of healthcare, the 

following paragraphs compare the nature and characteristics of healthcare 

services to other forms of services before examining m-health's characteristics. 

 

The healthcare sector is one of the services economy's fastest-growing industries 

due to technological developments, emerging treatment, increasing consumerism, 

mounting competitive pressures, and the aging population (Kaur and Yelam, 2019; 

Krist et al., 2017). The impact of healthcare on people's lives and the economy is 

significant and wide-ranging (Dorodnykh, 2017). 

 

The service literature uses a variety of approaches to understanding the 

interactions, processes, contexts, and characteristics of health services 

(Govindarajan, Kaur and Yelam, 2019). Although service characteristics, such as 

variability, perishability, inseparability, and intangibility, garnered attention in 

determining the nature of health services, other factors, which can be equipment-

based or people-based, are just as important (Blut et al., 2014). Existing literature 

proposes a classification scheme for services that explains how they differ 

(Govindarajan, Kaur and Yelam, 2019). According to this classification scheme, 

healthcare is a high-contact service, with value-added through interactions and 
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reliant on experience (Teisberg, Wallace and O'Hara, 2020; Govindarajan, Kaur 

and Yelam, 2019). A high level of interaction is crucial for health services (Krist et 

al., 2017). Healthcare services need both knowledge and labour, resulting in 

substantial variation in performance from practitioner to practitioner (Teisberg, 

Wallace and O'Hara, 2020). Healthcare services' labour and skill requirements 

contribute to the wide variation in performance amongst doctors. Doctors' 

communication and service styles vary, as do their technical abilities (Enam, 

Dreyer and De-Boer, 2022). 

 

Moreover, health services have characteristics comparable with other services 

(Gao and Huang, 2021). For instance, health services are perishable as they must 

be provided timely to add value, inseparable because they are always people-

centred, and intangible because their main benefits depend on performance (Gao 

and Huang, 2021; Abror, Patrisia and Engriani, 2018). 

 

Some scholars refer to healthcare as a credence service due to the difficulty in 

evaluating its efficacy even after consumption (Chen, Qi and Wang, 2021). 

Overall, these characteristics show the significance of including patients' 

viewpoints when assessing the success of any health service (McAllister, 2016). 

Al-Jabri et al., (2021) asserted that the patient's perception of quality is 

fundamentally important, and that the healthcare system should pay particular 

attention to it. The viewpoints of patients are essential because they are major 

influences on the results that affect other stakeholders. Thus, assessing people's 

views on healthcare service quality and determining what motivates such 

judgments are essential (Al-Jabri, Turunen and Kvist, 2021). 
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2.4.1. Defining m-health service: 

Before delving more into m-health, it is critical to grasp other technologies used in 

health information technologies. The increasing number of terminologies and 

taxonomies has become very perplexing for specialists and individuals attempting 

to classify them (Bashur et al., 2011). These seek to clarify the relationship 

between telemedicine and other technology-mediated healthcare services such as 

m-health, e-health, and telehealth. Several studies, literature reviews, reports, and 

books that use these terminologies have been published since the 1990s 

(Ravindrane and Patel, 2021). Figure 2.1 presents the taxonomy of key ICT 

domains in health services.  

 

 

 

 

 

 

Figure 2.1. Key ICT domains in health 

service (Adapted from Bashshur et al., 2011). 

Since 1969, healthcare organisations have used telemedicine (Ravindrane and 

Patel, 2021). One of the most used definitions of telemedicine is the following: 

Telemedicine refers to the use of modern information technology, such as two-
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way interactive visual or audio telecommunications, telemetry, and computers, to 

deliver healthcare services to patients and facilitate information exchange between 

primary care doctors and specialists living distant (Haleem et al., 2021). Another 

broad definition is using telecommunications for diagnosis and patient care (Chen, 

2018). It involves using telecommunication technology to deliver medical care in 

remote areas (Chen, 2018). Telemedicine includes conventional telephone 

services and a wide-bandwidth, high-speed digital signal transmission in 

combination with satellites, fibre optics, computers, and other cutting-edge 

peripheral software and equipment (Haleem et al., 2021). It facilitates the 

exchange of medical diagnosis and therapeutic information between doctors and 

patients living in separate places (Schönfelder et al., 2011). The most basic 

telemedicine service is a text message or phone call between a patient and a 

doctor (Porter, 2018). This is an excellent example of telemedicine taken literally: 

tele means far, and medicine means to cure or treat (Porter, 2018). Kassar, Roe 

and Desimone (2017) presented empirical evidence of telemedicine interventions 

for diabetes, providing an example of telemedicine's effectiveness in chronic 

diseases and clinical specialisms.  

There are several distinct between telemedicine and mobile health (Bernhardt and 

King, 2022). In telemedicine services, patients and clinicians are connected 

through ICT-supported telecommunications for diagnosing and treating illnesses. 

The purpose of m-health services is to offer healthcare via mobile networks and 

communications technology while improving the efficiency of health organisations' 

internal operations (Abaza and Marschollek, 2017). Unlike m-health, which offers 

healthcare services anytime, anyplace through the mobile platform using cellular 

networks, such as mobile phones, telemedicine typically delivers healthcare 

services from specific places and at a scheduled time. M-health utilises a mobile 
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device's video, image, data, text, or voice features to facilitate consultation and 

communication between medical professionals and patients (Haveland and Islam, 

2022). Telemedicine necessitates patients travel to a specific location where they 

are linked to medical doctors through voice and video (Gu et al., 2021). As a result, 

m-health differs from telemedicine in the following ways: 1. m-health provides 

services through mobile phones at any time and any place where telemedicine 

requires the patient to be present at a specified place and time (Crico et al., 2018); 

2. m-health gives medical information and services to patients solely through 

mobile phones (Madanian et al., 2019), and 3. it transmits information to patients 

via interpersonal interactions, like- short messaging services (SMS) and voice 

messages through mobile phones (Anstey Watkins et al., 2018). 

The introduction of telehealth in 1978 meant an expansion of telemedicine to 

include industrial health, environmental health, health education, and public health 

(Van, 2014). However, telehealth can be considered a distinct domain in terms of 

taxonomy. In general, telehealth refers to the remote monitoring of patient 

physiological data for diagnosis and disease management by health professionals 

(Bhaskar et al., 2020). There is also the term telecare (Madanian et al., 2019). It 

is broadly defined as enabling people to live independently using various sensors 

and alarms. This creates the misconception of m-health as another telehealth 

application that uses wireless technology for remote monitoring by mobile phone 

(Sime, 2016). 

E-health's origins are still being debated; however, it is thought to have occurred 

between 1999-2000, with the rise of the dot-com bubble (Trad and Kalpić, 2016). 

In their study, Pagliari et al., (2005) identified 51 definitions of e-health from 

previous research. There is no doubt that more of these definitions have been 
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created (Istepanian and Woodward, 2016). The WHO defines e-health as the cost-

effective and secure application of ICT to support health and health-related 

activities, such as health research, knowledge, education, health literature, health 

surveillance, and healthcare services (WHO, 2011). The use of communication 

networks, electronic processing, and technology for various healthcare services is 

the main area of convergence for e-health (Bashshur et al., 2011). E-health 

includes physician order entry, health information, electronic health records, and 

clinical support systems (Weiner, 2018). Some global institutions categorised m-

health as an offshoot of e-health incorporating wireless technology (Umali, McCool 

and Whittaker, 2016; Istepanian and Woodward, 2016). Other researchers, 

however, pointed out that m-health is a distinct development (Rowland et 

al., 2020; Evans, 2022; Rodis et al., 2016). In their view, mobile platforms are the 

newest mass media because of their timeliness, personalisation, convenience, 

instant connectivity, and ubiquity which can empower patients and improve service 

delivery in the healthcare sector (Rowland et al., 2020; Evans, 2022; Rodis et 

al., 2016). Moreover, some referred to it as a paradigm for providing right-time 

health services to anyone, regardless of location, time, or other restrictions 

(Silva et al., 2015). According to Earth Institute (2010), m-health is a new 

healthcare paradigm that reshapes health systems by fostering consumer-centred 

healthcare and wellbeing, delivering timely and readily available information, 

cutting costs, and boosting accessibility. 

 

The concept of mobile health originated in the pioneering and seminal study 

conducted by Istepanian, Jovanov and Zhang (2004). Since then, various scientific 

and literary publications have recognised this widespread research 



43 
 

 

(Katarahweire et al., 2021). Several ad hoc definitions of mobile health emerged 

after this study significantly changed the original concept. For instance, it was 

characterised as using mobile communications, such as mobile phones and 

personal digital assistants (PDAs), for health information and services (Brinkel et 

al., 2014). M-health has been generally acknowledged as the use of portable 

devices with the capacity to generate, save, retrieve, and transfer data in real time 

between end users to enhance patient safety and care quality (Steinhubl, Muse 

and Topol, 2015). These definitions of m-health have mostly focused on wireless 

communication to offer healthcare solutions. Kahn, Yang and Kahn (2010) defined 

m-health as the use of portable electronic devices for mobile data and voice 

communication over cellular or other wireless networks of base stations to provide 

health information, highlighting the significance of wireless communication devices 

in supporting clinical practice and public health. M-health, as defined by WHO 

(2011), is the practice of public and medical health that is aided by mobile 

technology, such as PDAs, patient monitoring devices, mobile phones, and other 

wireless devices. Researchers further expanded the definition of m-health by 

focusing on any wireless technologies, such as WiMAX, wi-fi, GPRS, GSM, and 

Bluetooth, to transmit various health-related data contents and services through 

mobile devices, such as tablet PCs, laptops, PDAs, and mobile phones 

(Karathanasis and Nikita, 2017). However, this definition has focused only on 

health workers as the only users of mobile health services. Some well-known m-

health services around the world include both patients and health workers as 

users, such as mobile telemedicine or mobile hotline services in Bangladesh 

(DGHS), Pakistan (Teledoctor), and Mexico (MedicallHome) (Backes et al., 2021). 

While focusing solely on mobile hotline services, this study defines m-health as an 

interactive, personalised health service that aims to provide everyone access to 
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medical advice and information through mobile phones anytime from anywhere 

(McCool et al., 2022; Kruahong Lachman, 2021). 

 

2.4.2. Unique characteristics of mobile health services: 

Many problems in healthcare can be solved with mobile health (Sezgin, 2021). 

Health organisations increasingly use mobile devices to provide instant care to 

patients anywhere and anytime due to their unique characteristics (Haleem et 

al., 2021). 

The unique features of mobile phones, such as interactivity, timeliness, 

personalisation, and context awareness, make them superior to traditional wired 

platforms (Kessel et al., 2016). Such characteristics are appropriate for dialog-

focused and customised communication. Customers benefit from these features 

of m-services in various ways, giving them a competitive edge (Gunter, 2019). The 

key categories of m-health services are highlighted in the subsections below: 

2.4.2.1. Accessibility: 

First, a mobile service offers pervasive, universal, and unison accessibility. These 

characteristics enable a mobile phone to offer services anytime and anywhere. 

Users can access m-health services using their personal mobile devices almost 

anywhere. Such technology advancements enable a wireless platform to offer 

ubiquitous service value (Latif et al., 2017). 

2.4.2.2. Personalised Solutions: 

Since mobile phones carry user identities, they can provide personalised solutions. 

Personalisation adds individualised value to the information by customising it for 
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the receiver. Mobile phone service providers utilise this attribute to tailor their 

offerings to a person's unique needs based on location, unique personality traits, 

and context (McMullen, 2020). 

2.4.2.3. Immediacy: 

A mobile service provides timely information, sometimes referred to as immediacy. 

Utilising the consumer's location to send meaningful, tailored, and timely 

information is one of the distinctive properties of mobile technology (Gunter, 2019). 

2.4.2.4. Location-based information: 

The mobile phone provides location-based services based on the cell of origin 

technology (COO) and GPS to give context-specific information. Due to their ability 

to provide customised solutions, these location-based services are regarded as 

exceptional mobile service applications (Dardari, 2017). 

2.4.2.5. Interactivity: 

Mobile phone interactive services are essential for co-creating value through more 

sustained and extensive engagement. Mobile devices are highly interactive media 

that enable instantaneous response from the message's recipient. Interactive 

media offer a two-way communication method that enables the audience to 

engage in the dialogue actively. Due to their interactive and rapid communication 

features, mobile phones have supplanted other media (Wong et al., 2020). 

2.4.2.6. Mobility: 

Mobility is the state of being geographically independent and engaging in 

interaction-based communication. Existing literature emphasises the mobile 

phone's function in supporting three forms of mobility: contextual, temporal, and 
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spatial (Demissie et al., 2019; Wilmer et al., 2017). First, the mobile phone 

supports geographic mobility within spatial mobility. In this concept, health 

information systems based on mobile phones give patients and doctors medical 

information regardless of their physical location (Kabachnik, 2012). The concept 

of temporal mobility highlights the temporal order of the workplace, which reflects 

both the time and pace of work (Schewel, 2019). For instance, in the context of 

healthcare, both patients and doctors experience such mobility to a larger extent, 

necessitating the use of mobile devices by both groups to engage in the diagnosis, 

treatment, and manage medical emergencies. A mobile device with this type of 

mobility can access medical services and information anywhere, anytime, to 

address critical healthcare needs (Schewel, 2019). Contextual mobility refers to 

the context of human activity and is based on the notion that the components of a 

given context impact how an action is performed (Wilmer et al., 2017). A mobile 

phone can satisfy the demands of contextual mobility by continuously altering 

interactions (Kessel et al., 2016). For instance, a patient in a distant village can 

get mobile phone-based health hotline services regardless of location, time, and 

distance (Kessel et al., 2016). 

The accessibility, personalised solutions, location-based information, interactivity, 

immediacy, and mobility of m-health services have revolutionised many aspects 

of our life (Docherty, 2018). M-health services gained increased attention because 

of the widespread use of mobile phones and associated devices, especially in an 

era where time is valuable, and convenience carries significant weight (Jahan et 

al., 2020; Arslan, 2016). Healthcare providers and policymakers in developing 

countries are embracing m-health as a new instrument to solve health challenges 

by bringing the disconnected together due to the fast-growing use of m-health 

services and their implications (Klaver, Van and Askari, 2020). In some of the most 
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resource-constrained and remote areas around the world, m-health programmes 

showed that mobile communications dramatically influenced healthcare services 

(Changizi and Kaveh, 2017). Furthermore, m-health services offer new patterns of 

care by making resources accessible to users and professionals through a reliable, 

efficient, secure, and widely dispersed infrastructure, in addition to timely 

evaluation and management of patient care through preventive initiatives 

(Bagenal, 2022). Since mobile phone networks and low-cost smartphones have 

been widely available for a long time, a significant portion of the global population 

now communicates over mobile platforms. This ubiquity of mobile phones is a 

major contributor to the promise of health-related mobile technologies (Arslan, 

2016). Mobile phones are becoming better, faster, and less expensive because of 

advances in technology (Jahan et al., 2020; Docherty, 2018). Research confirmed 

the use of mobile phone technologies for delivering healthcare services and 

enhancing health as it becomes more advanced and affordable (Cathy, 2022; 

Rahmani, Mak and Carney, 2022). The scalability, convenience, cost-

effectiveness, and broad reach of m-health make it stand out as a dynamic 

platform for health services (Wilson, 2018). 

2.5. M-health services in developing countries: 

Healthcare systems in developing nations have ongoing challenges in providing 

the public with better and more affordable treatment (Pablos,2016). Ineffective 

preventative and therapeutic measures cause unnecessary suffering and eventual 

deaths of millions of individuals. For example, more than 6 million people die yearly 

from HIV-related causes, and more than 5 million children under five die from 

diarrhoea (Feldman, 2018). Many factors contribute to these avoidable deaths, 
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including poverty, remoteness, limited access, and lack of awareness and 

knowledge (Pablos, 2016). 

M-health can solve most of these healthcare issues in developing nations 

(Samnani et al., 2017). The advancement of 3G, 4G, and 5G mobile 

communications standards and cloud-based m-health systems has made it 

possible to obtain clinical data on a patient's health at any time and location 

(Timotijevic et al., 2020). Additionally, doctors can remotely make decisions about 

the clinical care of distant patients. Thus, mobile phones have become readily 

available and affordable, making m-health an excellent tool for reaching 

underprivileged populations in developing countries (Samnani et al., 2017). 

The m-health services in developing countries include- services for awareness and 

education, diagnostic and treatment support, data collection and disease 

surveillance service, crowdsourcing for health, training of healthcare workers, 

remote monitoring, monitoring of endemic, epidemic, and pandemic outbreaks, 

and mobile health applications (Jembai et al., 2022; Pai and Alathur, 2019; 

Perrotta, Tizzoni and Paolotti, 2017; Huda et al., 2021; Chandrashekar, 2018). 

The following subsubsections provide a detailed analysis of mobile health services 

in developing nations: 

2.5.1. Awareness and education: 

Awareness and education programmes can help raise healthcare awareness 

among the public (Jembai et al., 2022). Mobile health education is an efficient and 

cost-effective method for spreading knowledge about treatments, drug 

interactions, interventions, management of diseases, and medical testing 

(Rosewell et al., 2021; Wang et al., 2017). Text messaging is the most economical 
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and accessible approach to delivering health-related awareness and education, 

which is also very popular in developing countries. This m-health application has 

shown to be quite effective for rural regions and difficult-to-reach target 

populations, such as Tuberous sclerosis (TB) or HIV patients (Mackert et al., 2011; 

Feroz, Kadir and Saleem, 2018). For instance, Uganda implemented a "text-to-

change" campaign to promote HIV and AIDS testing (Ivatury, Moore and Bloch, 

2009). The AIDS information centre (AIC) and a local mobile phone operator 

worked to educate the public on AIDS through bulk text messaging services 

(Ivatury, Moore and Bloch, 2009). In addition, healthcare providers often use 

mobile phones to communicate with patients about maternal health (Feroz, Kadir 

and Saleem, 2018).   

During COVID-19, there was a noticeable growth in the usage of m-health for 

distributing important information and generating Awareness (Seitz, 2021; 

Jembai et al., 2022). For instance, the Ministry of Health and Social Protection of 

Tajikistan launched a text-messaging campaign in May 2020 to encourage 

adherence to risk reduction measures. Over 5.5 million mobile phone users 

received a series of informational messages, reaching at least one person in 90% 

of households (Seitz, 2021). Launching this campaign was an affordable way to 

raise awareness among a geographically distributed and large population. The 

programme increased self-reported risk-reducing behaviours, including workplace 

safety adjustments, safer greetings (e.g., no handshakes), reduced travel, fewer 

visits to family and friends, and masks (Seitz, 2021). However, there have been 

occasions where the public received text messages with inaccurate information. 

For instance, during COVID-19, the public received several fraudulent text 

messages warning them to receive the COVID-19 vaccination (Loomba et 

al., 2021). 
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2.5.2. Diagnostic and treatment support: 

Healthcare professionals use mobile phones as a point of care platform in 

diagnostic and treatment support services to save patients' expenditures and 

travel time (Osei, Kuupiel and Mashamba, 2020). Health professionals or health 

information databases can provide remote healthcare workers and patients with 

the right time diagnosis and treatment advice (Hamine et al., 2015). Prominent m-

health services in this category include- text messaging services to remind patients 

to take medicines and attend appointments, chronic disease management 

services, infectious disease medication adherence, and telemedicine or m-health 

hotline services (Hamine et al., 2015; Osei, Kuupiel and Mashamba, 2020). 

One of the most popular m-health services in developing countries is the m-health 

hotline service, which gives patients access to a health service for consultation 

and assistance at any time via mobile phones (Pai and Alathur, 2019).According 

to Ivatury, Moore and Bloch (2009), health hotlines are medical call centres that 

answer calls from patients and offer advice, information, and even medications 

concerning their health. These services enable callers to connect with health 

specialists, such as physicians, paramedics, or nurses, who analyse medical 

conditions and provide information and advice following standard protocols. 

Medicallhome in Mexico, Teledoctor in Pakistan, HMRI in India, and Healthline in 

Bangladesh are a few instances of health hotline services in developing nations 

(Iyamu, 2022). The availability of these services to underprivileged populations 

has caused a revolution in healthcare in developing nations (Baker and Harvey, 

2018). 

The use of alternative healthcare delivery techniques, such as health hotline 

services, increased worldwide during COVID-19 (Alhraiwil et al., 2022; 
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Monaghesh and Hajizadeh, 2020). The Saudi Ministry of Health (MoH) began 

providing general COVID-19 medical consultations, education, and COVID-19 

inquiries through its 937 Call Centre in 2020. The number of calls received by the 

937-Call Centre increased by 296% in 2020 compared to the same period in 2019 

(Alhraiwil et al., 2022). Inquiries about general medicine made up 98.41% of calls 

in 2020, but there were also over three million inquiries about COVID-19. To 

handle the higher volume of calls, 236 volunteers managed approximately 20% of 

the calls per month. Most volunteers were doctors, but there were also 

psychologists, pharmacists, and other healthcare professionals, such as 

nutritionists. During the COVID-19 pandemic, patients started using the 937-Call 

Centre more regularly, showing its success in combating the pandemic 

(Alhraiwil et al., 2022). 

2.5.3. Data collection and disease surveillance service: 

Another widely used m-health service in developing nations is m-health services 

for data collection and disease surveillance, as data collection through m-health 

programmes has shown to be quite helpful, especially for those who live in rural 

regions and rarely travel to medical facilities (Peprah et al., 2020; Ratchakit et 

al., 2019; Muller and Berg, 2020; McIntush, 2022). Research on mobile 

technologies supports the superior advantages of mobile devices (e.g., handheld 

computers, PDAs, and mobile phones) for data collection over conventional 

methods in terms of the flexibility of modification, receipt of data, less interviewer 

bias, improved data quality, cost, human resources, reduction in time, 

authentication, and accuracy (McIntush, 2022; Stoller, 2015). Despite the benefits 

of mobile data collection, there are differences in the system flexibility, efficiency, 

and reliability concerning context and application complexity (Nowell et al., 2017). 
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Research has also confirmed the use of mobile technologies for disease 

surveillance services. Some examples of data collection and disease surveillance 

using m-health services in developing countries are- monitoring of mortality rate in 

over 20,000 Tanzanian families (Shirima et al., 2007), keeping track of maternal 

and child health in India (Motamarri et al., 2014) and tracking acute respiratory 

diseases in Kenya (Diero et al., 2006). These m-health services allow the 

integration of diagnostic, therapeutic, and surveillance data (McIntush, 2022; 

Stoller, 2015).  

The existence of several health information systems in one setting causes data 

interoperability, which is an obstacle to remote data collection and administration 

(El-Rashidy et al., 2021).To solve this problem in resource-constrained contexts, 

experts advise moving towards an open and interoperable environment with 

established data standards. Aside from interoperability, additional difficulties in this 

setting include malfunctioning networks, inadequate information systems, and 

data security and privacy (Ndlovu, Scott, and Mars, 2021). 

2.5.4. Training of healthcare workers: 

Health workers must be knowledgeable about health issues and treatments to 

provide healthcare services effectively (Mohanty, Kabi and Mohanty, 2019). 

Mobile phones significantly contribute to advancing healthcare practitioners' 

knowledge in developing nations (Andreatta et al., 2011; Latif et 

al., 2017; Amboko et al., 2020). For example, Healthcare workers with limited 

literacy in Pakistan received information through the HealthLine project (Latif et 

al., 2017). Healthcare workers can use voice recognition software to access a 

variety of health-related topics by calling the helpline. In addition, resident doctors 
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in Botswana receive training through a mobile phone-based mLearning 

programme (Latif et al., 2017).  

Furthermore, community health workers are an integral part of the primary 

healthcare system since they link developing countries' communities and 

healthcare facilities (Schneider and Lehmann, 2016). The services provided by 

these workers have contributed to lowering maternal and infant mortality rates and 

the burden of infectious and non-communicable diseases in developing countries 

(Lauters and Odom, 2018; Choudhury and Choudhury, 2022). Mobile phone 

usage by community healthcare workers has many advantages, including 

lessening the workload, improving data collection, reporting, and monitoring, 

delivering high-quality healthcare services, encouraging supervision, organising 

tasks better, and enhancing community health outcomes (Feroz, Jabeen and 

Saleem, 2020). Community healthcare workers in rural Ghana received training to 

gather information on postpartum haemorrhage using mobile phones. They 

recorded 3.1% cases of postpartum haemorrhage throughout the 90 days, which 

shows improvement in their performance level (Andreatta et al., 2011). Kenyan 

rural health facilities implemented a programme for malaria treatment adherence, 

in which healthcare workers received two text messages every day, except 

weekends, for six months regarding outpatient management of malaria. As a result 

of the programme, healthcare workers improved patients' adherence to treatment 

short-term and long-term (Amboko et al., 2020).   

 2.5.5. Remote Monitoring: 

Remote Monitoring uses sensors installed on home mobile devices, such as 

mobile phones, PDAs, and laptop computers, to collect data and enable two-way 

communication between healthcare providers and patients (Ajay and 
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Prabhakaran, 2011). Remote Monitoring helps manage and treat diseases (Ajay 

and Prabhakaran, 2011). Mobile phone-based remote patient monitoring has 

enhanced medical care and lessened the scarcity of specialised doctors in 

developing nations (Gonçalves et al., 2018; Galle et al., 2020; Broomhead and 

Mars, 2012). All the popular smartphone operating systems -including Windows 

Phone, Blackberry, webOS, Symbian, Android, and iOs enable access to control 

interfaces like dialogue boxes, menus, calendar pickers, and the phone's built-in 

sensors in addition to other native applications like email, call duration, call logs, 

calendar, and contact list (Moses et al., 2021). Thus, developers can easily create 

sophisticated applications for monitoring patient health (Moses et al., 2021). For 

example, it is possible to use the built-in sensors on smartphones to monitor 

individuals with chronic diseases like hypertonia, diabetes, and heart problems by 

taking various health-related vital signs such as electrocardiography (ECG), blood 

pressure reading, sugar level, obesity, and diabetes, which can then be 

transmitted to a central server via mobile wireless networks for further processing 

(Tun, Madanian and Parry, 2020). The telecommunication company Vodafone and 

medical equipment company Maestros Mediline Systems introduced a mobile 

phone-based electrocardiograph (ECG) application at Nanavati Hospital of 

Mumbai (Latif et al., 2017). This system allows doctors to remotely access patients' 

heart reports and ECGs (Latif et al., 2017). 

In developing nations with limited hospital access and healthcare resources, 

remote Monitoring provides patients with additional treatment choices and 

considerably enhances survival rates (Quinley et al., 2011; Champin et al., 2021). 

For instance, in Uganda and Egypt, patients send photographs of their skin to 

dermatologists for diagnosis using their mobile cameras (Marin et al., 2020). In 

Botswana, specialised gynaecologists identify cervical cancer in women 
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suspected of having it based on pictures sent to them using mobile phones 

(Champin et al., 2021). These services shorten referral delays and travel times 

while maintaining satisfactory levels of accuracy (Quinley et al., 2011). 

Remote Monitoring with m-health also allows for remote interventions, which can 

result in improved health outcomes such as higher medication adherence 

(Nglazi et al., 2013; Chiang et al., 2018). The SIMpill system, for instance, was 

created in South Africa to ensure drug compliance (Nglazi et al., 2013). A SIMpill 

consists of an integrated SIM card with a transmitter in a pill bottle. The designated 

doctor receives a message when the patient opens the pill bottle. A reminder to 

take the patient's medications is sent if the patient does not open the pill bottle as 

expected. Similarly, the doctor will schedule an appointment if the patient does not 

take his prescriptions as directed. Around 90% of patients in South Africa who 

used SIMpill adhered to their medicine, compared to 22% to 60% of individuals 

who did not use this system (Nglazi et al., 2013). 

2.5.6. Crowdsourcing for health: 

Crowdsourcing entails the participation of many people (e.g., providing or 

gathering data) to solve large and complex problems (Omachonu and Einspruch, 

2007). Crowdsourcing is often used in the healthcare sector to get diagnoses, 

data, or other information from a group of volunteers or experts (Latif et al., 2017). 

Researchers, staff members, donors, specialists, and common individuals 

worldwide can provide these offerings to solve complicated, novel, and enduring 

issues in the healthcare sector (Perrotta, Tizzoni and Paolotti, 2017). Through the 

emergence of mobile devices, several crowdsourcing initiatives have been 

possible, including InfluenzaNet, and Health Map, which have gathered health 
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data from around the world to uncover disease trends (Freifeld et al., 2010; 

Perrotta, Tizzoni and Paolotti, 2017).  

Many efforts employ crowdsourcing to educate the public and connect patients 

with medical specialists (Lee, Arida and Donovan, 2017; Wazny, 2018). The 

National Cancer Institute of the United States used a crowdsourcing approach to 

identify nanomaterials and techniques transforming clinical oncology and cancer 

research (Lee, Arida and Donovan, 2017). They invited individuals to submit their 

ideas to enhance the effectiveness of cancer treatment in terms of metastasis, 

drug delivery, and nano informatics. The Organization for Cancer Nanotechnology 

Research sponsored a strategic workshop on cancer nanotechnology where they 

presented all selected ideas from crowdsourcing (Lee, Arida and Donovan, 2017). 

2.5.7. Monitoring of endemic, epidemic, and pandemic outbreaks: 

 M-health delivers rapid, cost-effective, easy solutions for endemic, epidemic, and 

pandemic tracing and tracking (Asadzadeh and Kalankesh, 2021; Thomas et 

al., 2018). Polio is still endemic in Pakistan and Afghanistan due to inadequate 

vaccination (Rana et al., 2022). Some m-health initiatives contributed to 

eradicating polio in these nations (Rana et al., 2022). For example, Mobilink, one 

of Pakistan's top telecom service providers, developed a text message-based 

system so parents can report locations where immunisation teams did not reach 

(Butt et al., 2020). When parents reported missing areas for polio immunisation 

through text messages, vaccination teams immediately reached the missed 

regions. This m-health programme helped vaccinate 8 million previously excluded 

children (Butt et al., 2020). 
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Early warning systems based on mobile phones are already in use in India, Peru, 

and Rwanda for epidemic and disease outbreaks, assisting healthcare workers in 

controlling the spread of infectious diseases (Meckawy et al., 2022). A mobile 

health program by UNICEF called RapidSMS effectively tracked malnutrition rates, 

eliminating months of delays usually encountered in paper-based surveys 

(Chanani et al., 2015). After the SARS1 crisis in 2003, Cambodia and the WHO 

jointly launched the text message-based service CAM e-Warn for disease 

surveillance (Ryu, 2012). This project was implemented in 2008 and effectively 

detected various outbreaks -diarrhoea, influenza, and dengue fever (Cropet et 

al., 2021).  

The global COVID-19 pandemic devastated many countries and overwhelmed 

healthcare systems worldwide (Zuo and Zhao, 2021). Public health officials in 

various nations introduced contact tracing applications to track and trace infected 

individuals and prevent the virus from spreading (Shahroz et al., 2021). For 

instance, the government of Bangladesh introduced the "Corona Tracer BD" 

contact-tracing mobile app in June 2020 (Huda et al., 2021). Corona Tracer BD 

uses Bluetooth signals to determine whether the app user is near infected people. 

Similarly, Ghana implemented the GH COVID-19 Tracker by crowdsourcing data 

to assist health authorities in identifying high-risk patients by providing information 

on their locations (Woyo and Ukpabi, 2022). These applications also allow users 

to register their diagnosis when testing positive for COVID-19. As a result, other 

users who have come in close contact with the infected person get notifications to 

isolate at home for 14 days or until they test positive by the public health authority. 

The main benefit of these applications is that they instantly notify contacts, which 

is essential for efficient COVID-19 case isolation and contact tracing (Huda et 

al., 2021). 
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2.5.8. Mobile health applications (apps): 

Mobile health services also include mobile health applications (Mahmood et 

al., 2019). A mobile application (mobile app) is a software application designed to 

run on a mobile device, such as a smartphone or tablet computer (Kessel et 

al., 2016). There are millions of mobile apps accessible for a variety of functions 

(Kessel et al., 2016). One of the most often used apps among them is healthcare 

apps (Mahmood et al., 2019). People in developing countries are now using many 

healthcare apps for disease prevention and obtaining a healthy life (Bassi et 

al., 2018). Healthcare and fitness apps have grown significantly since the 

coronavirus outbreak (Boutet and Sun, 2022; Mahmood et al., 2019). For instance, 

downloads of fitness and wellness apps spiked in India in 2020, especially during 

a national lockdown (Boutet and Sun, 2022). Many other patient healthcare apps 

are widely available in developing nations enabling users to track, assess, and act 

on health issues (Reddy et al., 2022; Tabi et al., 2019; Shah et al., 2021). These 

include apps for tracking chronic diseases, remote patient monitoring, physical 

activity, mental health, maintaining a healthy lifestyle, and reminding users to take 

their medications (Keynejad, Spagnolo and Thornicroft, 2021; Shah et al., 2021; 

Rattanamahattana and Rungsa, 2019; Bassi et al., 2018). 

Physicians and patients can communicate remotely through remote patient 

monitoring (RPM) applications (Shah et al., 2021). Patients use these apps to 

search for doctors in their region, see whether they are available, and set 

appointments (Shah et al., 2021). Among other developing countries, the 

government of India developed several mobile applications, including ZocDoc, a 

free smartphone application that enables patients to search for doctors, filter by 
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area, specialty, and insurance acceptance, read verified patient reviews, and 

immediately make an appointment online (Reddy et al., 2022). 

Mobile health apps are assets for monitoring chronic diseases (Mano, 2021). 

Individuals can use these apps with wearables and monitoring equipment to 

measure vital signs regularly (Mano, 2021). Users can share data from apps with 

healthcare professionals to help them better understand how changes in 

healthcare vitals affect drugs, doses, and frequency of use (Tabi et al., 2019). 

Diabetes is a chronic disease widespread in developing nations (Lin et al., 2020). 

Several apps are available to help manage the disease (Mahmood et al., 2019). 

One example is the Glucose Buddy app, which is used by many users in 

developing countries (Rattanamahattana and Rungsa, 2019). Apple. Users of the 

app can manually enter their blood glucose levels and comments about their food 

consumption. Users can also input daily activities, insulin doses, and carbohydrate 

intake (Rattanamahattana and Rungsa, 2019). Apple Health Data can be 

automatically integrated into the app if enabled. Users can monitor their blood 

glucose levels throughout a predetermined time frame using the graph tool of the 

app. Reports are available for download and sharing. The app also enables the 

uploading of food images and the subsequent tracking of blood sugar levels. To 

assist the user in selecting better foods, it scores each meal according to how it 

affects blood glucose (Rattanamahattana and Rungsa, 2019).   

Moreover, fitness apps help users maintain fitness by allowing them to engage in 

indoor cycling, boxing, yoga, and other activities (Boutet and Sun, 2022). These 

apps enable exercise anytime and anywhere (Boutet and Sun, 2022). For 

instance, HealthifyMe, an Indian digital health and wellness company, provides an 

app for smartphones running on both Android and iOS (Bassi et al., 2018). The 
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app offers personalised diet and exercise plans and nutrition and fitness coaching. 

Premium customers get access to yoga teachers and nutritionists. HealthifyMe 

can also sync with activity trackers, combining these services with wearable 

devices (Bassi et al., 2018). There are also a variety of lifestyle maintenance apps, 

such as Calm and BetterMe, that users can use to monitor their calorie 

consumption, water intake, sleep patterns, and the number of steps taken 

(Herrmann and Blackstone, 2020). These apps can be used with wearables and 

other tracking tools to assist patients in achieving their health objectives 

(Herrmann and Blackstone, 2020).  

Using mental health apps, resources, and activities can help users better manage 

their mental health (Chandrashekar, 2018). Several mental health apps are 

available to manage anxiety, addiction, eating disorders, stress, and suicidal 

thoughts (Chandrashekar, 2018; Punukollu and Marques, 2019). These apps 

showed significant outcomes due to their user-friendliness, treatment plans, and 

ability to identify symptoms earlier (Punukollu and Marques, 2019). One such app, 

the mental health Global Action Programme Intervention Guide app (mhGAP), was 

created by the World Health Organisation (Keynejad, Spagnolo and Thornicroft, 

2021). The app's numerous features help individuals with mental, neurological, 

and substance use disorders. This interactive app provides a variety of treatment 

choices tailored to patients' illnesses, including depression, psychosis, suicidal 

ideation, and more. The app also supports cognitive-behavioural therapy (CBT), a 

form of problem-solving treatment that aims to change patients' distorted thinking 

to further change their behaviour through self-direction and evaluation (Keynejad, 

Spagnolo and Thornicroft, 2021). 
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2.6. Mobile phone hotline services (The current study context): 

The current investigation concentrates on a particular m-health service, mobile 

telemedicine services, or hotlines in developing nations. This mobile health service 

has been the most extensively employed m-health programme in these nations to 

facilitate diagnosis and treatment (WHO, 2011). This service is characterised as 

an interactive and personalised health service delivered via mobile phone, 

providing ubiquitous and universal access to medical information services (Ivatury, 

Moore and Bloch, 2009).  

The key characteristics of m-health hotline services are as follows: 1. offering 

services whenever and wherever users need them without needing them to be 

present at a certain place and certain time; 2. the majority of the services are 

inbound, with a limited number of outbound calls and SMS sent to ensure follow-

up or reminders; 3. providing users with information through interpersonal 

communication and SMS via mobile phones; and 4. delivering information and 

medical care to individual patients solely via mobile phones (Akter, D’Ambra and 

Ray 2013; Ivatury, Moore and Bloch, 2009; Zhang et al., 2017). Hence, there is a 

distinction between m-health hotlines and other telehealth services because users 

are not required to visit a particular location to access an m-health service, such 

as health clinics or telemedicine centres, or sometimes meeting with healthcare 

workers (Haleem et al., 2021). 

A user of the m-health hotline platform in Bangladesh can easily access this 

service in both nonemergency situations (e.g., cough, cold, and headache) and 

emergencies (e.g., severe stomach pain, burn, and accident ) by simply dialling 

some unique digits, for example, 789 for Grameenphone (one of the leading 

telecom operators in Bangladesh) Tonic customers, or dedicated mobile numbers 
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such as- 01730324700 for Bagmara Upazilla health complex under the DGHS m-

health service in Bangladesh from his or her mobile phone (Hoque et al., 2020). 

Counselling, referral, diagnosis, triage, treatment, consultation, and medical 

information are all available to patients through these hotline services (Hossain, 

2016; Haleem et al., 2021). Medical personnel evaluate the patients' conditions 

and offer services per standard protocols (Labrique et al., 2013). Patients can call 

these health hotlines regardless of whether they live in rural areas, sparsely 

populated areas, low-income areas, or without access to doctors or medical 

facilities.  

The existing m-health hotline services (e.g., DGHS m-health, and Healthline in 

Bangladesh, Sehat Kahani in Pakistan, HMRI in India) in developing countries 

have served and continue to benefit millions of individuals in developing nations 

by delivering timely medical treatments (Darbeda, 2017; WHO, 2011). According 

to WHO (2011), " The Grameen Phone Healthline has received around 3.5 million 

calls since November 2006.” Patients can obtain treatment from certified doctors 

as an alternative to the neighbourhood charlatans. This m-health solution 

empowers patients by giving them essential information about the reachability and 

location of healthcare facilities and prescription medicines. Moreover, by using 

these mobile hotlines, individuals in developing countries can easily save time and 

money while protecting their privacy (Cajita et al., 2018). Overall, this healthcare 

platform provides affordable and accessible healthcare to developing nations 

using mobile devices (DGHS, 2020). 
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2.7. An overview of platform, healthcare platform, and mobile health 

platform: 

It is crucial to have a clear understanding of the concept of the platform to fully 

grasp the mobile health platform (Zhang and Pan, 2023). Moreover, since m-

health has a prominent position among all other healthcare platforms, 

understanding its nuances is also important (Hossain, 2016). 

In general terms, a platform refers to a system or a foundation that allows various 

components, technologies, or individuals to connect and interact with each other 

(Kuffo et al., 2018). It serves as a base upon which other entities can build and 

operate. Platforms can exist in different domains, such as technology, business, 

or social contexts, and they provide a framework for facilitating communication, 

collaboration, and the exchange of goods, services, or information (Stoyanova et 

al., 2015; Kuffo et al., 2018). 

In the technology realm, a platform typically refers to a software or hardware 

infrastructure that enables the development and deployment of applications or 

services (Stoyanova et al., 2015). For example, operating systems like Windows, 

iOS, or Android are platforms that provide the necessary foundation for running 

software applications. Similarly, platforms like Amazon Web Services (AWS), 

Google Cloud Platform (GCP), or Microsoft Azure offer cloud computing services, 

allowing developers to build and deploy applications on their infrastructure 

(Stoyanova et al., 2015). 

In the business context, a platform often refers to a digital ecosystem or 

marketplace that connects producers and consumers, facilitating transactions or 

interactions (Kuffo et al., 2018). Popular examples include e-commerce platforms 

like Amazon, Alibaba, or eBay, where sellers can showcase and sell their products 
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to a wide customer base. Social media platforms like Facebook, Instagram, or 

Twitter also serve as platforms that enable users to share content and engage with 

each other (Zhang, and Pan, 2023). Overall, a platform can be understood as a 

foundation or framework that brings together different entities, enabling them to 

connect, interact, and achieve their objectives within a specific domain or context 

(Kuffo et al., 2018). 

A digital health platform refers to a software-based system or online platform that 

leverages technology to deliver healthcare services, manage patient information, 

facilitate communication between healthcare providers and patients, and support 

various aspects of healthcare delivery (Hermes et al., 2020). It combines the 

power of digital technologies with healthcare solutions to improve access to care, 

enhance patient engagement, and optimize healthcare outcomes. Digital health 

platforms can encompass a wide range of functionalities and features, depending 

on their specific purpose and target users (Hermes et al., 2020). 

The digital health platform's infostructure consists of a set of integrated and 

reusable components that facilitate the development and operation of different 

digital health applications (WHO, 2020). These components typically include 

software modules, shared information resources, integration tools, data 

definitions, and messaging standards. They are designed to promote 

interoperability, allowing seamless communication and data exchange between 

different applications and systems within the healthcare ecosystem (WHO, 2020) 

(Figure 2.2). 

Information systems, digital tools, software including patient engagement apps, 

insurance systems, supply chain systems, and electronic healthcare record (EHR) 

systems are examples of external digital health applications (Lotfi, Fatehi, and 
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Badie, 2020). By adhering to common standards and utilising shared resources, 

these applications can integrate more effectively with other systems, access, and 

exchange patient information securely, and provide a cohesive and 

comprehensive healthcare experience (Lotfi, Fatehi, and Badie, 2020). 

 

 

 

Figure 2.2: Digital health platform’s interaction with users and external applications 

(Adapted from WHO, 2020). 

Finally, a mobile health hotline platform is a digital health service that offers 

healthcare information, support, and assistance through a mobile device, typically 

via a hotline or helpline. It is designed to provide immediate access to healthcare 

professionals or trained operators who can offer medical advice, guidance, and 

support to callers remotely (Akter, Amber, and Ray, 2013). 

Such an m-health platform generally has a group of medical professionals working 

in the virtual front office (for patient-physician interaction) around the clock, 

supported by the back office of the health service provider and network operator 

(for maintaining service delivery systems and network management) (Figure 2.3) 
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(Akter, Amber, and Ray, 2013). These services have simplified workflow and 

increased the use of evidence-based practices at the point of care while also 

making information more accessible (Hossain, 2016).  

 

Figure 2.3: M-health hotline service platform (Adapted from Akter, D’Ambra and 

Ray, 2013). 

Depending on the situation, the platform may have mechanisms in place for follow-

up and case management (Leong et al., 2021). This can involve scheduling follow-

up calls, monitoring the caller's progress, and providing ongoing support and 

guidance. If a user’s condition requires further evaluation or treatment, the hotline 

platform can provide referrals to appropriate healthcare facilities, specialists, or 

resources (Müthing, Brüngel, and Friedrich, 2019). This ensures that callers are 

connected to the right healthcare services based on their specific needs. Some 

mobile health hotline platforms offer crisis intervention services and mental health 

support (Canady, 2017). Trained professionals provide emotional support, 

counselling, and guidance for users experiencing mental health crises or distress. 
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The platform securely manages users’ information and maintains records of calls 

for quality assurance and reporting purposes. The data collected can be analysed 

to identify trends, assess service quality, and improve the functioning of the hotline 

platform (Leong et al., 2021).  

Mobile health hotline platforms play a vital role in providing accessible and 

immediate healthcare services, especially in situations where individuals may 

have limited access to in-person healthcare facilities or during emergencies. 

These platforms leverage mobile technology to bridge the gap between healthcare 

providers and patients, ensuring that medical advice and support are readily 

available whenever needed (Zhang et al., 2017). 

2.8. Influence of m-health service quality on service use: 

One of the most significant factors influencing the use of mobile health services is 

service quality (Zhao, Ni and Zhou, 2018). As a result, numerous studies have 

investigated and confirmed the association between m-health service quality and 

service use (Deng et al., 2018; Vaghefi and Tulu, 2019; Handayani et al., 2018; 

Song et al., 2021; Nisha et al., 2016; Oppong et al., 2018). These researchers 

have mostly focused on users' continued use intentions (Vo, Auroy and Sarradon, 

2019). In the following paragraphs, this study summarises some of the most 

significant studies on mobile health service quality and users' intentions to use m-

health services, investigating the relationship between these variables in more 

detail. 

According to Song et al., (2021), more theoretical investigations are required of 

the factors influencing patients' continuance use intention of mobile health 

applications to promote their self-management of chronic diseases. The 
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researchers investigated the contributing factors and developed a predictive model 

to explain their associations with the continuous use intention of m-health 

applications for the self-management of chronic diseases. The study concentrated 

on the mobile health service developed by the Biomedical Informatics Laboratory 

of Zhejiang University in China, known-Blood Pressure Assistant, which includes 

an app for patients' use and a web-based portal that allows physicians and 

qualified health professionals to engage with the patients (Song et al., 2021). The 

researchers employed constructs in the proposed model from IS success model 

and IS continuance model (Bhattacherjee, 2001; Hassan, Kofahi and Mohamad, 

2021). Many researchers adopted these models while evaluating the success of 

information systems (Yu and Qian, 2018; Wu, 2018; Taylor, 2016; Dou et 

al., 2017). Based on these models, the researchers proposed that information 

quality, service quality, and system quality of the m-health service determine 

satisfaction, while satisfaction influences continuance use intention. In mobile 

services, information quality refers to the quality of the content (Song et al., 2021). 

The attributes of this quality dimension include relevancy, timely updates, and 

ease of understanding (Zheng, Zhao and Stylianou, 2013). Since users use 

information systems primarily to obtain information, information quality is a 

significant determinant of the success of an information system. When a system 

provides users with inaccurate information, their opinions of the system's 

usefulness may change. System quality refers to the perception of the overall 

performance of an m-health service (Zheng, Zhao and Stylianou, 2013). It 

evaluates an m-health service's technological success. Users must be able to 

access information easily, which depends on the quality of the information system 

(Wu, 2018). For instance, if an information system's functions are overly 

complicated and challenging to use, users might not put in the time and effort 
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necessary to learn how to use it, which could affect their view of the system's 

usefulness (Hassan, Kofahi and Mohamad, 2021; Yu and Qian, 2018). Service 

quality describes the support an m-health user can receive from the providers who 

run the system (e.g., technical team and support personnel) (Song et al., 2021). 

Empathy, availability, and reliability are the main attributes of this quality 

dimension (Hassan, Kofahi, and Mohamad, 2021; Yu and Qian, 2018; Song et 

al., 2021). Overall, the outcomes of the study demonstrated that service quality, 

system quality, and information quality influence patients' continuance use 

intention of m-health services for self-management of chronic diseases through 

the mediation of satisfaction. 

Nisha et al., (2016) claimed that the quality of the service and the user's level of 

health knowledge can predict the behavioural intentions of the users. The study 

examined, along with other variables, how quality and healthcare service 

knowledge are related to future use intentions of m-health services. The study 

demonstrated that service quality factors such as information quality, empathy, 

responsiveness, privacy, and reliability play a significant role in consumers' overall 

perceptions of m-health, which strongly influence future use intentions. The 

novelty of this technology in Bangladeshi society, where it is preferred to perform 

most operations physically from physical locations, is the main reason for this 

outcome (Chukhare and Jadhav, 2019). Researchers noted that m-healthcare 

providers must demonstrate empathy and responsiveness and provide accurate 

information to consumers. Healthcare organisations must train their front-line 

employees appropriately, as one mistake or failure to respond promptly or 

empathically may cause them to lose their reputation. The technology must also 

provide efficacy and privacy to persuade individuals in Bangladesh to use m-health 

services (Nisha et al., 2016). 
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Oppong et al., (2018) assessed m-health service quality and how it influences user 

satisfaction and continuance use intention among selected rural mothers in 

Ghana. They employed a hierarchical, multidimensional m-health service quality 

model with three primary dimensions—information, interaction, and system 

quality—and eight subdimensions, including privacy, responsiveness, 

cooperation, efficiency, confidence, caring, utilitarian, and hedonic. The findings 

described a statistically significant positive correlation between users' satisfaction 

and the quality of interaction. This result contrasted with those made by previous 

researchers who employed the same m-health service quality model and found 

significant correlations between each of the three m-health service quality 

dimensions and satisfaction (Meigounpoory, Sajadi and Danehzan, 2014; Akter, 

D’Ambra and Ray, 2013). While earlier m-health research revealed that system 

quality and information quality improve overall service quality and user 

satisfaction, the current study on maternity healthcare in rural Ghana emphasised 

interaction quality as the most significant factor (Meigounpoory, Sajadi and 

Danehzan, 2014; Andermann, 2016). In addition, all three quality dimensions- 

information, system, and interaction quality showed significant influence on users' 

continuance use intention. 

Determining how service quality affects social (e.g., quality of life) and economic 

(e.g., intention to continue use) outcomes must take centre stage in IT service 

research (Akter, D’Ambra and Ray 2013). In a multidisciplinary study, Akter, 

D’Ambra and Ray (2013) looked at how overall service quality perception 

influences the intention to continue using m-health service and quality of life. The 

conceptual model included concern, care, cooperation, confidence, and 

convenience as primary dimensions of overall service quality. The results 

confirmed that perceived service quality influences the intention to continue using 
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the mobile health service and users' quality of life. These results are in line with 

the service dominant logic theory, which contends that the long-term social (i.e., 

quality of life) and economic (i.e., continuation) ramifications of commercial 

exchange processes should be the primary consideration (Heinonen and 

Strandvik, 2020). The outcomes also demonstrated that satisfaction is the most 

significant mediator between service quality-intention to continue using, and 

service quality-quality of life. Overall, the study's findings supported the scale and 

sustainability of this novel healthcare paradigm by linking service quality to 

consumer satisfaction, intention to continue using, and quality of life (Akter, 

D’Ambra and Ray 2013). 

The COVID-19 pandemic has changed how users perceive and use online 

services (De' et al., 2020). Alzahrani et al., (2022) claimed that only a few studies 

focused on assessing the significance of certain quality factors in encouraging 

users to continue using mobile health services. As a result, the researchers 

reviewed the existing literature and identified eight service quality factors. They 

further categorised the quality factors under three quality dimensions: platform 

quality (assurance and responsiveness), interaction quality (efficiency, availability, 

content quality, tangibility, and reliability), and outcome quality (hedonic benefits) 

(Hossain et al., 2016; Lorin, 2019; Akter, D’Ambra and Ray 2013). The study 

employed a decision-making trial and evaluation laboratory (DEMATEL) approach 

to uncover significant associations between the service quality factors that 

influence continuance intention to use m-health services during the COVID-19 

pandemic (Liao, 2022). The findings revealed that content quality, assurance, 

reliability, efficiency, and hedonic benefits are the five core factors influencing the 

continuance intention of m-health services. The remaining two factors-tangibility 

and availability-are primarily associated with the core factors. The findings added 
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to the literature by identifying specific quality factors influencing how people use 

mobile health services in times of crisis, like COVID-19 (Alzahrani et al., 2022). 

M-health services have enormous potential in developing countries like 

Bangladesh (Hossain et al., 2016). A healthier society might arise from the 

success of m-health services, which address health challenges that traditional 

healthcare institutions cannot resolve (Malvey and Slovensky, 2017). A successful 

m-health service improves users' quality of life, which is associated with the 

continuance intention of the service (Hossain et al., 2016). Moreover, continuance 

intention is influenced by perceived value and satisfaction, both of which are 

influenced by the three quality components-platform, advise, and interaction 

(Hossain et al., 2016). Platform quality describes the overall quality of the m-health 

service platform, including facilities or limitations of hand-health devices and 

mobile network infrastructure (Akter, D’Ambra and Ray 2010). Such a service can 

evaluate enormous volumes of data and immediately respond to many users at 

the same time through text and audio or visual information (Poulcheria and Costas, 

2010). Quality of advice is another quality dimension, which refers to how m-health 

providers provide useful and well-explained advice (Chatterjee et al., 2009). The 

quality of the advice is undoubtedly one of the most significant aspects of an 

effective mobile health service (Hossain et al., 2016). In a given case, good advice 

will have a positive impact, while bad advice will have a detrimental impact. 

Distance and non-face-to-face medical consultations like m-health should be 

complete, relevant, accurate, reliable, timely, and easily understandable (Delone 

and McLean, 2003). Lastly, interaction quality describes the quality of the dyadic 

communication between a service provider and a user in a mobile platform (Lorin, 

2019). M-health services are highly interactive, requiring a meaningful interaction 

between users and providers, in contrast to other information technology services, 
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such as e-commerce, where consumers may not always have to be in direct 

contact with the service provider (Lorin, 2019). E-commerce allows for the easy 

return of defective goods, whereas providing incorrect advice or taking the wrong 

action in m-health service can put someone's life at risk (Radu et al., 2018).  

Moreover, according to Alam et al., (2020), although researchers assessed the 

use of m-health technology from various theoretical viewpoints, a comprehensive 

understanding is still lacking in the literature, particularly considering Generation 

Y (millennials). Thus, the researchers integrated variables influencing Generation 

Y's use of mobile health services in Bangladesh using the IS Success and the 

unified theory of acceptance and use of technology (UTAUT2) models (Delone 

and McLean, 2003; Venkatesh, Thong and Xu, 2012). According to the findings, 

the use of mobile health services is positively correlated with perceived reliability, 

facilitating conditions, social influence, and performance expectancy (Alam et 

al., 2020). 

Furthermore, m-health services are vastly underused by the elderly in developing 

nations like Bangladesh, where mobile phones are an integral part of everyday 

life. Only a small fraction of the elderly population utilises m-health daily, with the 

vast majority depending on traditional healthcare services (Meng et al., 2019). 

Researchers like Kaium et al., (2020) revealed that social influence, facilitating 

conditions, and performance expectancy are major influencing variables for rural 

older people's use of m-health services in Bangladesh. Another study conducted 

in Bangladesh discovered that the general public's behaviour intentions to use 

mobile health services were influenced by social influence, facilitating conditions, 

performance expectancy, and reliability (Alkhalifah, 2022). Palas et al., (2022) 

extended the UTAUT2 model to consider the service quality and quality of life of 
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older adults in the context of m-health in Bangladesh. The study discovered that 

service quality positively and substantially affects older users' behaviour 

intentions. This outcome is consistent with other research that showed how service 

quality influences m-health adoption, usage, and retention (Carlsson, 2006). 

According to the discussion above, m-health services quality elements are crucial 

indicators of behavioural outcomes (e.g., intention to continue use) (Oppong et 

al., 2018; Palas et al., 2022). Thus, addressing the service quality challenges is 

essential to ensure users' continuous usage of m-health services (Vo, Auroy and 

Sarradon, 2019; Pablos, Cavanaugh and Ly, 2016). Moreover, researchers 

recommended further studies on quality components to fully grasp the potential 

and scalability of this unique healthcare paradigm ( Alaiad, Alsharo and Alnsour, 

2019; Beratarrechea et al., 2014; Eze, Gleasure and Heavin, 2022). Despite being 

the only m-health service provided by the government of Bangladesh, no empirical 

research has been carried out to determine how users perceive the quality of the 

DGHS m-health service and how it influences their behaviours (Islam et al., 2015; 

Tavares et al., 2019). This study fills the research gaps by assessing users' 

perceived service quality of DGHS m-health service and its influence on their 

usage behaviours. The study adopted a customer-centric approach for evaluating 

DGHS m-health service quality since such service's sustainability (e.g., continuous 

usage) is strongly correlated with consumer empowerment (Eze, Gleasure and 

Heavin, 2022; Addotey, Scott and Mars, 2020). 

2.9. Factors affecting the use of m-health services: 

The ultimate outcome construct of this study is the "usage behaviours" of DGHS 

m-health service, as the success of any technology-mediated service like the m-

health depends on users' continuous usage, whereas discontinuous usage causes 
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service failure (Vaghefi and Tulu, 2019; Kim, 2021; Sulaiman and Magaireah, 

2014; Zhao, Ni and Zhou, 2018). Thus, it is crucial to determine the factors that 

influence usage behaviours of m-health services (Kim, 2021; Wang and Qi, 2021). 

As mentioned earlier, given the significant influence of service quality on users' 

satisfaction and usage behaviours of m-health services, this study assessed how 

users' perceptions of overall service quality influence their satisfaction with the 

DGHS m-health service and usage behaviours (Zakerabasali et al., 2021; 

Alireza et al., 2011; Slack, Singh and Sharma, 2020).  

In addition, the study explored other significant factors that can influence the usage 

of m-health services, which prior studies had not sufficiently addressed (Guo, 

Zhang and Sun, 2016). As a result, this study evaluated the literature 

comprehensively and systematically to understand the factors influencing the 

usage and adoption of m-health services. Table 2.1 represents the outcomes of 

the literature review. The study reviewed existing literature in four aspects: 

adoption or usage, theories, factors, and authors. According to Table 2.1, prior 

research investigated factors mainly based on information systems acceptance 

theories such as- the Unified Theory of Acceptance and Use of Technology 

(UTAUT) (Okazaki et al., 2016), Theory of Planned Behaviour (TPB) (Deng, Mo 

and Liu, 2014), Theory of Reasoned Action (TRA) (Zhang et al., 2014), and 

Technology Acceptance Model (TAM) (Hoque, 2016). The factors that influence 

usage or adoption within these theories are- facilitating conditions, performance 

expectancy, effort expectancy, and social influence for the UTAUT model, 

perceived behavioural control, attitude, subjective norms for TPB, perceived ease 

of use, attitude towards use, and perceived usefulness for TAM, and subjective 

norms and attitudes for the theory of reasoned action (Okazaki et al., 2016; Deng, 
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Mo and Liu, 2014; Zhang et al., 2014; Hoque, 2016). These factors are explained 

in detail below: 

Perceived ease of use: An individual's perception of the ease with which they can 

use a certain technology is termed perceived ease-of-use. Technology that is easy 

to use will eliminate obstacles. A complicated interface or anything that requires a 

lot of effort is not enjoyable to use (Davis, 1989). 

Perceived usefulness: The perceived usefulness of a technology is the extent to 

which people believe it will assist them in accomplishing a particular task. It has to 

do with whether someone thinks a technological advancement will be useful for 

the work being performed right now (Davis, 1989). 

Perceived behavioural control: An individual's perception of perceived 

behavioural control describes how easy or difficult it is for them to perform a certain 

behaviour (Ajzen, 1991). It increases when people feel more confident and 

powerful (Ajzen, 1985). 

Subjective Norm: This relates to the belief of whether close friends and family 

members anticipate the person will engage in the behaviour. It has to do with how 

someone interprets the social context of the conduct (Ajzen, 1985). 

Attitude towards behaviour: An individual's attitude toward a certain activity 

indicates whether they feel positively or negatively about it. It involves thinking 

about how the behaviour will affect the world (Ajzen, 1985). 

Facilitating conditions: A person's impression of facilitating conditions is their 

belief that a system can be used more easily because of the organisation and its 

technological infrastructure (Venkatesh, Morris and Davis, 2003). Facilitating 

conditions were founded on perceptions of behavioural control from TPB. In spite 

of the fact that the effect of facilitative conditions after the first use is modest, it has 

a direct impact on the intention to use. A facilitating condition is defined as a set 
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of factors or variables that have a direct and substantial effect on consumption 

choices (Venkatesh, Morris and Davis, 2003). 

Effort expectancy: Venkatesh, Morris and Davis (2003) defined effort expectancy 

as the degree of simplicity that can be achieved when using a system). Effort 

Expectancy is developed from the TAM model's perceived usefulness, with 

comparable scales and definitions. A long-term use of technology reduces the 

impact of the construct (Venkatesh, Morris and Davis, 2003). 

Social influence: The degree to which a person feels significant in the eyes of 

others is defined as social influence (Venkatesh, Morris and Davis, 2003). In TRA 

and TPB, subjective standards are linked to social effect. When it comes to 

technology, social influence is quite important (Venkatesh, Morris and Davis, 

2003).  

Performance expectancy: It is a measure of how certain an individual is that they 

will improve their performance once they use the system (Venkatesh, Morris and 

Davis, 2003). Performance expectations are based on the TAM model's 

component for perceived utility. The best indicator of usage intention, it is 

significant in both optional and necessary circumstances (Venkatesh, Morris and 

Davis, 2003). 

 

Table 2.1: Literature review of m-health service adoption and usage: 

Authors Factors Theories Adoption/usage 

Guo et al., 
2012 

Technology anxiety, 
perceived ease of use, 
perceived usefulness, 
resistance to change. 
 

Dual factor model 
of technology 
acceptance 

Preventive mobile 
health services 
adoption 

Rai et al., 
2013 

Personal innovativeness, 
distance to health 
facilities, recent health 
check-up, perceived 

N/A Mobile health 
usage 



78 
 

 

healthiness, perceived 
vulnerability. 
 

Cocosila, 
2012 

Perceived risk, extrinsic 
motivation, intrinsic 
motivation, attitude 
towards activity. 
 

Motivational model Mobile health 
application 
adoption 

Sun et al., 
2013 

Response efficacy, 
perceived ease of use, 
subjective norm, 
response cost, self-
efficacy, perceived 
vulnerability, perceived 
severity. 
 

TAM, TRA, TPB, 
UTAUT, protection 
motivation theory. 

Acceptance of 
mobile health 
services 

Zhang et 
al., 2014 

Facilitating conditions, 
attitude, subjective norms. 
 

TRA m-health adoption 

Shareef, 
Kumar and 
Kumar, 
2014 

Perceived usefulness, 
perceived ease of use, 
perceived compatibility, 
perceived reliability, 
perceived privacy and 
security. 
 

TAM m-health adoption 

Okazaki et 
al., 2016 

Subjective norm, 
ubiquitous control, job 
relevance, information 
quality, health 
improvement, perceived 
value, ease of use. 
 

TAM m-health usage 

Guo,  
Zhang and 
Sun, 2016 
 

Privacy concern, 
perceived personalization, 
trust. 

attribute–
perception–
intention model 

m-health services 
acceptance 

Hoque, 
2016 

Perceived usefulness, 
perceived ease of use, 
subjective norm, personal 
innovativeness in IT. 
 

TAM Use m-health 
services 

Deng, Mo 
and Liu, 
2014 

Perceived value, attitude, 
perceived behavioural 
control, subjective norm, 
perceived physical 
condition, resistance to 
change, technology 
anxiety, self-actualization 
need. 
 

Value attitude 
behaviour model, 
TPB 

Mobile health 
services 
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Dam et al., 
2014 

Positive attitudes, 
information-seeking 
gratifications, social utility 
gratifications, internal 
competitiveness 
orientation, external 
competitiveness 
orientation, app 
competition gratifications, 
app challenge 
gratifications. 
 

The Integrated 
Technology 
Adoption Model 

Use health and 
fitness apps 

Meng et 
al., 2019  

Trust in offline health 
services, trust in mHealth 
services, declining 
physiological conditions, 
support from hospital. 
 

Trust transfer 
model 

Use m-health 
service 

Duarte and 
Pinho, 
2019 

Performance expectancy, 
effort expectancy, social 
influence, facilitating 
conditions, hedonic 
motivations, price value, 
habit. 
 

UTAUT m-health adoption 

Alam et al., 
2020 

Performance expectancy, 
effort expectancy, social 
influence, facilitating 
conditions, perceived 
reliability, price value. 
 

UTAUT Adopt m-health 
services 

Hoque and 
Sorwar, 
2017 

Performance expectancy, 
effort expectancy, social 
influence, facilitating 
conditions, technology 
anxiety, resistance to 
change. 
 

UTAUT Use mHealth 

Dwivedi et 
al., 2016 

Performance expectancy, 
effort expectancy, social 
influence, facilitating 
conditions, hedonic 
motivation, price value, 
habit, waiting time, self-
concept. 
 

UTAUT m-health adoption 

Zhang et 
al., 2019 

Perceived severity of the 
disease, perceived 
vulnerability to the 
disease, response cost, 
response efficacy, 
attitude, self-efficacy, 
personal health status, 
personal health value, 
subjective norm. 

TPB, Protection 
motivation theory 

Use mobile health 
services 
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According to the literature review, the researchers investigating the acceptance 

and use of m-health services used traditional theories and extended them based 

on the study contexts (Zhang et al., 2019; Hoque and Sorwar, 2017; Dam et 

al., 2014). Table 2.1 shows that these researchers frequently reported the 

constructs of-performance expectancy, effort expectancy, facilitating conditions, 

attitude, perceived value, perceived behavioural control, ease of use, and 

perceived usefulness. Furthermore, depending on the study contexts, these 

investigations included other factors in the research models, such as trust, cost, 

and anxiety, to improve their predictive value (Meng et al., 2019; Sun et al., 2013; 

Guo et al., 2012). However, relatively few studies investigated how social 

influences and subjective norms influence the adoption and use of m-health 

services (Table 2.1) compared to other factors. The following paragraphs 

summarise the findings of these studies on social influences and subjective norms: 

Diabetes patients (Type 1 and Type 2 diabetes) often experience difficulty 

managing their blood sugar levels due to distance or physical limitations (Adu et 

al., 2019). Given the surge in internet-enabled smartphone use, it is possible to 

solve this problem by employing a mobile diabetes monitoring system (Adu et 

al., 2019). Most previous research focused on patients' perceptions of usability 

while paying little attention to physicians' intentions to use this technology (Miller et 

al., 2020; Taherdoost, 2018). Okazaki et al., (2015) filled this research gap by 

evaluating the perceptions and user acceptance of mobile diabetes monitoring 

among Japanese physicians. The findings revealed that physicians' subjective 

norms significantly influence their intention to use mobile diabetes monitoring. This 

outcome contrasted with a past study by Sanders et al., (2012) on telemedicine 
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which reported no influence of subjective norms on intention, as physicians value 

their evaluations more than others. According to Okazaki et al., (2015), however, 

many physicians can rely more on their peers' or colleagues' advice and 

recommendations regarding the adoption of mobile diabetes monitoring (i.e., 

medical and IS adoption decisions) than they do for other knowledge-based 

practices (i.e., purely medical decisions) because they might not be particularly 

computer or internet literate. Considering the significant impact of subjective 

norms on the intention to use mobile diabetes monitoring, the researchers 

suggested holding informative sessions, seminars, or workshops to spread 

information and familiarity among colleagues and peers (Okazaki et al., 2016). 

The annual health costs in China are constantly rising due to 280 million chronic 

disease patients (Pablos, Cavanaugh and Ly, 2016). Thus, addressing the 

ongoing rise in healthcare costs and the lack of medical resources are the primary 

challenges. The emergence of wearable smart devices and various data 

technologies has ushered in the mobile internet era in healthcare. Mobile Health 

Service (MHS) is a program used in China on mobile terminals to address 

healthcare challenges. Individuals utilise MHS to get pertinent medical information 

and services and improve their job productivity, physical well-being, behaviours, 

lifestyles, and work routines (Deng, Mo and Liu, 2014; Sun et al., 2013). MHS, in 

contrast to electronic healthcare services, overcomes time and geographical 

constraints and considerably raises the effectiveness of users' self-health 

management. Patients can even keep track of their vital sign data through MHS, 

take an active role in their care, and concentrate on prevention rather than 

treatment (Zhang et al., 2019). However, Chinese mobile health applications are 

still in the embryonic stages of development relating to the technical level and time 



82 
 

 

required. Therefore, it is critical to attract and retain potential MHS users. A 

comprehensive understanding of user behaviour concerning MHS can improve the 

shortage of medical resources and solve the ongoing rise in healthcare expenses. 

Zhang et al., (2019) addressed this issue by investigating the determinants of 

users' MHS use intentions. Findings showed that subjective norms toward MHS 

influence users' behavioural intentions. Since subjective norms lead to behavioural 

intention, the researchers suggested advertising the MHS program through 

aspirational groups (Zhang et al., 2019). 

Dwivedi et al., (2016) assessed antecedents of behavioural intentions for m-health 

use based on psychological behaviour concepts such as product selection criteria, 

and channel preferences, consumer contexts from UTAUT2, and technological 

artifacts from UTAUT. This study looked at how cultural dominance influences 

users' behavioural perceptions by collecting data from three countries- the United 

States, Canada, and Bangladesh—each with distinctive cultural traits (Cooper et 

al., 2010). The researchers concluded that social influence is a common 

determinant to theorise and predict behavioural intention for m-health for all three 

countries, leading to adoption behaviour (Dwivedi et al., 2016). Thus, adopting an 

alternative channel is motivated by social influence, which is crucial in forecasting 

behavioural intention. To promote their healthcare services, providers of m-health 

services can use associative and aspirational reference groups, such as 

celebrities. Health services, however, are vulnerable to cognitive beliefs. M-health 

providers must pay attention to source derogations, support arguments, and 

counterarguments in their advertisements by following a cognitive response model 

(Hoffman et al., 2017). 
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Despite the possible benefits, m-health adoption remains a substantial challenge 

in developing countries like Bangladesh (Joshi and Rahman, 2015). Alam et 

al., (2020) investigated the factors influencing the use of mobile health services in 

Bangladesh by analysing data gathered from chosen Generation Y participants 

from around the country. The findings supported that social influence, perceived 

reliability, facilitating conditions, and performance expectancy positively influence 

behavioural intention to use m-health services (Alam et al., 2020). The results 

confirmed previous studies that described that information and encouragement 

surrounding users' environment influence their awareness and usage intention 

towards technology (Stoyanova et al., 2015; Noordam et al., 2011). Family, 

friends, and professional caregivers of users often positively or negatively impact 

technological acceptance (Peek et al., 2014). Furthermore, several studies 

identified a strong relationship between social influence and intentions to use 

digital technology in healthcare (Ruslim, Rahardjo and Widjaya, 2017; Abd-

Alrazaq et al., 2019).  

In another study, Hoque (2016) employed an enhanced Technology Acceptance 

Model (TAM) to find the variables influencing the use of m-health services in 

Bangladesh. The researcher incorporated subjective norms as a predictor of users' 

intentions to use m-health services in addition to the TAM variables. The findings 

demonstrated a substantial correlation between perceived subjective norms and 

intention to use mobile health in Bangladesh. The researcher claimed that 

because m-health applications are still relatively new in Bangladesh, users 

frequently consult with friends and family before making decisions. Hence, the final 

recommendation of the study was for telecom companies and healthcare providers 

to spend money and time on promotional initiatives (Hoque,2016). 
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Zhang et al., (2014) evaluated the influence of subjective norms on users' m-

health service adoption intention using a modified TRA model. To analyse the 

differences in adoption intention between genders, the researchers included 

gender as a moderator in the research model. The study's findings supported the 

significance of subjective norms as a determinant of m-health adoption intention. 

Thus, people are more likely to use m-health services if others who are meaningful 

to them think they should or can influence them to do so. Additionally, there is a 

significant difference in the estimated path coefficients from subjective norms to 

adoption intention between different gender groups, showing that males are more 

likely to embrace m-health when influential and important people influence them 

(Zhang et al., 2014).  

While several studies have investigated health technology acceptance behaviours 

from disparate theoretical perspectives, they have not provided a unified view 

(Holden and Karsh, 2010; Venkatesh, Thong and Xu, 2012). Sun et al., (2013) 

developed a unified model of health technology adoption to address this gap and 

suggested that users' adoption intention use mobile health services depends on 

five key elements, including social influence. The researchers used the subjective 

norm construct from TPB for evaluating social influence in this study context. The 

study reported that subjective norms influence the adoption intention of m-health 

services. In addition, the researchers discussed differences between professional 

users and consumers regarding the influences of subjective norms. Professional 

users will typically depend on their judgment when making decisions since they 

have the necessary skills to understand and apply new technologies, and the 

complexity of the technology does not prevent them from adopting it. Consumers, 

especially the elderly, depend on the opinions of other users since they are less 
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competent at learning and using new technologies. These results demonstrated 

the significance of including social influence when evaluating consumers' health 

technology adoption intention (Sun et al., 2013). 

The literature review above indicates that social influences and subjective norms 

significantly affect behavioural outcomes (e.g., intention to use) in m-health 

services. Thus, this study included the concept of social norms, an integrated term 

for social influence, subjective, injunctive, and descriptive norms (see Chapter 3 

Section 3.5 for more details), into the conceptual model and assessed how they 

influence users' satisfaction and usage behaviours of DGHS m-health service. 

This study has also incorporated a second type of norm- "personal norms" in the 

research model, as several researchers have noted the effect of personal norms 

on behaviours in a variety of research fields, including healthcare technology (You, 

Jong and Wiangin, 2020; Ajzen, 2011; Kaiser and Schuettler, 2003; Salazar and 

Ramírez, 2021; Ottar and Grunert, 2010) (see Chapter 3 Section 3.5 for more 

details).  
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Chapter 3 

Service quality, social norms, personal norms, and the underlying theories 

3.1. Chapter Overview: 

 

This chapter aims to explore different service quality theories and find out the 

essence and gaps of those theories from an m-health perspective. A review of the 

literature in Chapter 2 indicates that m-health services are changing healthcare 

delivery in developing countries; however, the perceptions of users' service 

quality, as well as their social norms towards these services, must be taken into 

consideration as these variables can significantly influence users' satisfaction and 

behaviours (Hoque, 2016; Deng, Mo and Liu, 2014; Hossain et al., 2016). Thus, 

this chapter concentrates on service quality, social norms, and personal norms 

constructs, and the underlying theories. This chapter demonstrates that since the 

nature of service quality for a technology-mediated service is complex, it is 

necessary to investigate this concept using a cross-disciplinary approach, 

specifically general theories from marketing, health services, and information 

systems literature (Lorin, 2019; Verhoef et al., 2021). Moreover, this chapter 

presented social norms as an integrated concept and the significance of personal 

norms in assessing users' behaviours. 

 

Following is the layout of the chapter: Section 3.2 defines quality, service quality, 

and perceived service quality. Section 3.3 outlines an overview of generic, 

information system, and healthcare service quality theories to determine the 
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nature of the service quality concept in these domains, their relevancy to the m-

health service context, and critically analyses their dimensions and limitations. 

Next, section 3.4 represents service quality theories in m-health. Additionally, this 

section briefly describes the dimensions and subdimensions of the m-health 

service quality model used in this research. Section 3.5 highlights the two 

additional independent variables- social and personal norms incorporated into the 

research model. This section briefly discusses types of social norms and the 

significance of these normative influences on users' behaviours. Lastly, section 

3.6 provides an overview of the influence of the normative components in the 

theory of planned behaviour. 

 

3.2. Defining service quality: 

Every service relies on quality (Hlaiwah and Lami, 2022). Some scholars define 

quality as the absence of defects, while others as compliance with requirements 

(Liboreiro, 2013). There are four viewpoints on quality: fulfilling expectations, 

conformity with standards, value, and excellence (Jebraeily et al., 2019; 

Mahmoud et al., 2018). Existing quality research has taken either a production-

oriented or a customer-oriented strategy (Sulaiman and Musnadi, 2018; 

Gangurde, 2020). The customer-oriented strategy represents consumer 

perceptions of quality, and the production-oriented strategy represents technical 

or objective quality to assess standardised items (Sulaiman and Musnadi, 2018; 

Gangurde, 2020). The customer-oriented approach has been the predominant 

method for defining quality in service research due to the complexity of quality 

(Sulaiman and Musnadi, 2018). When viewed from a customer-centric 

perspective, service quality is the collective efforts of performance reflected in 

customer satisfaction (Sulaiman and Musnadi, 2018). Furthermore, service quality 
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can be described as a set of user-perceived attributes that determine the nature 

of service (Liu, Tu and Cai, 2020). It manifests in several parameters with objective 

or subjective values while expressed in a language users can understand (Liu, Tu 

and Cai, 2020). These definitions mandate assessing the quality of service from 

the users' point of view (Sulaiman and Musnadi, 2018; Hlaiwah and Lami, 2022; 

Liu, Tu and Cai, 2020). 

The definition of healthcare service quality in the services literature is a consumer's 

perception of an entity's overall excellence or superiority (Aggarwal, Aeran and 

Rathee, 2019; Blut, 2016). Patients' perspective is a legitimate predictor of 

healthcare quality and the most important one (Zarei, 2015).  

As a result, the significance of the patient in deciding the nature and level of service 

quality has been emphasised in health service literature to sustain any healthcare 

platform (Aggarwal, Aeran and Rathee, 2019; Zarei, 2015). When using patient-

centred evaluations, it could be unreasonable to expect patients to submit quality 

ratings based on technical aspects of the service, especially in technically complex 

industry-like healthcare, which represents credence-based services (i.e., services 

that are difficult to evaluate by the patient) (Aggarwal, Aeran and Rathee, 2019). 

Thus, it is necessary to employ, comprehend, and translate subjective 

performance criteria into objective performance characteristics (Amarat, Akbolat 

and Dizlek, 2022). Establishing the user-centric context of service quality in m-

health care is essential to provide a consistent metric that considers overall user 

evaluations (Ricciardi, 2019). From this viewpoint, m-health service quality has 

been defined as users' perceptions of a mobile health service's overall excellence 

or superiority (Vo, Auroy and Sarradon, 2019; Aggarwal, Aeran and Rathee, 2019; 

Blut, 2016). 
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Some studies recommended using expectation as a reference against 

performance, while others defined perceived service quality as the difference 

between perceived and expected service (Ali et al., 2015; Rana and Bathla, 2020). 

It was popular to define difference score, but subsequent research criticised it, 

claiming that expectation score adds little value to measuring service quality (Rana 

and Bathla, 2020). As a result, most researchers no longer use difference scores 

to indicate perceived service quality and focus only on perception measures (Rana 

and Bathla, 2020; Oskooii and Albonaiemi, 2017). Similarly, health service 

researchers also use perception-only metrics to evaluate the quality of healthcare 

services (Derisi et al., 2020; Arain, Nicholl and Campbell, 2013). 

The conceptual definition of service quality has consistently been given an abstract 

focus due to identifying the dimensions as a second-order or third-order factor 

model (Abror, Patrisia and Engriani, 2018; Teeroovengadum, Kamalanabhan and 

Seebaluck, 2016). According to this dimensionality concept, service quality might 

have first-order, second-order, or third-order dimensions reflected in higher-order 

service quality. It demonstrates how dimensions and subdimensions impact 

overall service quality (Teeroovengadum, Kamalanabhan and Seebaluck, 2016). 

Existing research has also underlined the need for a context-specific 

understanding of service quality (Bichler, Pikkemaat and Peters, 2020). 

Researchers have repeatedly stressed the importance of context-dependence in 

service quality, but many studies still need to implement such a model, including 

m-health service researchers (Coles et al., 2020; Salifu and Hlongwana, 2021). As 

a result, several unsuccessful attempts have been made to measure service 

quality by employing generic service quality models in new circumstances (Salifu 

and Hlongwana, 2021; Mahanta et al., 2018). Thus, the study defines service 
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quality as a context-specific, hierarchical, and multidimensional notion that should 

be assessed from the users' viewpoints (Teeroovengadum, Kamalanabhan and 

Seebaluck, 2016; Mahanta et al., 2018; Sulaiman and Musnadi, 2018). 

  

3.3. An overview of generic, information systems and healthcare service 

quality theories: 

It is crucial to explore the service quality of m-health through general theories of 

healthcare, service marketing, and information systems (IS) literature to 

completely understand this interdisciplinary domain (Lorin, 2019; Verhoef et 

al., 2021). The following subsections investigate the nature of generic, healthcare, 

and IS service quality theories before conceptualising the m-health service quality 

model: 

  

3.3.1. Generic service quality theories: 

Generic models have dominated the literature on service quality and have been 

applied in several industries, including information technology, healthcare, and 

marketing (Mpinganjira, 2014; Greehhalgh et al., 2004). The conventional theories 

of service quality for typical service contexts are covered in the paragraphs below: 

One of the pioneering models for service quality is the Grönroos model, commonly 

known as the Nordic model (Grönroos, 1982; 1984). According to the model, 

service quality perceptions can be measured using technical quality and functional 

quality. When services are provided, functional quality concerns the means of 
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delivery and users' perspectives. In contrast, technical quality is determined by 

service information and user response (Grönroos, 1982; 1984). According to 

Grönroos (1984), service quality should be assessed by comparing expected and 

perceived service based on the disconfirmation paradigm. Although it had a 

significant vision and was one of the pioneering concepts, the model's limited 

dimensions created significant difficulties (Rust and Oliver, 1994; Oliver, 2010). 

Further studies revealed that service quality is multidimensional and hierarchical 

(Lu, Zhang and Wang, 2009; Kang, 2006; Nguyen et al., 2022). Researchers have 

also raised concerns about the lack of subdimensions in the service quality model 

and suggested altering the current service quality models to include subdimension 

to portray the complexity of human perceptions better (Polyakova and Mirza, 2015; 

Uthaman and Ramankutty, 2017). 

The SERVQUAL model is one of the most used methods for evaluating the quality 

of service (Parasuraman, Zeithaml and Berry, 1988). Many researchers worldwide 

used SERVQUAL as the basis for their fields, including banking, healthcare, and 

recreation centres (Pablos, Cavanaugh and Ly, 2016; Mathijsen and Mathijsen, 

2020; Eva et al., 2019). The original model comprised ten dimensions for 

evaluating service quality: access, understanding, courtesy, competence, security, 

credibility, communication, responsiveness, reliability, and tangibles 

(Parasuraman, Zeithaml and Berry, 1985). Then, this model was changed to have 

five dimensions—tangibles, empathy, assurance, responsiveness, and 

reliability—and named the SERVQUAL model because of the initial dimensions' 

overlap (Parasuraman, Zeithaml and Berry, 1988). Using a Likert scale and 22 

questions, researchers evaluate service quality using SERVQUAL by comparing 

expected and perceived service quality (Parasuraman, Zeithaml and Berry, 1988). 
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Although the model has been widely used in various contexts, it has drawn 

criticism for being created as a generic evaluation model for all contexts rather 

than a customised one (Kamble and Sarangdhar, 2015; Pakurár et al., 2019; 

Cenfetelli, Benbasat and Al-Natour, 2008). A modified version of the model 

removed the expectation component since it is hard to evaluate when examining 

credibility traits, such as healthcare (Kamble and Sarangdhar, 2015). The 

expected service almost always exceeds the perceived service (Majid et 

al., 2011). In addition, the model's low reliability of the difference score problem 

and constructs' unidimensionality, validity, and reliability led to methodological 

concerns (Stodnick and Rogers, 2008; Siddiqui and Sharma, 2010). Several 

studies have indicated that other perceived quality models are needed due to 

measurements, theoretical and conceptual challenges associated with the 

disconfirmation approach of the SEVQUAL model (Baron and Harris, 1995; Sultan 

and Yin, 2013). Critics of the original SERVQUAL model in marketing and IS 

pointed out conceptual and empirical shortcomings with the instrument and 

advised utilising substitutes for the original "gap scored" model (Stiakakis and 

Georgiadis, 2009; Miller and Sujitparapitaya, 2010). SERVQUAL model, despite 

its shortcomings, offers multiple dimensions for evaluating service quality, making 

it stand out among other comprehensive assessment models (Parasuraman, 

Zeithaml and Berry, 1988; Siadat, Buyut and Selamat, 2008). However, 

constructing a context-specific multidimensional model is essential due to the 

latent nature of service quality perceptions and the occurrence of service quality 

at multiple levels under various aspects (Polyakova and Mirza, 2015). 

Moreover, previous research in which SERVQUAL had not been supported had 

shown substantial correlations between items across service quality factors 
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(Cenfetelli, Benbasat and Al-Natour, 2008; Kamble and Sarangdhar, 2015). These 

events strongly suggest the presence of a higher-order component (Buttle, 1996; 

Zhao, Zhang, and Kong, 2010). These researchers discussed intercorrelations 

and dimensionality concerning the underlying causes and effects of empirical 

correlations between service quality indicators (Kamble and Sarangdhar, 2015; 

Zhao, Zhang and Kong, 2010). There appeared to be a common theme throughout 

users' overall service quality evaluations (Kamble and Sarangdhar, 2015). It has 

been suggested that users perceive service quality on three levels- dimensionally, 

subdimensionally, and overall (Dabholkar, Thorpe and Rentz, 1996; Siadat, Buyut 

and Selamat, 2008). For instance, the study by Dabholkar et al., (1996) pioneered 

a multidimensional conceptualisation of service quality that established five 

dimensions of retail service quality: policy, problem-solving, personal interaction, 

reliability, and physical aspects. According to the researchers, these dimensions 

are distinct but can be highly correlated (Dabholkar et al., (1996). A shared higher-

order element, or overall service quality, is present since they all have the same 

underlying theme. Additionally, because these dimensions are complicated and 

contain several components, they include subdimensions that aggregate similar 

traits into subgroups (Dabholkar, Thorpe and Rentz, 1996). 

Brady and Cronin (2001) developed a hierarchical, multidimensional model based 

on users' perceptions of service quality that has nine subdimensions (valence, 

tangibles, waiting time, social factor, design, ambient conditions, expertise, 

behaviour, and attitude) and three primary dimensions (physical environment, 

outcome, and interaction quality). This study offered a hierarchical service quality 

model by successfully combining the preceding work of Grönroos (1984) and Rust 

and Oliver (1994). The model sought to serve as an all-encompassing model for 
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the service industries (Polyakova and Mirza, 2015; Pakurár et al., 2019). However, 

the authors acknowledged that it provided a poor representation of the population 

and emphasised the need for context-specific modelling (Brady and Cronin, 2001). 

3.3.2. Service quality theories in information systems (IS): 

In recognition of the importance of service quality to information service 

effectiveness, many IS researchers have used the SERVQUAL model to evaluate 

service quality (Kamble and Sarangdhar, 2015; Saha and Das, 2022). Meanwhile, 

some studies failed to confirm the model's measurement validity and reliability 

(Siadat, Buyut and Selamat, 2008; Zhang and Hou, 2013). While these studies 

significantly improved the understanding of how people use technology, they did 

not adequately capture how people interact with it, making them of little value to 

system designers (Rishi and Popli, 2021). Moreover, the existing literature on 

SERVQUAL in IS does not measure overall IS service quality separately through 

outcome (or information) benefits, interpersonal interaction, and human 

technology interaction (i.e., System quality) (Ko and Chou, 2020; Chhabra, 2022). 

Parasuraman et al., (2005) created the E-S-QUAL model to address the 

shortcomings in earlier models of service quality evaluation. E-S-QUAL combines 

human-technology interaction perceptions with a web-based platform to capture 

unique insights. The model was developed emphasising the front office 

(interaction quality) and the back office (system quality). The front and back offices 

are integral in determining customer satisfaction, so it is crucial to consider them 

when evaluating service quality (Parasuraman, Zeithaml and Malhotra, 2005). 

The Nelson et al., (2005) model identified two fundamental dimensions of the 

information system, namely information quality (outputs from an information 
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system) and systems quality (service delivery platform). Nine primary elements of 

service quality were identified, of which four are related to information quality, and 

five are related to system quality. The researchers wondered if the model's 

applicability to other technological fields as this study was limited to data 

warehousing in healthcare. They proposed developing context-specific notions of 

information and system quality to describe information technologies' quality 

accurately. Another drawback is that the study's conclusions should have 

addressed consumers' assessments of the quality of IS services (Nelson et 

al., 2005). 

DeLone and McLean (2003) integrated human influence and organisational effect 

toward net benefits to meet expectations for higher benefits of information 

systems. According to the researchers, the assessment of overall IS performance 

must include the system's quality, information, and services (DeLone and McLean, 

2003). Also, IS providers now serve as both service providers and information 

providers. Consequently, they argued that in addition to system and information 

quality, service quality should be added as a crucial factor to correctly analyse the 

efficacy of IS (DeLone and McLean, 2003). DeLone and McLean's (2003) 

empirical validation of the modified IS success model did not give precise 

suggestions on various quality indicators, even though they provided context-

specific conceptualisations (Ojo, 2017). In addition, IS service has at least two 

types of stakeholders: employees and users (Yamada, 2020). Users' impressions 

focus on how successfully their needs are met, unlike employees, who base their 

opinions on performance and learning opportunities (Yamada, 2020). When 

DeLone and McLean created their success model, these opposing viewpoints 

were not separated (Yamada, 2020). IS success models have traditionally been 
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used to gauge employees' perceptions. However, for any platform to be 

sustainable, researchers stressed the importance of users’ perceptions of quality 

(French and Stavropoulou, 2015; Geerligs et al., 2018). 

As discussed above, most studies that assess the quality of IS services focus 

heavily on information or outcome quality to gauge the service's overall 

effectiveness, interaction quality to determine how users interact with service 

providers, and system quality to measure the system's overall effectiveness of 

service delivery (DeLone and McLean 2003; Parasuraman, Zeithaml and 

Malhotra, 2005; Nelson et al., 2005). Most IS researchers believe context should 

be considered when developing and evaluating service quality models (Pakurár et 

al., 2019). Moreover, no model of service quality can be regarded as universally 

superior since the context and research objectives frequently influence how the 

service quality components are conceptualised and evaluated (Phillips, Page and 

Sebu, 2020). 

3.3.3. Service quality theories in healthcare: 

Like IS researchers, healthcare researchers embraced the SERVQUAL model 

widely (Parasuraman, Zeithaml and Berry, 1988); however, its constrained 

dimensions have drawn criticism (Khattab, 2018; Madan and Jain, 2015). While 

some researchers adopted the original SERVQUAL model (Jonkisz, Karniej and 

Krasowska, 2022; Goula et al., 2021), others modified the model according to their 

study contexts (Albert, 2017; Hammanjoda and Singh, 2022). Thus, the application 

of the five-dimensional SERVQUAL in different healthcare settings generated 

different outcomes, such as the original five-dimensional structure supported by 

Jonkisz, Karniej and Krasowska (2022), and Goula et al., (2021), six dimensions 

by Hammanjoda and Singh (2022), seven dimensions by Itumalla et al., (2014), 
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nine dimensions by Albert (2017), and twelve dimensions by Licata et al., (1995). 

The additional dimensions are service quality features that the generic quality 

dimensions of the SERVQUAL model did not cover (Albert, 2017; Jonkisz, Karniej 

and Krasowska, 2022).Some of the additional quality dimensions identified by 

these researchers include- patient outcomes, equitable treatment, core medical 

services or abilities, information dissemination, equipment and records, fairness, 

patient safety, affordability and accessibility, priority, communication, and culture 

(Albert, 2017; Hammanjoda and Singh, 2022; Jonkisz, Karniej and Krasowska, 

2022; Goula et al., 2021). These modified SERVQUAL model implementations in 

the healthcare industry demonstrate the necessity of context-specific service 

quality conceptualisation and evaluation. Along with the SERVQUAL dimensions, 

outcome quality has also received the attention of many researchers and is now 

seen as a crucial part of healthcare quality (Jonkisz, Karniej and Krasowska, 2021; 

Kamble and Sarangdhar, 2015). The benefits that patients want from the service, 

such as advice or information, are the main emphasis of this component (Jonkisz, 

Karniej and Krasowska, 2021). 

Healthcare researchers made the same suggestions for a hierarchical and 

multidimensional conceptualisation of service quality as service marketing, and IS 

(Fassnacht and Koese, 2006; Martínez and Martínez, 2010; Jomnonkwao and 

Ratanavaraha, 2016). For instance, Dagger, Sweeney and Johnson (2007) used 

a multidimensional hierarchical model to assess the quality and projected 

satisfaction of services in healthcare settings. The researchers identified nine 

subdimensions—support, operation, timelessness, tangibles, atmosphere, 

expertise, information, relationship, and interaction, and four primary 
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dimensions—administrative, environmental, interpersonal, and technical quality 

(Dagger, Sweeney and Johnson, 2007). 

Overall, the many unsuccessful attempts to apply the general concepts in various 

service settings indicate how challenging it is to assess service quality (Fattah, 

2021). Thus, context must be considered to adequately conceptualise and 

evaluate service quality (Buswell, Williams and Sutton, 2017; Jaakkola and Terho, 

2021). Furthermore, researchers demonstrated in various contexts that service 

quality is multilevel and hierarchical (Jomnonkwao and Ratanavaraha, 2016). 

Researchers also urged incorporating subdimensions into service quality 

assessments since they are crucial in understanding complex human perspectives 

(Ko and Chou, 2020). 

3.4. Service quality theories in m-health: 

Several studies have evaluated the quality of m-health services using generic 

quality models, such as SERVQUAL and IS success models (Ross and Wohllebe, 

2021; Songs et al., 2021). Ross and Wohllebe (2021) compared the five-

dimensional SERVQUAL model-based quality of mobile health treatments for 

hearing healthcare to those provided in hospitals. Songs et al., (2021) used the IS 

success model to evaluate the quality of mobile health services for self-managed 

chronic conditions. However, due to the unique characteristics of m-health, such 

as mobility, interactivity, immediacy, personalised nature, accessibility, ubiquity, 

and virtual consultation, many researchers strongly argued to clearly distinguish 

between m-health service quality and other existing service quality frameworks 

(O’Connor, Andreev and O’Reilly, 2020; Mosadeghrad, 2014). It is also crucial to 

recognise the differences between the qualities of physical and digital services 

(Huang et al., 2015; Lu et al., 2016). 
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Researchers also asserted that m-health quality should be monitored and 

assessed contextually rather than using general scales, service quality models 

from other physical healthcare services, or IS (Pablos, Cavanaugh and Ly, 2016; 

Barson et al., 2017). These theories do not cover all critical aspects of the quality 

of m-health services, such as efficiency, privacy, and outcome quality (O’Connor, 

Andreev and O’Reilly, 2020; Pablos et al., 2016). Employing hierarchical, 

multidimensional modelling is essential since, like any other service, m-health 

service perceptions are latent variables and occur on multiple levels across 

multiple dimensions (Crocetta et al., 2020). 

Consequently, many researchers used hierarchical, multidimensional, and 

context-specific modelling to assess the quality of m-health services (Ahluwalia 

and Varshney, 2009; Oppong et al., 2018; Nouri et al., 2018; Akter, D’Ambra and 

Ray 2010; Jacob, Sanchez and Ivory, 2020). While employing the context-specific, 

hierarchical, and multidimensional m-health service quality model, the researchers 

reported three primary dimensions: outcome, interaction, and platform quality. The 

primary dimensions also have corresponding subdimensions - emotional and 

functional benefits for outcome quality; empathy, responsiveness, and assurance 

for information quality; and lastly, privacy, availability, efficiency, and reliability for 

platform quality (Ahluwalia and Varshney, 2009; Oppong et al., 2018; Nouri et 

al., 2018; Akter, D’Ambra and Ray 2010; Jacob, Sanchez and Ivory, 2020). This 

study has adopted this context-specific, hierarchical, multidimensional 

conceptualisation of quality with three primary dimensions and nine 

subdimensions, which are described in detail in the following subsections: 
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3.4.1. Platform quality: 

Platform quality, one of the main components of m-health service quality, relates 

to how consumers see the entire system for delivering services (Gagnon et 

al., 2015). The effectiveness of back-office operations, such as the database of 

medical information, call tracking and monitoring, mobile network coverage, and 

call routing capability, determines how well the service delivery system performs 

overall (Hartzler and Wetter, 2014). It is known as platform quality because it 

emphasises how users perceive location-based wireless services and health 

information systems (DeLone and McLean, 2003). Healthcare wireless network 

technologies pose various technological challenges, including access quality, 

reliability, scalable architectures, routing, and location tracking (Varshney, 2006). 

Additionally, the existing m-health literature frequently mentions how the privacy, 

availability, reliability, and efficiency of multiple platforms, such as the internet, 

wireless network technology, and IS, are crucial to the overall service system in 

m-health (Vo, Auroy and Sarradon, 2019; Dehling et al., 2015). 

Researchers agreed with platform quality and pointed out that the overall quality 

of a healthcare platform is frequently influenced by all components that offer right-

time services associated with the virtual interface and virtual back office 

(Govindarajan, Kaur and Yelam, 2019; Jigjidsuren and Oyun, 2022). Several 

issues with mobile platform service quality are related to network technologies and 

information systems, suggesting platform quality is critical to the quality of m-

health services (Gan and Poon, 2016). 

In addition, the multichannel service quality theory (Hossain et al., 2019), wireless 

healthcare theory (Janjua, Duranay and Arslan, 2020), mobile service quality 
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theory (Halvadia, Halvadia and Purohit, 2022), E-S-QUAL theory (Parasuraman, 

Zeithaml and Malhotra, 2005), and IT quality theory should be used as the 

foundation for platform quality (Nelson et al., 2005). The effectiveness of mobile 

communication and back-office operations (information systems) in the m-

healthcare system is evaluated by researchers using platform quality as a criterion 

(Jigjidsuren and Oyun, 2022; Shrivastava and Kumar, 2022). Thus, the study 

specifies system availability, privacy, efficiency, and reliability as subdimensions 

of platform quality, building on earlier research and careful observation of m-health 

services (Jigjidsuren and Oyun, 2022; Ahluwalia and Varshney, 2009; Oppong et 

al., 2018; Nouri et al., 2018; Akter, D’Ambra and Ray 2010; Jacob, Sanchez and 

Ivory, 2020; Dehling et al., 2015). The following subsections describe each of 

these subdimensions and their effects: 

3.4.1.1. Systems Privacy: 

Systems privacy measures lack the intrusiveness of technology, such as the 

security of personal information (Mulligan, Koopman and Doty, 2016). In other 

words, privacy refers to how secure or safe the platform is and whether users can 

trust it with their information (Parasuraman, Zeithaml and Malhotra, 2005). M-

health platforms must maintain a secure back-office operation to ensure privacy 

(Sousa and Voss, 2006). Kahn, Yang and Kahn, (2010) stressed that m-health 

must protect patient confidentiality. Handayani et al., (2015) pointed out that the 

movement of sensitive information and electronic storage poses threats to privacy 

in the m-health industry. Feder (2010) noticed this issue and stated that some 

individuals had voiced concerns regarding the system's privacy. Patients appear 

to consider privacy a significant problem with mobile health in the developing world 
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(Mariano, 2020). This study covers perceived system privacy since it substantially 

impacts perceived platform quality. 

3.4.1.2. Systems Reliability: 

Service promise and dependability measures are system reliability (Ali, Anwer and 

Anwar, 2021). M-health systems reliability ensures that the service is uninterrupted 

and unaffected by outside intervention to provide patients confidence in this 

platform (Shrivastava and Kumar, 2022). Integrating technology in such 

circumstances is necessary for IT reliability to be high (Sousa and Voss, 2006). 

The body of mobile health literature regularly discusses systems reliability as 

critical in maintaining the platform's technical soundness (Müthing, Brüngel and 

Friedrich, 2019). It has also been found that users' perceptions of system reliability 

are negatively affected by disrupted networks or connections during m-health 

service usage (Burch and Bunt, 2020). One of the six obstacles to implementing 

m-health, according to the Earth Institute (2010), is communication system 

reliability. As a result, perceived system reliability is suggested as a crucial 

component of perceived platform quality in this study. 

 

 3.4.1.3. Systems Efficiency: 

Efficiency is a function of a system's adaptability to different demands, usability, 

and organisation (Olimpio and Notargiacomo, 2020). While using an m-health 

service, a patient may have various needs; the platform must be efficient enough 

to provide information to meet each of them (Udurawana, 2017). Here, the m-

health platform's virtual back office is crucial for assuring functionality and usability 

(Liu et al., 2022). As a result, system efficiency reflects the platform's overall 
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operational proficiency and capacity to accommodate various requirements in 

dynamic environments. It also represents the platform's ability to organise 

information (Nelson et al., 2005). A service system's overall efficiency refers to its 

ease of system use (Sousa and Voss, 2006; Parasuraman, Zeithaml and Malhotra, 

2005). As a result, perceived system efficiency is a critical factor in perceived 

platform quality in this current study context. 

3.4.1.4. Systems availability: 

The responsiveness, timeliness, and ability to provide location-specific information 

are measured by a system's availability (Mirzoev and Kane, 2017). The mobile 

platform differs from previous electronic platforms because of this unique 

dimension (Mirzoev and Kane, 2017). The most significant promise is the 

“anytime, anywhere” medical service that m-health advertises as the offering 

(Akter, D’Ambra and Ray 2010; Varshney, 2009). Focusing on improving mobile 

coverage and call quality, as suggested by Ivatury, Moore and Bloch (2009), would 

bring attention to this component of the m-health hotline service and enable it to 

help patients anywhere in the country. To guarantee the m-health platform's right-

time availability, Sousa and Voss (2006) underlined the requirement for suitable 

levels of scalability to provide rapid and easy user access. This dimension is used 

to gauge several aspects of service accessibility, including network stability, 

network accessibility, and wait times (Levesque et al., 2013). So, this study 

emphasises perceived systems availability as a critical factor in perceived platform 

quality. 

To conclude, a platform quality measure represents how users perceive the overall 

healthcare delivery system over time (Evans et al., 2021). Higher platform quality 

should be viewed as a sign of a private, effective, and reliable m-health service 
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(Mirzoev and Kane, 2017). An adverse effect associated with one of these 

cognitive features of the perceived platform quality dimension can negatively affect 

people's perception of perceived platform quality (Hanefeld, Powell and 

Balabanova, 2017). Additionally, these characteristics demonstrate how m-health 

can offer users a seamless experience in several settings (Scherer et al., 2017). 

Thus, the study concludes that platform quality substantially influences how 

patients perceive the overall quality of m-health services. 

3.4.2. Interaction quality: 

According to this study, perceived interaction quality impacted the quality of an m-

health service. It focuses on how a service provider engages with a user via a 

mobile platform, which affects the overall quality of the service (Hossain et 

al., 2019). Bitner (1990) stated that from the customer's perspective, interaction is 

what makes up the service. It is the perceived level of interpersonal connection 

between healthcare professionals and patients via the m-health service platform 

in the context of m-health (Gagnon et al., 2015). Providing excellent customer 

service and an overall customer experience requires service providers to 

acknowledge and address their concerns, interests, and needs (Teboul, 2007). 

Service providers and customers interact to create, deliver, and consume services, 

which is why Dagger, Sweeney and Johnson (2007) explained that interpersonal 

processes influence the consumer's evaluation of service quality. 

During service consumption, interpersonal interactions often significantly impact 

how well services are perceived (Dagger, Sweeney and Johnson, 2007). In 

contrast to traditional physical services, interaction quality through web-based data 

services is allegedly more crucial (Barnes, 2003). It is critical for effective chronic 

disease management in mobile health settings for providers and patients to 
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communicate effectively (Lee, 2018). The corpus of studies, therefore, clearly 

suggests that interaction characteristics influence the quality of mobile health care 

(Akter and Ray, 2010; Ivatury, Moore and Bloch, 2009). 

Both marketing and information systems commonly employ the SERVQUAL 

theory (Parasuraman, 1985; 1988) to evaluate the quality of interpersonal 

interactions (Othman and Buang, 2021). Several studies have identified three 

SERVQUAL model components (i.e., empathy, assurance, and responsiveness) 

to capture the interactivity quality elements most relevant to electronic services 

(Pakurár et al., 2019; Dandis et al., 2021). According to Pohontsch et al., (2018), 

patients perceive the quality of care in a mobile health hotline based on their time, 

the provider's expertise, and the doctor's responsiveness to their needs. Thus, this 

study suggests that empathy, assurance, and responsiveness—discussed more 

in-depth in the following subsections—can measure how well doctors and patients 

communicate when they use m-health services. 

3.4.2.1. Empathy: 

Empathy is the capacity to provide consumers with specific attention and 

understand their needs (Parasuraman, 1988). Empathy refers to the ability to 

understand and communicate the patient's inner experiences and viewpoints as a 

cognitive attribute instead of an affective one (Hojat, 2005). This factor assesses 

how well medical professionals understand patients' requirements by looking at 

their attitudes and behaviours (Bitner, 1990; Brady and Cronin, 2001). Providers 

demonstrate this understanding by addressing patients' concerns courteously, 

helpfully, and compassionately (Andaleeb, 2001). In general service literature, 

empathy is crucial in measuring service quality since it significantly impacts users' 

assessments (Rosenbaum and Massiah, 2007). In health service research, 



106 
 

 

empathy also plays an essential role in interpersonal interaction with patients 

(Moudatsou et al., 2020). To provide patients with the best healthcare, healthcare 

professionals must demonstrate empathy and pay close attention to their needs 

(Grougiou and Pettigrew, 2011). Physicians have a moral obligation and a societal 

responsibility to assist their patients, which makes up this quality (Lee and Lee, 

2020). As a result, empathy is viewed in this study as one of the essential 

subdimensions of the success of patient-physician interactions in the m-health 

context. 

3.4.2.2. Assurance: 

Assurance describes the courtesy and knowledge healthcare professionals show 

to build patients’ trust and confidence (Parasuraman, 1988). This component in m-

health refers to a doctor's skills, knowledge, and competence in interacting with 

patients via a mobile platform (Akter, D’Ambra and Ray 2010). This platform 

expects physicians to demonstrate professionalism and competence in all patient 

engagements (Perreira et al., 2019). For the patients, assurance also means they 

should anticipate receiving fair treatment following the appropriate protocols 

(Dandis et al., 2021). Those who think their service providers need these qualities 

may lose faith in the quality of the medical care they will receive (Andaleeb, 2001). 

According to Andaleeb (2008), the efficiency of interactions in traditional medical 

therapy in developing countries greatly depends on assurance. Reynolds and 

Smith (2010) concluded that “assurance” is dominant in developing collectivist 

cultures. Accordingly, this study sees perceived assurance as a crucial aspect of 

interaction quality that eventually affects how well the overall quality of the service 

is considered. 
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 3.4.2.3. Responsiveness: 

Responding to users' needs refers to the degree to which service providers are 

willing to assist them (Kettinger and Lee, 1997; Parasuraman, 1985; 1988). 

Another definition of this phrase is the capability of service providers to handle 

users' concerns through efficient communication (Plebani and Ramoni, 2012). 

Research has shown that interactions are more successful when people are 

receptive (Brady and Cronin, 2001; Witkowski and Wolfinbarger, 2002). Andaleeb 

(2001) believes that delivering healthcare must include attending to the needs of 

the patients and being open with them. This metric demonstrates that punctuality 

and response time play a crucial role in the quality of interactions. According to 

Prgomet, Georgiou and Westbrook (2009), people use mobile health when quick 

response and time are essential. Time is a critical factor in how effectively the 

service works, and on the m-health platform, timely patient care is necessary 

(Kessel et al., 2016). Previous studies have extensively shown the relationship 

between improved responsiveness and greater interaction quality in any cultural 

setting (Reynolds and Smith, 2010; Hart and Moreno, 2016). Thus, perceived 

responsiveness is a crucial component of perceived interaction quality, according 

to this study. 

Overall, these three cognitive characteristics define the quality of patient-physician 

interaction in developing countries (Kessel et al., 2016; Brady and Cronin, 2001; 

Reynolds and Smith, 2010). The m-health setting is a technology-mediated, highly 

interactive, and complex environment in which empathy, assurance, and 

responsiveness are essential in facilitating interactions (Plebani and Ramoni, 

2012; Hart and Moreno, 2016). 
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3.4.3. Outcome quality: 

Researchers define outcome quality as the degree to which users think they have 

benefited from the system or their interactions with online service platforms 

(Oppong et al., 2018). A customer's outcome quality is what he or she receives at 

the end of a service or an encounter (Oppong et al., 2018). Dagger, Sweeney and 

Johnson (2007) argued that outcomes refer to the results experienced over time 

rather than the final result, such as a cure. Campbell, Roland and Buetow (2000) 

stressed the need to separate the quality of the process from outcome quality in 

every provider-consumer encounter. Several marketing researchers emphasised 

the importance of outcome quality when it comes to service benefits that may be 

of varying significance to users (Lorin, 2019). 

Researchers identified outcome quality in the healthcare context as a fundamental 

feature of the assessment of service quality (Curdy et al., 2017; Lorin, 2019). 

Several studies showed that traditional healthcare significantly connected quality 

and outcome (Dagger, Sweeney and Johnson, 2007). In a thorough analysis of 

the effects of mobile devices on healthcare, Prgomet, Georgiou and Westbrook 

(2009) highlighted the link between the benefits of m-health and higher service 

quality, more mobility, fewer medical failures, improved communications, better 

information access, and increased productivity. Ivatury, Moore and Bloch (2009) 

showed in a study of m-health hotline services that low service benefits and low 

service perceptions directly correlate to poor service performance. The need to 

evaluate perceived outcomes was frequently emphasised by m-health 

researchers (Lorin, 2019; Oppong et al., 2018). Considering this, this study 

describes that outcome quality influences the quality of m-health services. 

Researchers use subjective assessment to measure this concept as a perceptual 
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construct (De-Korte et al., 2018). The following subsections discuss the functional 

benefit and emotional benefit as significant outcome quality subdimensions:  

3.4.3.1. Functional benefit: 

Functional benefit measures how well an m-health service accomplishes its 

original purpose (Oppong et al., 2018). Functional or utilitarian benefit primarily 

shapes purchasing decisions or service exchanges (Bettiga et al., 2020). Service 

is seen as a way of reaching some purpose by those who hold to the utilitarian 

worldview (Bettiga et al., 2020). According to IS researchers, perceived utility is 

crucial in fostering a favourable attitude toward utilising technology (Pan, 2020; 

Beer and Mulder, 2020). These findings demonstrated that consumers evaluate 

the functional benefit of using a specific service system rationally and analytically 

(Pan, 2020; Beer and Mulder, 2020).   

Giving patients the proper AIDS/HIV care is impossible without using mobile health 

technologies (Kahn, Yang and Kahn, 2010). Using mobile devices and adhering 

to medicine led to more significant improvements in their health (Kahn, Yang and 

Kahn, 2010). Ivatury, Moore and Bloch (2009) found that m-health services 

provide advantages in terms of time, money, privacy, and better solutions. While 

outcome quality is commonly included in overall service quality assessments, 

more studies on this component need to be conducted in the context of mobile 

health (Albert and Vargas, 2010; Lu et al., 2013). Thus, further research 

investigated and confirmed the impact of perceived functional benefit on perceived 

outcome quality (Kato, 2021; Said and Mustaking, 2020). 
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3.4.3.2. Emotional benefit: 

 An m-health service's emotional benefit is its ability to elicit positive emotions 

(Caprara et al., 2022). The emotional benefit comes from how good people feel 

after using mobile health services (Caprara et al., 2022). Emotional benefit is non-

instrumental and experienced (Gross, Uusberg and Uusberg, 2019). Research 

has also shown that emotional benefit significantly impacts our ideas, attitudes, 

and behaviours (Harper and White, 2013; Choudhry et al., 2016). Certain 

emotional advantages, including arousal, enthusiasm, and encouragement, may 

impact users' attitudes toward using and continuing with IT (Tyng et al., 2017). 

According to Beaudry and Pinsonneault (2010), users' impressions of new 

systems and their performance characteristics led to emotional benefits, which 

later affected their behaviour. Consumer behaviour studies consider emotional 

benefit crucial since they significantly influence consumer decisions (Zayer and 

Pounders, 2022). Hirschman and Holbrook (1982) separated customers into 

hedonists (those seeking utilitarian advantages) and problem solvers (positive 

stimulation seekers). The researchers described that the hedonic features of 

consuming events might affect judgments of overall quality (Hirschman and 

Holbrook,1982). As a result, service research has emphasised the emotional 

benefit that might influence people's perceptions of service quality (Lee, Lee and 

Chung, 2019; Morikawa, 2023). This is especially crucial for the m-health system, 

which offers patients emotional and functional benefit (Santos et al., 2022). This 

attribute describes how people feel about their interactions with healthcare 

providers regarding stimulation or encouragement. This benefit eliminates any 

mental disquiet that patients may have due to their medical issues (Stone et 

al., 2019). Feder (2010) asserted that m-health empowers patients in developing 

nations by offering all the necessary assistance. Patients now have greater control 
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over their treatment and can voice their concerns to clinicians (Feder, 2010). Thus, 

hedonic or emotional benefit contribute to the perception of quality in m-health care 

(Caprara et al., 2022; Lee, Lee and Chung, 2019). As a result, to capture the 

perception of overall service quality in m-health, this study proposes this 

subdimension by articulating this hedonic benefit as a crucial element of outcome 

quality (Lee, Lee and Chung, 2019; Zayer and Pounders, 2022). 

Overall, this research implies that an essential core component of mobile health is 

outcome quality, which comprises subdimensions that include emotional and 

functional benefits (Oppong et al., 2018; Caprara et al., 2022). Although the 

relevance of outcome quality has been frequently mentioned in the literature, very 

few researchers have looked at its role in overall service quality (Stone et 

al., 2019; Beaudry and Pinsonneault,2010). For a complete understanding of how 

functional and emotional benefits affect service quality, more research is required 

(Zayer and Pounders, 2022). As a result, this study indicates functional and 

emotional benefits as outcome quality to understand how people in developing 

countries perceive the overall quality of m-health services. 

 

3.5. Social and personal norms: 

As described in chapters 1 and 2, this study has included social and personal 

norms into the research model to assess their effects on the outcome variables—

satisfaction and usage behaviours. Researchers have often employed the 

following variables to assess the impact of the social environment on the 

dependent variables in the research models: social influence, social norms, 

descriptive norms, injunctive norms, and subjective norms (Islam, Ahmed and 
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Tarique, 2016; Howard and Sommers, 2015; Swanson and Maltinsky, 2019; 

Trujillo, Estrada and Rosa, 2021). This study used social norms as an integrated 

term in the conceptual framework. This phrase can be used to refer to a particular 

social object or set of objects, such as friends, family, or other reference groups, 

and it includes most formal definitions of social norms, descriptive norms, 

subjective norms, and injunctive norms (Howard and Sommers, 2015; Swanson 

and Maltinsky, 2019; Trujillo, Estrada and Rosa, 2021; Fang, Wang and Hsu, 

2017).The following subsections briefly describe the social and personal norms 

constructs included in the current study context: 

3.5.1 Defining social norms: 

The social environment can significantly influence people's intents and behaviours 

(Estrada et al., 2017). Social scientists or other sociologists commonly refer to 

social norms when describing this influence (Estrada et al., 2017; Legros and 

Cislaghi, 2019). Social norms outline the accepted behaviours in a group or society 

(Fishbein and Ajzen, 2009). This normative concept is highlighted from diverse 

theoretical perspectives (Estrada et al., 2017; Legros and Cislaghi, 2019). In 

rational choice theories, people's behaviours are usually governed by self-interest 

and social norms (Boudon, 2003). This viewpoint highlights that- the primary 

purpose of norms is to ensure that behaviour benefits the wider social system and 

the interests of the individual (Boudon, 2003). Individuals are logically motivated 

to follow social standards since breaking them can result in unfavourable 

consequences (Burke et al., 2009). 

Furthermore, people look for meaning in their social interactions as presented in 

the symbolic interactionist tradition (Deitelhoff and Wolf, 2013). Norms provide 

meaning by offering guidelines and structuring the situation regarding proper or 
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improper behaviour (Deitelhoff and Wolf, 2013). Finally, a third viewpoint, social 

behaviourism, defines norms only regarding behavioural regularities. According to 

this view, people follow the prevalent behavioural patterns in their social settings 

(Islam, Ahmed and Tarique, 2016). From the discussion above, this study 

conceptualises norms as empirical regularities, general guidelines, or strict rules 

(Deitelhoff and Wolf, 2013; Islam, Ahmed and Tarique, 2016; Burke et al., 2009). 

3.5.1.1. Compliance with perceived social pressure: 

Understanding the potential effects of perceived social pressure on intentions and 

behaviour is essential (Legros and Cislaghi, 2019). This topic can be simplified 

using French and Raven's five bases of social power (Kovach, 2020). It is possible 

to conclude from such analysis that others can affect our behaviour since they hold 

one or more forms of power: 

1. Referent power: Compliance with perceived social pressure may be motivated 

by a desire to be like the social actor, referred as referent power (Kovach, 2020). 

2. Expert power: People may yield to felt social pressure because of the social 

agent's knowledge, competence, or abilities (Kovach, 2020). 

3. Coercive power: A social agent may have the power to use coercion to impose 

sanctions for disobedience (Kovach, 2020; Hofmann et al., 2017). 

4. Reward power: People may give in to their perception of social pressure when 

they perceive the person exerting the pressure as having authority to reward 

desired behaviour (Koski et al., 2015). 
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5. Legitimate power: Because of membership in a particular organisation, network, 

or society generally, members may feel entitled to impose rules on behaviour in 

response to perceived social pressure (Koski et al., 2015). 

The notion that social standards do not influence behaviour unless reinforced by 

punishment permeates many theoretical conceptions (Bandura, 1997). However, 

only coercive and reward power are considered in French and Raven's evaluations 

regarding sanctions to promote compliance or discourage disobedience (Kovach, 

2020). The other three sources of power can generate compliance without 

incentives for acceptable behaviour or sanctions for transgressions of social norms 

(Koski et al., 2015). The theory of reasoned action agrees with French and 

Raven's analysis that social pressure can influence an individual's actions without 

anticipating punishments or rewards (Welsh, 2021). 

3.5.1.2. The difference between injunctive and descriptive norms: 

According to Ajzen and Fishbein, in their initial formulation of the reasoned action 

approach, subjective norms refer to individuals' perception that most people 

consider specific behaviour appropriate or inappropriate (Ajzen and Fishbein, 

1980). The term "subjective norm" relates to a specific behavioural prescription or 

proscription given to a generalised social actor in both the theory of planned 

behaviour (TPA) and the theory of reasoned action (TRA) (Ajzen and Fishbein, 

1980; Ajzen, 1991). It is an individual's perception that significant others expect, 

desire, or prescribe the performance of a specific behaviour. The researchers 

called this notion subjective norms since it may or may not correspond to what 

others genuinely believe must be done (Ajzen and Fishbein, 1980; Ajzen, 1991). 
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However, normative recommendations are just one type of perceived normative 

pressure (Fishbein and Ajzen, 2009). Individuals may sense normative pressure 

because they believe that significant others are engaging or not engaging in the 

behaviour of concern and that specific persons or organisations want them to 

execute certain behaviours (Trujillo, Estrada and Rosa, 2021). Researchers used 

the terms injunctive and descriptive to describe these two categories of norms 

(Fishbein and Ajzen, 2009; Ham et al., 2015). Injunctive norms describe what one 

should or should not do when engaging in a specific behaviour, whereas 

descriptive norms describe how others behave (Fishbein and Ajzen, 2009). In 

other words, injunctive norms refer only to perceptions about what others think 

should be done. In contrast, descriptive norms refer to what others perceive as 

appropriate behaviour (Fishbein and Ajzen, 2009). In the integrative model 

proposed by Ajzen and Fishbein (2000), the normative component represents the 

overall social pressure experienced regarding a given conduct in contrast to the 

original meaning of subjective norm, which only refers to injunctive norms. This 

view is claimed to include and combines the intentions and actions of significant 

referent persons and groups (Fishbein and Ajzen, 2009). 

Injunctive norms influence all five power bases noted by French and Raven 

(Legros and Cislaghi, 2019). Comparatively, only expert and referent power can 

explain the impact of descriptive norms (Kovach, 2020). When the social agent 

has the power to reward or punish them, or they want to be like the agent, if the 

agent is an expert in the field, or if they have the right to request it, then people 

may feel pressured to behave in a certain way by their peers (according to what 

they believe other people expect them to do; injunctive norms).The use of power, 
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legitimate, coercive, and reward all suggest that the social actor expects a specific 

type of conduct or an injunctive norm (Koski et al., 2015).  

Expert and referent power can also support compliance with descriptive norms 

(Kovach, 2020). In other words, people may imitate the behaviour of others 

because they see them as experts or aspire to be like them. Because the 

observation that others execute a behaviour does not necessarily suggest that 

these individuals have the authority to reward or punish the individuals or that they 

may expect other individuals to behave as they do, descriptive norms are less 

likely to be influenced by legitimate, coercive, and reward power (Swanson and 

Maltinsky, 2019). 

Furthermore, researchers described that descriptive norms could illustrate what is 

likely effective and adaptive (Niemiec et al., 2020; Richter, Thøgersen and 

Klöckner, 2018). People may easily conclude that a particular activity is 

appropriate given the circumstances if most people are engaging in it. These other 

people are especially relevant if they are authorities on the behaviour in question. 

One may make an effective decision by observing what most others do in a given 

situation and emulating their behaviour (Trujillo, Estrada and Rosa, 2021). When 

deciding how to act in a specific situation, these researchers stated that imitating 

the behaviour of others allows us to process information and make decisions 

swiftly (Niemiec et al., 2020; Richter, Thøgersen and Klöckner, 2018; Trujillo, 

Estrada and Rosa, 2021). 

Furthermore, in addition to their direct influence on intentions, descriptive norms 

might indirectly influence them (Gómez et al., 2018). A person's understanding of 

another person's behaviour goes beyond registering what they do. First, they may 
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see how others respond to their conduct, which might affect how people feel about 

it and imply that it is prescribed or forbidden (injunctive norms) (Gómez et 

al., 2018). Second, they may discover that the action has additional good or bad 

effects that again influence attitudes (Howard and Sommers, 2015). Third, they 

might discover that certain resources are needed, and specific obstacles must be 

removed to carry out the behaviour (Kwasnicka et al., 2016). Thus, descriptive 

norms can affect intentions directly and indirectly by affecting attitudes, injunctive 

norms, and perceptions of behavioural control (Kwasnicka et al., 2016; Gómez et 

al., 2018; Howard and Sommers, 2015). The following subsections briefly describe 

descriptive and injunctive norms: 

3.5.1.2.1. Injunctive norms: 

Like the other elements in the behavioural prediction model, injunctive norms are 

specific to a particular behaviour. A measure of the injunctive norm must align with 

the measurements of intention and behaviour and the individual's actions, targets, 

contexts, and timings to predict intention and behaviour (Fishbein and Ajzen, 

2009). 

Like other latent structures, the injunctive norm has many possible indicators 

(Pedersen et al., 2017). The proposals of a generalised social actor are frequently 

the focus of these indications of injunctive norms (for example, "most of the 

individuals who are important to me and whose opinions I value") (Pedersen et 

al., 2017). They are thus beliefs about what a generalised normative referent 

considers to be correct or incorrect conduct and what that generalised referent 

believes should or should be done (Koski et al., 2015). 
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The injunctive norm frequently refers to a behavioural rule or prescription that 

applies equally to all population members or a subset of the population in a 

particular role, position, or social environment (Legros and Cislaghi, 2019). 

However, measures of injunctive norms are obtained at the individual level (i.e., 

this is a measure of how an individual perceives the prescriptions of others that 

are important to them) (Ham, Jeger and Frajman, 2015). In fact, for many 

behaviours, injunctive norms will be the same for several persons if these 

individuals have the same function or social position (Kovach, 2020). In some 

cases, injunctive norms differ very little for certain behaviours, although intentions 

and behaviours may vary considerably (Bhanot, 2021). For example, even though 

college students know they must routinely attend their classes, many fail to do so 

(Steffen, 2019). In these circumstances, the injunctive norm is not correlated with 

the behaviour, but it is not obvious that it is not impacting it (Steffen, 2019). Lastly, 

injunctive norms can similarly influence everyone's behaviour but cannot account 

for observed variations in intents and actions (Kovach, 2020). 

3.5.1.2.2. Descriptive norms: 

As was previously mentioned, Ajzen and Fishbein's earlier research concentrated 

solely on injunctive norms, but it is now increasingly evident that there are other 

normative influences on conduct besides just injunctive ones (Fishbein and Ajzen, 

2011). Descriptive norms, or standards based on perceptions of other people's 

actions, were acknowledged in the integrative model as a second important source 

of perceived social pressure (Swanson and Maltinsky, 2019). Descriptive norms 

have always piqued people's curiosity (Richter, Thøgersen and Klöckner, 2018). 

How many of their classmates, peers, or friends engage in certain activities, such 

as using tobacco, drugs, alcohol, or condoms, is a popular question researchers 
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ask their respondents (Richter, Thøgersen and Klöckner, 2018). Most of this study 

focuses on risky behaviours and is conducted with young individuals (Naz et 

al., 2005). A significant influence is assumed to exist between peer pressure and 

behaviour (Howard and Sommers, 2015). The effect of other normative referents 

may need to be better captured by measures that concentrate on a particular peer 

group. Such measures also may not directly reflect the general descriptive norm 

(Trujillo, Estrada and Rosa, 2021). Second, we are frequently interested in 

anticipating behaviour within a specific time range (Chevance et al., 2020). 

Because it does not define a specific time element, the perceived frequency with 

which peers engage in the action frequently falls short of compatibility (Howard 

and Sommers, 2015). 

 

3.5.2. Personal norm: 

Normative concepts such as social norms are not the only ones influencing 

behaviours (You, Jong and Wiangin, 2020; Fishbein and Ajzen, 2009; Kaiser and 

Schuettler, 2003; Salazar and Ramírez, 2021; Ottar and Grunert, 2010). According 

to Fishbein and Ajzen (2009), although many researchers have considered adding 

several normative components, such as-personal norms, moral norms, or partner 

norms, the concept of personal norms has a higher potential to be included as an 

independent predictor in the theoretical model. Personal norms refer to people's 

judgements of whether they, rather than important others, feel they should or 

should not carry out a specific behaviour (Schwartz, 1977). These norms are 

associated with the self-concept and moral obligations to follow specific 

behaviours (Schwartz, 1977). Regarding personal norms, internal rather than 
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external processes govern behavioural regulations (Kallgren et al., 2000). There 

is some evidence that personal norms develop through extensive self-reflection 

and thought independent of societal expectations (Thgersen, 2009). Compliance 

with personal norms has been associated with emotions of pride, whereas 

disobedience has been associated with guilt (Onwezen, Bartels and Antonides, 

2014). 

Personal norms can influence a range of behaviours (de Groot et al., 2021; 

Yang et al., 2020; Bamberg, Hunecke and Blöbaum, 2007; Ottar and Grunert, 

2010; Bamberg, Hunecke and Blöbaum, 2007; Mehmetoglu, 2010). In the context 

of the environment, for example, researchers have shown that individuals who 

sense a moral commitment to safeguarding the environment are more likely to 

purchase organic food items (Thgersen and Lander, 2006), utilise public transit 

(Bamberg, Hunecke and Blöbaum, 2007), and minimise personal automobile use 

(Nordlund and Garvill, 2003). According to Mehmetoglu (2010), moral commitment 

to environmental protection is related to pro-environmental behaviour both on 

vacation and at home. Also, Brown, Ham and Hughes (2010) found that visitors' 

personal norms significantly influence their pro-environmental behaviours. They 

observed that emphasising personal norms (through persuasion) increased the 

chance of individuals picking up trash while visiting protected areas. Additionally, 

according to research by Doran and Larsen (2015), people's intentions to select 

eco-friendly travel options positively correlate with the extent to which they feel 

they have a moral obligation.  

According to a study by Hwang, Lee and Diddi (2015) which evaluated the link 

between moral responsibility and garment purchase intentions, moral 

responsibility had a favourable and substantial influence on purchasing intentions 
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for recycled, fair-trade, and organic goods. Wynveen and Sutton (2015) described 

that those who feel strongly about their social and environmental responsibilities 

are more likely to adopt climate change-reducing habits like buying energy-

efficient products and planting trees to protect the environment. Thus, the research 

showed how those with strong personal norms are more driven to buy eco-friendly 

products (Wynveen and Sutton, 2015). 

The influence of personal norms on intention or behaviour is not restricted to 

environmental contexts (Safi, Thiessen and Schmailzl, 2018; Maity et al., 2019). 

Personal norms are also key determinants of consumers' usage of information 

technology. For example, in the context of digital piracy, research has 

demonstrated that moral intensity affects customers' attitudes about piracy and 

inclination to pirate (Mateja et al, 2014), implying that the behaviour is considered 

anti-social. Personal norms are inversely related to people's behavioural intention 

and actual digital pirate behaviours, according to (Maity et al., 2019), because 

personal norms are the moral duty that motivates individuals to refrain from 

engaging in digital piracy. Personal norms also influence how individuals use 

technology in medical environments (Safi, Thiessen and Schmailzl, 2018; Holden, 

2012). Holden (2012) demonstrated that personal norms strongly influence 

doctors' use of electronic health records (EHRs), as physicians believed they had 

a duty to use EHRs for patient safety and the highest quality of care. Thus, 

considering the significance of personal norms in predicting individuals' 

behaviours, this study has included personal norms, along with social norms, to 

measure their influence on users' satisfaction with the DGHS m-health service and 

their usage behaviours (Yang et al., 2020; Bamberg, Hunecke and Blöbaum, 

2007; Mehmetoglu,2010; Wynveen and Sutton, 2015). 
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3.6. An overview of the normative influence in the theory of planned 

behaviour: 

As mentioned earlier, the normative components employed in this study are 

derived from the theory of reasoned action (TRA) and the theory of planned 

behaviours (TPB) (Ajzen and Fishbein, 1980; Ajzen, 1991). Thus, it is essential to 

assess how users' perceptions of norms—specifically, social and personal 

norms—affect their behaviours in light of these theories (Manning, 2009). The TPB 

is a successor of the TRA postulated in 1980 to predict an individual's intention to 

engage in a behaviour at a specific time and place (Ajzen and Fishbein, 1980; 

Ajzen, 1991). The theory attempts to explain all behaviours subject to self-control 

(Ajzen, 1991). 

According to the TPB, an immediate antecedent of a behaviour is the intention to 

perform it (Ajzen, 1991). This behavioural intention, in turn, depends on three key 

factors: perceived behavioural control, the user's perceived degree of control over 

engaging and completing a behaviour, perceived subjective norms toward the 

behaviour, and an attitude towards the behaviour (Ajzen, 1991). According to the 

TPB, users' favourable perceptions of behavioural control, subjective norms, and 

attitude towards behaviour will result in favourable intentions to engage in a 

specific behaviour (Manning, 2009).  

Among the other components, this study has focused exclusively on the normative 

influence of the TPB. As mentioned in section 3.5, this study has employed an 

integrated term of social norms instead of subjective norms. Although the initial 

TPB model only included subjective norms, researchers consider adding other 
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normative components, such as personal, moral, and partner norms, to improve 

the model's predictive power (Fishbein and Ajzen, 2009; Shepherd and Raats, 

1996; Ajzen, 2011; Kaiser and Schuettler, 2003; Salazar and Ramírez, 2021; Ottar 

and Grunert, 2010; Conner and Armitage 1998). In addition, several studies have 

confirmed the role of personal norms as a significant predictor of behavioural 

outcomes (de Groot et al., 2021; Yang et al., 2020; Bamberg, Hunecke and 

Blöbaum, 2007; Ottar and Grunert, 2010; Bamberg, Hunecke and Blöbaum, 2007; 

Mehmetoglu,2010). Consequently, this study included personal norms in the 

research model to assess the impact of personal norms on users' DGHS m-health 

service usage behaviours. 

The original TPB asserts that behavioural intentions completely mediate the link 

between perceived norms and behaviour (Ajzen, 1991; Ajzen and Fishbein, 1973). 

Nonetheless, several researchers on the TPB identified that normative constructs 

could directly influence behaviours (Christian and Abrams, 2004; Armitage and 

Abrams, 2003; Okun et al., 2002; Manning, 2009). The researchers further 

described that exploring the potential for direct effects is beneficial given the 

hypothetical nature under which people report their cognitions regarding 

behaviours in TPB studies (Christian and Abrams, 2004; Armitage and Abrams, 

2003; Okun et al., 2002; Manning, 2009). Moreover, the relationships between 

cognitions and behaviours evident in real behavioural contexts may not be 

represented accurately by hypothetical contexts (Kun et al., 2002; Manning, 

2009). It is also possible that an individual's intention to engage in a particular 

behaviour may change between the time the intention is formed and the time the 

opportunity for engaging in the behaviours arises (Ajzen, 1991). Contrary to this, 

perceptions of norms associated with behaviour are less likely to change over time 
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(Christian and Abrams, 2004; Armitage and Abrams, 2003). As a result, there is a 

possibility that reported perceived norms have stronger relationships with 

behaviour compared to the relationship between behaviour intention and 

behaviour, indicating the presence of a direct influence of social norms on specific 

behaviour (Manning, 2009). Thus, this study investigated the influence of social 

and personal norms on users' m-health service usage behaviours rather than their 

intentions. 
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Chapter 4 

Conceptual model and hypotheses development 

 

4.1. Overview: 

This chapter aims to develop a conceptual model based on the gaps identified in 

Chapters 1 and 2 to develop hypotheses assessing the relationships between m-

health service quality, social norms, personal norms, satisfaction, and usage 

behaviours. This chapter is designed as follows: Section 4.2 describes the 

development of the conceptual model, followed by section 4.3, which highlights 

the integration of the theoretical foundations. Moreover, Section 4.4 describes ten 

hypotheses to evaluate the relationships between service quality, social norms, 

personal norms, and two outcome constructs—satisfaction and usage behaviours. 

Further, four hypotheses are presented in section 4.5 to assess the role of control 

variables on satisfaction and usage behaviours. 

4.2. Conceptual model: 

 

A conceptual model can be helpful in systematically acquiring and presenting 

knowledge (Snyder, 2019). The conceptual model proposed in this study 

describes the impact of users' overall perceived service quality, social and 

personal norms on their satisfaction and usage behaviours within a developing 

country's context (Figure 4.1). Researchers often described the association 

between perceived service quality, satisfaction, and behaviours using the 

cognitive-affective-conative framework (Melo and Toral, 2019; Ahn and Back, 
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2017). The cognitive-affective-conative framework is based on the hierarchy-of-

effects model (Lavidge and Steiner, 1961), which states that when a consumer 

becomes aware of a product and gains information about its components, the 

service encounter facilitates some evaluation that elicits related attitudes. These 

attitudes enable consumers to act and make decisions (Chen and Wang, 2015; 

Tien, Amaya and Liao, 2019). The cognitive-affective-conative framework is 

deemed appropriate for this research as it includes the components of overall 

service quality, satisfaction, and usage behaviours. In this study context, DGHS 

m-health service quality perceptions lead to users' satisfaction and usage 

behaviours (Knoll and Matthes, 2016; Yang, 2023; Oriade and Schofield, 2019). 

The term "service quality" employed in this study relates to how users view an 

entity's overall excellence or superiority, and it is congruent with the standard 

definitions used in the literature on service (Hemsley and Alnawas, 2016; Wu and 

Cheng, 2013; Vo, Auroy and Sarradon, 2019; Aggarwal, Aeran and Rathee, 2019; 

Blut, 2016). Users' perspectives are increasingly significant in defining health 

services' quality, forming a critical indicator (Sun et al., 2019). This study thus 

focuses on users' perceptions to better understand how users see the quality of 

m-health services in the developing world (Vo, Auroy and Sarradon, 2019) and 

proposed that- the overall m-health service quality significantly influences users' 

usage behaviours directly and through satisfaction (Wu et al., 2022; Ogundele and 

Cilliers, 2020; Tanisah and Maftukhah, 2015).  

As mentioned in the previous chapters, this study employed multidimensional, 

hierarchical, and context-specific conceptualisation of m-health service quality 

with three primary dimensions-platform quality, interaction quality, and outcome 

quality, and nine corresponding subdimensions-privacy, reliability, availability, 
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efficiency, responsiveness, assurance, empathy, functional benefit, and emotional 

benefit (Dimensions and subdimensions described in details in chapter 3 section 

3.4) (Figure 4.1) (Ahluwalia and Varshney, 2009; Oppong et al., 2018; Nouri et 

al., 2018; Akter, D’Ambra and Ray 2010; Jacob, Sanchez and Ivory, 2020). It is 

common to have multiple dimensions in a multidimensional and hierarchical 

model, with each dimension capturing a portion of the overall latent variable 

(Tomov et al., 2020; Dagger, Sweeney and Johnson, 2007; Dabholkar et 

al., 2006; Lu, Zhang and Wang, 2009). There are both practical and theoretical 

implications of hierarchical modelling (Wynn et al., 2017). Theoretically, 

hierarchical modelling demonstrates that users combine their subdimension 

evaluation to produce primary dimensions, resulting in an overall view of a specific 

construct (Bagozzi and Lee, 2017). Practically, hierarchical modelling minimises 

model complexity and enhances theoretical parsimony (Bagozzi and Lee, 2017; 

Bagozzi, 2011). Hierarchical models can capture specific aspects of constructs 

since theoretical models require capturing specific dimensions (Fassnacht and 

Koese, 2006). A hierarchical model can better capture the complexity of human 

perceptions. It is a measure-specific modelling that enables the matching of certain 

independent and dependent variables (Bagozzi and Lee, 2017). Several 

researchers reflected on the benefit of hierarchical modelling in matching the level 

of abstraction (Tomov et al., 2020; Dagger, Sweeney and Johnson, 2007; Lu, 

Zhang and Wang, 2009). Chapter 6 complements the conceptual justification for 

such modelling with empirical results regarding construct reliability and validity. 

Moreover, in existing research on measurement model specifications, service 

quality was described as a reflective model within the broader nomological network 

of quality (Sajtos and Magyar, 2016; Theodosiou et al., 2019; Dehling et al., 2015; 

Kim et al., 2019). This study defines service quality as a reflective construct in line 
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with these findings. First, given that the theoretical direction of causality is from 

constructs to items, the study characterises the research model as reflective 

(Sajtos and Magyar, 2016). More specifically, this decision rule suggests that 

measurements are manifestations of constructs, i.e., changes in the constructs 

result in changes in the measures. For instance, the construct systems reliability 

in m-health was measured by Kim et al., (2019) using the following measures: 

"This service platform always works smoothly" and "The service platform performs 

reliably." It suggests that the measurements represent the construct and that a 

change in the construct reflects a change in the measures rather than the other 

way around (Sajtos and Magyar, 2016). Second, the study classifies the research 

model as reflective because the measurements for each construct are 

interchangeable, have a similar theme, and reflect unidimensionality 

(Theodosiou et al., 2019). It shows that eliminating one of the measurements 

would not alter a construct's conceptual meaning because items are 

manifestations of constructs. For instance, Dehling et al., (2015) measured the 

privacy construct in m-health using the following measures: "This service platform 

offers me a meaningful guarantee that it will not share my information," and "This 

service platform protects information about my personal problems." Hence, these 

two measurements are interchangeable since they have a common theme. It is 

possible to eliminate one without altering the construct's conceptual meaning 

(Moutinho, 2011). 

Along with service quality, the study also incorporated social and personal norms 

into the conceptual model to assess the influence of these normative components 

on users' usage behaviours in the context of mobile health services (Chen, Chen 

and Lee, 2018; Foroudi et al., 2018; Holden and Karsh, 2010). Social and personal 

norms are obtained from the TPB, and both significantly influence behaviours (Kim 
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and Seock, 2019). The study defined social norms as an integrated term that refers 

to a user's perception of what other individuals important to them are doing 

regarding a particular service and what they think the person should do (Yamin et 

al., 2019; Fishbein and Ajzen, 2009). Personal norms refer to people's judgments 

of whether they, rather than important others, should or should not carry out a 

specific behaviour. Personal norms are associated with the self-concept and feel 

a moral obligation to follow specific behaviours (Schwartz, 1977; Ottar and 

Grunert, 2010). While including these norms in the conceptual model, the study 

proposes that similarly to the overall service quality of m-health service, both social 

and personal norms influence users' usage behaviours directly and through 

satisfaction (Ragelienė and Grønhøj, 2020; Ottar and Grunert, 2010; Pablos, 

Cavanaugh and Ly, 2016). 

 

 

Figure 4.1. Research model. 
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4.3. Integrating theoretical foundations: 

 

As discussed in the previous section, the TPB and multidimensional service quality 

models provided theoretical underpinnings to this study (Foroudi et al., 2018; 

Oppong et al., 2018; Nouri et al., 2018; Akter, D’Ambra and Ray 2010; Jacob, 

Sanchez and Ivory, 2020). Both TPB and multidimensional service quality have 

proven applicability in different settings including m-health, making them ideal 

theoretical frameworks for this study (Kim and Seock, 2019; Oppong et al., 2018). 

TPB's focus on perceived norms aligns with the complexity of healthcare decision-

making, while the service quality model’s multidimensional nature reflects the 

nuanced aspects of m-health service quality (Yamin et al., 2019; Akter, D’Ambra 

and Ray 2010).  

The decision to adopt the TPB instead of other theoretical frameworks, such as 

UTAUT, was based on the specific research objectives to capture both social and 

personal norms in understanding users' behaviours in the current study context 

(Estrada et al., 2017; You, Jong and Wiangin, 2020). The TPB highlighted the 

influence of both these normative influences on users’ behaviours (See chapter 3 

sections 3.5 and 3.6 for more details). 

Moreover, the decision to adopt a multidimensional service quality model in the 

study was motivated by the need to capture the complex human perceptions of m-

health and address the limitations associated with using generic, information 

systems (IS), or other healthcare quality models in a mobile healthcare context 

(Nguyen et al., 2022; Uthaman and Ramankutty, 2017).The limitations of existing 

models, such as the SERVQUAL model, IS success model, and UTAUT model, in 

capturing all aspects of m-health service quality is an important consideration (See 

Chapter 3 section 3.3 for more details). 
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The inclusion of multiple dimensions and subdimensions allows for a thorough 

assessment of various aspects of service quality, enabling a holistic understanding 

of the strengths and weaknesses of m-health services. Thus, to conduct a 

thorough evaluation of the m-health service, this study utilised the 

multidimensional service quality model (Oppong et al., 2018; Nouri et al., 2018; 

Akter, D’Ambra and Ray 2010; Jacob, Sanchez and Ivory, 2020). This model 

comprehensively assesses various aspects of service quality by incorporating 

three dimensions and nine subdimensions. Thus, it enables a comprehensive 

understanding of the strengths and weaknesses of m-health services, making it 

an essential tool for evaluation (Nouri et al., 2018; Akter, D’Ambra and Ray 2010; 

Jacob, Sanchez and Ivory, 2020). Overall, this study integrated these two 

theoretical frameworks based on the following rationales: 

 

1. Comprehensive understanding of user behaviours:  By integrating the TPB 

and the multidimensional scale of service quality, it is possible to gain a 

comprehensive understanding of users' behaviours regarding the mobile health 

hotline platform (Kovach, 2020; Salazar and Ramírez, 2021; Jacob, Sanchez and 

Ivory, 2020). The TPB allows the exploration of normative factors (e.g., social 

norms, and personal norms) that influence users' usage behaviours towards the 

platform. At the same time, the multidimensional service quality scale provides 

insights into users' perceptions of the platform's performance (Jacob, Sanchez and 

Ivory, 2020; Islam, Ahmed and Tarique, 2016). The combination of these factors 

allowed for a more holistic view of what drives users to use this service platform. 
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2. Predictive power: The TPB, being a well-established theoretical framework, 

has demonstrated strong predictive power in various contexts, including health 

(Kovach, 2020). By combining it with the multidimensional service quality scale, 

researchers can create a robust model for predicting users' behaviours related to 

the mobile health hotline platform (Nouri et al., 2018). This predictive ability can 

assist in identifying potential challenges and opportunities, guiding decision-

making, and setting realistic goals for platform adoption and usage (Nouri et 

al., 2018; Kovach, 2020). 

 

3. Tailored interventions and service improvements: The insights gained from 

the combined framework can inform the design of targeted interventions to 

address specific barriers and leverage facilitators identified through the TPB 

analysis (Estrada and Rosa, 2021; Ottar and Grunert, 2010). Additionally, by 

identifying service quality dimensions that require improvement, providers can 

make informed decisions to enhance the platform's functionality, user interface, 

responsiveness, and overall quality of service (Lu et al., 2016; O’Connor, Andreev 

and O’Reilly, 2020). This iterative approach ensures that the platform evolves to 

better meet user needs and expectations over time. 

 

4. Applicability to user-centred design: The combined framework aligns well 

with user-centred design principles (Andreev and O’Reilly, 2020). Understanding 

users' norms in conjunction with multidimensional service quality evaluations can 

lead to the creation of a more user-friendly and user-focused platform (Pablos et 

al., 2016). 
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5. Evidence-based decision making: The integration of these two theoretical 

frameworks supports evidence-based decision making for the mobile health 

hotline platform (Hartzler and Wetter, 2014; Vo, Auroy and Sarradon, 2019; 

Dehling et al., 2015). By systematically assessing users' behaviours, and 

perceptions of service quality, and norms, decision makers can make informed 

choices about platform design, feature enhancements, resource allocation, and 

intervention strategies (Niemiec et al., 2020; Richter, Thøgersen and Klöckner, 

2018). This evidence-based approach ensures that decisions are grounded in 

empirical data and insights, leading to improved platform effectiveness and 

alignment with user preferences (Salazar and Ramírez, 2021; Yang et al., 2020). 

 

 

 

4.4. Hypotheses development: 

 
The study models how the overall m-health service quality influences satisfaction 

and usage behaviours since these associations provide unique viewpoints to 

further our understanding of m-health (Figure 4.1). This study also evaluates how 

social and personal norms influence m-health users' satisfaction and usage 

behaviours to identify any existing normative effect. The study analyses the 

relationships between these constructs and represents relevant hypotheses in the 

following subsections: 

 

4.4.1. Service quality and satisfaction: 

 

User satisfaction is the goal of any service-based organisation (Berners and 

Martin, 2022). It is a key determinant of healthcare's effectiveness (Essel, 2022). 
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Satisfaction may also lead to favourable results like improved profitability and 

better patient retention (Gu and Itoh, 2014). As a result, healthcare organisations' 

strategic planning must consider patients' satisfaction (Jamaludin, 2020). 

Researchers also claimed that satisfaction is equally important to service quality 

when designing and managing healthcare systems (Senic and Marinkovic, 2012; 

Xesfingi and Vozikis, 2016). 

In previous literature, scholars described satisfaction from various viewpoints 

(Palací, Salcedo and Topa, 2019; Monden, 2014; Sulaiman and Musnadi, 2018). 

Satisfaction is a summary attribute phenomenon, a global evaluative judgment, a 

psychological state, an overall assessment, a fulfilment response, or an affective 

response (Palací, Salcedo and Topa, 2019; Monden, 2014; Sulaiman and 

Musnadi, 2018). In contrast to satisfaction, service quality is a cognitive concept 

rather than an attitude-based one (Sulaiman and Musnadi, 2018). Thus, existing 

literature characterises satisfaction as an affective response to cognitive service 

quality measures (Sulaiman and Musnadi, 2018). Considering this distinction, 

researchers established a causal model in which service quality precedes 

satisfaction (Palací, Salcedo and Topa, 2019; Monden, 2014). Furthermore, 

healthcare researchers confirmed a causal relationship between service quality 

and satisfaction (Meesala and Paul, 2018; Aljaberi et al., 2018). Thus, the 

healthcare sector's connection between overall service quality and patient 

satisfaction is paramount (Meesala and Paul, 2018). Several investigations directly 

utilised the service quality concept with multi-item measures to assess how it 

affects satisfaction (Rita, Oliveira and Farisa, 2019; Abror, Patrisia and Engriani, 

2018). It is practical to use overall measures of service quality without referencing 

specific factors to capture customer evaluations directly (Rita, Oliveira and Farisa, 

2019). Through such measures, managers can better understand how customers 
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perceive overall service and better predict behavioural outcomes (Rita, Oliveira 

and Farisa, 2019).  

Additionally, most information systems (IS) researchers felt that satisfaction is a 

crucial indicator of IS success and employed a quality-based approach to evaluate 

it (Slack, Singh and Sharma, 2020; Ruggeri et al., 2020). It has been critical for IS 

researchers to distinguish between management control factors and the targeted 

results regarding quality, user satisfaction, and impacts (Widiastuti, Haryono and 

Said, 2019; Slack, Singh and Sharma, 2020; Ruggeri et al., 2020). 

For maximising performance and minimising errors, healthcare literature 

recommended different conceptualisations and links between satisfaction and 

service quality (Koenig and Li, 2021). Conventional healthcare increasingly utilises 

service quality to develop the performance of information systems, define 

performance metrics, explain objectives, identify target groups, and, most 

importantly, satisfy users (Levy and Sobolev, 2019). While highlighting the link 

between satisfaction levels and the quality of healthcare delivery in the context of 

m-health, the Earth Institute (2010) stated that pregnant women who got text 

messages for prenatal support had substantially higher satisfaction levels than 

those who did not. Similarly, several m-health researchers argued for analysing 

this link to determine the efficacy of m-health services (Alaiad, Alsharo and 

Alnsour, 2019; Xesfingi and Vozikis, 2016; Xesfingi and Vozikis, 2016). 

Considering the significant link between satisfaction and service quality, this model 

proposes that, in the case of the DGHS m-health service, satisfaction is a function 

of perceived service quality. 

 H1: Service quality positively influences satisfaction with DGHS m-health 

service. 
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4.4.2. Service quality, satisfaction, and usage behaviours: 

  

The providers of services risk not making a profit or failing if consumers do not use 

their services regularly (Massa, 2019). The success of technology-mediated 

healthcare services, like m-health, depends more on ongoing usage than initial 

acceptance for success (Vaghefi and Tulu, 2019). As a result, researchers 

frequently investigated the factors that influence users' continuous usage 

intentions of healthcare technologies (Kim, 2021; Sulaiman and Magaireah, 2014; 

Zhao, Ni and Zhou, 2018; Pakurár et al., 2019). Among other factors, service 

satisfaction and quality significantly influence users' continuous usage intentions 

of m-health services (Huang et al., 2017; Mathijsen and Mathijsen, 2020; 

Oppong et al., 2018; Azevedo, 2017; Omarini, 2015). For example, Oppong et 

al., (2018) evaluated the m-health quality and its impact on user satisfaction and 

continued use intention among chosen maternity healthcare customers in rural 

Ghana. The study's findings confirmed the influence of all three quality 

dimensions: interaction, outcome, and platform quality, on users' satisfaction and 

continued use intention (Oppong et al., 2018).  

 

Users' behavioural outcomes, like loyalty, repeat purchases, word-of-mouth, and 

continuous usage, are closely related to satisfaction in multiple contexts, including 

m-health (Amin et al., 2022). According to the extant literature, patient satisfaction 

has a favourable impact on their intention to continue receiving care, as well as 

their intention to use mobile health services for emergencies and to engage in 

online and in-person consultations (Han et al., 2020; Asadullah and 

Bhattacharjee, 2022; Mendiola et al., 2015). Moreover, m-health consumers' 
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usage intentions are influenced by how well and conveniently they feel about their 

healthcare experiences (Asadullah and Bhattacharjee, 2022).  

 

Satisfaction can also serve a mediating role apart from having a direct influence 

on behaviour (Leninkumar, 2017). Several studies described that service quality 

indirectly influences users' m-health service use intentions through satisfaction 

(Rita, Oliveira and Farisa, 2019; Akter, D’Ambra and Ray 2013; Rifqi and 

Endratno, 2015). For instance, while investigating the effects of m-health service 

quality on users' satisfaction and intention to continue using, Akter, D’Ambra and 

Ray (2013) demonstrated that users' perceptions of m-health service quality 

influence their level of satisfaction, which in turn influences intention. As mentioned 

earlier, the cognitive-affective-conative framework explains the associations 

between service quality, satisfaction, and usage behaviours. According to this 

framework, cognitive responses, such as perception of quality, precede emotional 

responses (e.g., satisfaction) and conative responses (e.g., usage behaviours) 

(Knoll and Matthes, 2016; Yang, 2023; Oriade and Schofield, 2019). These 

relationships facilitate the decision-making process for a service platform that 

influences individual (i.e., satisfaction) and financial (i.e., continuous usage) 

implications (Gu et al., 2018; Kwahk, Ahn and Ryu, 2018). 

 

Moreover, while service or system discontinuance is a common phenomenon, it 

has received less attention than extensive research on continuous intentions 

(Soliman and Rinta, 2020; Tang and Chen, 2020). Studying continuous and 

discontinuous intentions is essential as they are considered dual factor constructs 

rather than one bipolar construct (Buchwald et al., 2018). It is also beneficial for 

researchers to take a separate view from both intention perspectives by 
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investigating whether the antecedent factors can help explain continuance and 

discontinuance intentions (Huang, Chen and Liu, 2020; Recker,2016; Soliman and 

Rinta, 2020). Researchers like, Koghut and AI-Tabbal (2021) solely focused on 

the inhibiting factors. They investigated the impact of poor quality of service, 

information, and system as usage inhibitors on users' discontinued intentions to 

use the mobile payment service (Koghut and AI-Tabbal, 2021). The study's 

findings proved all three inhibiting factors as significant determinants of 

discontinued intentions. The researchers also suggested that the influence of 

inhibiting factors on discontinued intention can be greater than the influence of 

enabling factors on continued use intentions (Koghut and AI-Tabbaa, 2021). 

Considering this discussion, this study has focused on users' continuous and 

discontinuous usage of the DGHS m-health service. The objective is to compare 

the influences of overall service quality, personal norms, and social norms on 

users' satisfaction and usage behaviours between two user groups—

discontinuous and continuous users. 

 

Furthermore, most of the studies cited above concentrated on users' future 

behavioural intentions, ignoring current or actual user behaviours, despite the 

claim of many researchers that intentions are incomplete proxies of current usage 

behaviours (Shneor and Munim, 2019; Chavez et al., 2021; Conner et al., 2022). 

Several studies reported inconsistent outcomes while using intentions as proxies 

of actual behaviours (Frommeyer et al., 2022; Gardner, 2014; Shneor and Munim, 

2019). According to Ajzen and Fishbein (2004), using intention as a proxy is not 

always reliable since respondents' views when completing a questionnaire could 

differ from their beliefs when engaging in the actual behaviours. Moreover, 

researchers provided contradictory findings regarding whether intention predicts 



139 
 

 

behaviour (Hassan et al., 2016; Rand Hahn, 2019). Several researchers reported 

the intention-behaviour gap, which describes the failure to translate intentions into 

behaviours (Sheeran and Webb, 2016; Michie, Van and West, 2011; Sullivan and 

Lachman, 2017). According to these researchers, users can change their 

intentions at any time and may not follow their prior behavioural intentions (Michie, 

Van and West, 2011; Sullivan and Lachman, 2017). In healthcare settings, Faries 

(2016) described that patients sometimes do not follow through with the 

behaviours prescribed to them, despite intending to do so. 

  

According to Festinger (1957), our motivation to preserve consistency in our 

cognition causes us to adapt our attitudes. His "cognitive dissonance theory" 

postulates that humans experience tension when two concurrently accessible 

beliefs or ideas are psychologically incompatible. In this situation, people 

frequently alter their thinking to support their actions (Hinojosa et al., 2016). Thus, 

it is crucial to investigate the influence of service quality and satisfaction on users' 

current usage behaviours. Additionally, prior studies on customer loyalty have 

shown that the predictive validity of intention measurements is relatively low 

(Peña et al., 2020; García and Acevedo, 2022). These studies recommended 

supplementing the scale with actual behavioural metrics to create a composite 

indicator of service loyalty (Peña et al., 2020; García and Acevedo, 2022). Thus, 

this study assesses users' continuous usage behaviours of DGHS m-health 

service rather than intentions to continue use. Continuous usage behaviours are 

behavioural patterns reflect continued use of the m-health service (Baldwin et 

al., 2022). When technology-based service use, such as m-health, reaches the 

continuous usage stage, it transcends conscious behaviour and integrates into 

regular activities (Abaza and Marschollek, 2017). Similarly, this study assesses 
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discontinuous usage behaviours in place discontinue intentions and describe 

these as behavioural patterns describing discontinued use of the service 

(Buchwald et al., 2018). Discontinuation in this study context implies abandoning 

the service and irregular use of the service (Kühn and Nieman, 2017). This study 

posits the following hypotheses- 

H2: Service quality positively influences DGHS m-health service usage 

behaviours. 

H3: Satisfaction positively influences DGHS m-health service usage 

behaviours. 

H4: Satisfaction mediates the relationship between service quality and 

DGHS m-health service usage behaviours. 

  

4.4.3. Social norms, satisfaction, and usage behaviours: 

 

The social environment is widely acknowledged to significantly impact people's 

intentions and behaviours (Abrahamse and Steg, 2013; Fishbein and Ajzen, 2011; 

Joshi and Rahman, 2015; Newell et al., 2014; Sun, Law, and Schuckert, 2020). 

Therefore, social norms are essential in motivating and influencing behaviours 

(Reynolds, 2015; Smith et al., 2012). The TPB and TRA are the sources of the 

social norms construct (Ajzen and Fishbein, 1980; Ajzen, 1991). This study used 

an integrated form of social norms, including descriptive and injunctive norms 

(Described in detail in Chapter 3, section 3.5.1). These norms are the social 

pressures that influence people's decisions to act or not act on something, 

including other individuals' or groups' expectations and behaviours (Zheng et 

al., 2019). Accordingly, researchers have established that service providers 

typically focus on reference groups as they can influence user decisions (Smith et 
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al., 2012; Panadero, 2017). Providers can use normative social pressure to induce 

social norms related to the service and prevent users from being isolated from 

using it. Moreover, providers must address the social context of users since if it is 

supportive of using a service; this will contribute to its usage (Neville et al., 2021).  

 

People generally consider how their behaviours differ from that of others before 

engaging in any behaviour in a social context (Yang, Maher and Conroy, 2015). 

They are more inclined to act in ways compatible with their groups to satisfy their 

social needs and receive social support (Connolly, Scott and DeLone, 2016). 

Social norms, for instance, can help to encourage physical activity (Randazzo and 

Solmon, 2017). Furthermore, social norms significantly facilitate citizen awareness 

and promote community recycling behaviour (Liu, Wu and Che, 2019). Beldad and 

Hegner (2017) investigated the influence of injunctive and descriptive social norms 

on users' intention to continue using mobile applications. According to the study, 

users' perceptions of their significant others' expectations concerning using a 

mobile application contribute to their decision to continue using it. The perception 

that relevant referents expect users to use a system encourages the latter to adopt 

the former's expectations, providing a sense of belonging (Beldad and Hegner, 

2017). Liang and Shiau (2018) identified a significant correlation between 

subjective norms and customers' online ticket purchase intentions. Moreover, 

Holder (2012) described numerous sources of social and personal normative 

influence on physicians' use of electronic health records (EHR). For example, 

several physicians described the opinions of fellow physician colleagues as their 

source of social influence about EHR use. Thus, individuals living in that social 

sphere are likely to be significantly affected by the opinions and actions of others 

(Connolly, Scott and DeLone, 2016). If people strongly feel social norms towards 
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a behaviour, that behaviour is more likely to occur. They can also change their 

actions in response to the approval or disapproval of others, including the general 

public (Zheng et al., 2019).  

  

Chang and Chin (2011) assessed the effect of subjective norms on complaints 

intentions Researchers have also highlighted the importance of subjective norms 

regarding the attitude towards intent to use (Nysveen, 2005; Schierz, Schilke and 

Wirtz, 2010; San, Prodanova and Jiménez, 2015). The value of group opinions for 

creating individual attitudes increases when users lack reliable usage information 

(Schierz, Schilke and Wirtz, 2010). in the case of dissatisfaction, as subjective 

norms combine perceived expectations from relevant individuals or groups 

intending to comply with those expectations. According to Okazaki and Navarro 

(2010), the opportunity to get supportive messages from other people affects 

participants' satisfaction with a mobile phone-assisted smoking cessation 

programme. The reference group can aid in lowering the cognitive dissonance 

associated with mobile shopping and, in turn, promote the satisfaction of mobile 

shoppers (San, Prodanova and Jiménez, 2015). Thus, in addition to assessing the 

influence of social norms on DGHS m-health service usage behaviours, this study 

aims to assess the influence of social norms on users' satisfaction with the service. 

Furthermore, studies have also evaluated and confirmed the mediating function of 

satisfaction between subjective or social norms and behavioural intentions (Sun, 

Law, and Schuckert, 2020; Mouakket, 2015). The TPB suggests that subjective 

norms affect the psychological state, influencing behaviour intentions (Ajzen, 

1985). Thus, in this study context, satisfaction can act as a mediator between 

social norms towards DGHS m-health service and their usage behaviours. Based 

on the discussion above, this study proposes the following hypotheses: 
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H5: Social norms towards DGHS m-health service positively influence usage 

behaviours. 

H6: Social norms towards DGHS m-health service positively influence 

satisfaction. 

H7: Satisfaction mediates the relationship between social norms and DGHS 

m-health service usage behaviours. 

  

4.4.4. Personal norms, satisfaction, and usage behaviours: 

 

Personal norms refer to people's judgments about whether they should carry out 

a specific behaviour, rather than relying on other people's judgments (Schwartz, 

1977). In other words, they are self-expectations set by internalised values and 

obligations (Ottar and Grunert, 2010). Numerous studies have demonstrated that 

personal norms shape individuals' behaviours (Yang et al., 2020; Bamberg, 

Hunecke and Blöbaum, 2007; de Groot et al., 2021). Personal norms can predict 

behaviours better than other psychological factors, such as personal values 

(Doran and Larsen, 2015). Joanes (2019) demonstrated that personal norms are 

the primary predictors of individuals' reduced clothing consumption behaviours 

(Joanes, 2019). Researchers also found that these norms accurately predict eco-

friendly travel decisions (Doran and Larsen, 2015). 

  

Personal norms also determine how people use technologies in healthcare 

settings (Safi, Thiessen and Schmailzl, 2018; Holden, 2012). For instance, Holden 

(2012) investigated how social and personal norms affect the use of electronic 

health records (EHR). The study's results showed a significant influence of 
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personal norms on doctors' use of electronic health records (EHR). They felt they 

were morally obligated to use EHR to maintain patients' safety and the highest 

standard of care (Holden, 2012). As a result, users with strong personal norms 

regarding the continued use of technology-mediated health services are likelier to 

do so (Holden, 2012). 

 

Moreover, researchers extensively used the social norms construct of the TRA 

and TPB to assess how perceived norms affect people's behaviour (Triwibowo, 

2018; You, Jong and Wiangin, 2020). However, several behavioural areas, 

including smoking, sexual behaviours, corporate ethics, employee behaviours, 

dishonesty, environmental protection, healthcare, and blood donation, were more 

accurately predicted with TPB and TRA when personal or moral norms were 

incorporated (Shepherd and Raats, 1996; Ajzen, 2011; Kaiser and Schuettler, 

2003; Salazar and Ramírez, 2021; Ottar and Grunert, 2010; Conner and Armitage 

1998). Among the eleven studies performed by Conner and Armitage (1998), 

moral norms significantly predicted intentions in nine of them. Shepherd and Raats 

(1996) discovered that the TPB is more predictive when a person encounters 

moral beliefs when preparing and buying meals for others, particularly children. 

Thus, in addition to perceived control, social norms, and attitude as predictors of 

behaviour outcomes, several studies emphasised the significance of including 

moral or personal norms in the TPB (Ottar and Grunert, 2010; Salazar and 

Ramrez, 2021; Kaiser and Schuettler, 2003). 

  

In addition, considering the hierarchy of value-attitude-behaviour model constructs 

such as attitude and satisfaction can mediate how personal norms affect 

behaviours (Homer and Kahle, 1988; Ottar and Grunert, 2010). For example, 
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research on forecasting future expectations regarding eating food made by gene 

technology indicated a strong association between perceived ethical obligations 

and attitudes but a weak association between perceived ethical obligations and 

expectations (Sparks, Shepherd and Frewer, 1995). Furthermore, a study on 

customers' propensity to buy organic food supported this assertion (You, Jong and 

Wiangin, 2020). While moral norms had no direct impact on people's intentions to 

behave in an environmentally responsible manner, they did have a significant 

indirect impact via attitude (Kaiser and Scheuthle,2003). A structural model 

developed by Kaiser (2006) posited attitude as a full mediator between moral 

norms and the intention to act conservationally. Ottar and Grunert (2010) found 

that personal norms affect consumer behaviour in a way that is fully mediated by 

other factors (e.g., satisfaction), adding further support to the concept that 

hierarchical approaches in explaining consumer behaviour, such as approaches 

based on the values-attitude-behaviour hierarchy (Grunert and Bech, 2005).  

 

The influence of personal norms on users' satisfaction and usage behaviours 

within m-health services has not been examined despite their significance in 

determining attitudes and behaviours across various research domains (Yang et 

al., 2020; Bamberg, Hunecke and Blöbaum, 2007; de Groot et al., 2021). Thus, 

based on the discussion above, this study proposes the following hypotheses- 

  

H8: Personal norms towards DGHS m-health service positively influence 

usage behaviours. 

H9: Personal norms towards DGHS m-health service positively influence 

satisfaction. 
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H10: Satisfaction mediates the relationship between personal norms and 

DGHS m-health service usage behaviours. 

 

4.4.5. Control variables (situational and demographic factors): 

  

To examine how contextual factors influence the research model's outcome 

constructs-satisfaction and usage behaviours-this study used demographic and 

situational factors as control variables (Peña et al., 2020). A control variable is 

anything held limited or constant in a study (Agarwal, 2015). It is a variable 

irrelevant to the study's aims but is controlled for its potential influence on the 

outcome (Volk et al., 2021). According to researchers, control variables are just as 

crucial as the predictor and outcome variables for the following reasons: 1. a 

control variable in one study might be an outcome variable, interaction term, a 

mediator, or a predictor variable in another study; 2. for replications of studies to 

be effective, readers should know what control variables were used; and 3. 

improper inclusion of control variables might result in false results (Atinc, 

Simmering and Kroll, 2011; Volk et al., 2021; Peña et al., 2020). The existing 

research provides evidence that demographic characteristics influence user 

variations in satisfaction and behaviours (Hussain, Ishaq and Ullah, 2014; Volk et 

al., 2021). Similarly, some studies have demonstrated the importance of 

situational factors for these outcome constructs (Tabak et al., 2017; Agarwal, 

2015). 

The factors linked to the specific user, such as gender, age, salary, and 

occupation, are demographic characteristics in this study (Wirianata, 2020). The 

study employed the "time of service" as a situational factor in predicting 

satisfaction and usage behaviours. Since changes to these control variables can 
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result in changes to the related constructs, this research identified them as 

formative measures (Saunders, Barrington and Sridharan, 2015). Moreover, the 

operationalisation of these variables was carried out in a formative way since the 

measurements in the constructs capture different elements of demographic (i.e., 

gender, age, salary, and occupation) and situational (i.e., time of service) 

characteristics (Tabak et al., 2017). Existing research affirms the formative nature 

of situational and demographic variables, composed of unique components when 

modelling the impacts on endogenous constructs (Kim and Byon, 2021; Sadabad 

and Kama, 2014). As a result, this study suggests that situational and 

demographic factors might operate as formative controls that influence the 

dependent variables-satisfaction and usage behaviours. 

 

Creating user segments and serving their needs requires knowledge of situational 

and demographic characteristics (Kim and Byon, 2021; Saunders, Barrington and 

Sridharan, 2015; Wirianata, 2020). In the context of m-health services, more 

research is required to fully understand caller demographics (Ben-Zeev et 

al., 2014; Nakubulwa et al., 2022). Moreover, researchers claimed that failing to 

account for the impacts of exogenous and moderating factors when examining 

connections between the predicted variables indicates that experimental or 

statistical controls have not fully addressed internal validity (Wirianata, 2020; Kim 

and Byon, 2021; Sadabad and Kama, 2014). Thus, this study suggests that 

demographic and situational factors can have an impact on satisfaction and usage 

behaviours: 
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H11: Users' satisfaction with DGHS m-health service varies according to 

demographic characteristics (i.e., gender, income, age, salary, and 

occupation). 

 H12: Users' satisfaction with DGHS m-health service varies according to 

situational characteristic (i.e., time of service). 

H13: DGHS m-health service usage behaviours vary per demographic 

characteristics (i.e., gender, income, age, salary, and occupation). 

 H14: DGHS m-health service usage behaviours vary as per the situational 

characteristic (i.e., time of service). 
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Chapter 5 

Methodology 

 

5.1. Overview: 

 

The primary objective of this chapter is to describe the research methodology used 

for this study. The techniques used for gathering, analysing, and interpreting data 

and how they are used significantly impact the development of knowledge. This 

chapter argues that exploring a research paradigm depends on how questions are 

answered, hypotheses are tested, and the research design is applied. This chapter 

is a prerequisite for Chapters 6 and 7. Chapter 6 outlines the results and analysis 

of the main study, and finally, chapter 7 represents the discussions and 

conclusions based on the findings. 

 

This chapter's layout follows: Section 5.2 specifies the research paradigm. Section 

5.3 describes the research method. The following section 5.4 highlights the 

sampling process, which consists of the following subsections-justification for the 

choice of service (subsection 5.4.1), target population (subsection 5.4.2), sampling 

technique (subsection 5.4.3), administration of the survey instrument (subsection 

5.4.4), ethical considerations (subsection 5.4.5), and sample profile (subsection 

5.4.6). Section 5.5 describes the measurement instruments, and lastly, section 5.7 

outlines the Data analysis technique. 
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5.2. Research paradigm: 

 

The paradigm establishes a researcher's philosophical outlook and has substantial 

implications on every choice made during the research process, including 

methodology selection (Kaushik and Walsh, 2019). Clearly stating what paradigm 

is in use while conducting research is crucial for any investigation (Kaushik and 

Walsh, 2019). Researchers have proposed many paradigms, but positivist and 

interpretivist paradigms are the ones most used (Zahle, 2021; Thomas, 2022). The 

interpretivist paradigm's primary goal is to comprehend the subjective realm of 

human experience (Zahle, 2021). This approach attempts to get inside the heads 

of the subjects examined to comprehend and interpret what they are thinking or 

deriving from the situation (Zahle, 2021). Understanding the individual and how 

they interpret the environment around them is of utmost importance. The 

interpretivist paradigm assumes that reality is socially produced. As a result, this 

paradigm is also called the constructivist paradigm (Bonache and Festing, 2020). 

According to this paradigm, theory comes after research so that it can be based 

on the data that the research act produces. While using this paradigm, data are 

acquired and examined in a way compatible with grounded theory (Chun et al., 

2019). This paradigm presupposes a naturalist methodology, a balanced axiology, 

a relativist ontology, and a subjectivist epistemology (Bientzle, Cress and 

Kimmerle, 2019; DeSouza, 2017; Pérez, Correa and Chaves 2022). Assuming a 

subjectivist epistemology, the researcher interprets their findings using their 

reasoning and cognitive processing, influenced by their interactions with 

participants (Bientzle, Cress and Kimmerle, 2019). There is a presumption that the 

researcher and the subjects they study are involved in interactive procedures 

where they converse, ask questions, listen, read, write, and record research 
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findings (Bientzle, Cress and Kimmerle, 2019). Having a relativist ontology implies 

that researchers believe that the situation they are investigating has multiple 

realities and that by interacting with the research subjects and among the research 

participants, those realities can be explored and meaning created or reconstructed 

(DeSouza, 2017). In adopting a naturalist methodology, the researcher uses 

information obtained through participant observation, reflective sessions, text 

messages, discourses, and interviews (Pérez, Correa and Chaves 2022). Putting 

a balanced axiology to work means that the research results should reflect the 

researcher's values and present a balanced evaluation (Bientzle, Cress and 

Kimmerle, 2019). The characteristics of research that fall under the interpretivist 

paradigm are- the belief that contextual factors must be taken into account in any 

systematic pursuit of understanding (Zahle, 2021), the belief that causes and 

effects are mutually interdependent (DeSouza, 2017), the belief that 

understanding the individual is more important than understanding universal laws 

(Pérez, Correa and Chaves 2022), the belief that the findings create knowledge, 

can be value-laden and that values need to be made explicit (Zahle, 2021), 

acceptance that context is essential for knowledge, the understanding that 

interactions between the researcher and the study subjects are essential (Pérez, 

Correa and Chaves 2022), the conviction that reality is multifaceted and socially 

constituted (Chun, Birks and Francis, 2019), and the admittance that the social 

world cannot be comprehended from the perspective of an individual (Chun, Birks 

and Francis, 2019). 

The positivist paradigm outlines a perspective to study based on what is known in 

research methodologies as the scientific process of enquiry (Thomas, 2022). It 

was first put forth by a French philosopher named Auguste Comte. For Auguste 
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Comte, exploration, observation, and reasoning based on experience are the only 

acceptable methods of advancing knowledge and understanding human 

behaviours. In its purest form, the scientific method is an investigation of 

observations and a process of question-answering through experimentation 

(Thomas, 2022). By using this method, researchers can find cause-effect 

relationships in nature (Lee and Landers, 2022). It is selected as the ideal 

worldview for research to understand observations in terms of facts or measurably 

existing entities (Lee and Landers, 2022). This paradigm's research draws 

conclusions, expressions, extrapolations, calculations, and mathematical 

equations, provides operational definitions, creates and tests hypotheses, and 

deductive reasoning (Zalaghi and Khazaei, 2016). It seeks to offer predictions and 

justifications based on quantifiable results. Four assumptions underlie these 

measurable outcomes-determinism, empiricism, parsimony, and generalisability. 

By dissecting these assumptions, researchers may better understand the 

significance and expectations of research under this paradigm (Zalaghi and 

Khazaei, 2016). The determinism assumption holds that other factors are 

responsible for the observed events (Zalaghi and Khazaei, 2016). Researchers 

must be capable of predicting and controlling the explanatory variables' potential 

effects on the dependent elements to grasp casual interactions among 

components (Hamaker, Mulder and Van-IJzendoorn, 2020). According to the 

empiricism assumption, the researcher must be able to gather verifiable empirical 

facts that support the theoretical framework selected for the study and allow testing 

of the hypotheses developed to be able to examine a research topic. Researchers 

should explain phenomena in the most economical way possible by assuming 

parsimony. Lastly, the generalisability assumption states that, by inductive 

reasoning, the findings of a study performed under the positivist paradigm in one 
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setting should be relevant to other circumstances. This implies that the positivist 

researcher must be able to notice occurrences in the specific phenomena they 

have investigated and generalise what might be anticipated elsewhere (Hamaker, 

Mulder and Van-IJzendoorn, 2020). Due to these presumptions, the positivist 

paradigm encourages using quantitative research methods as the cornerstone for 

the researcher's capacity to be precise in describing the parameters and 

coefficients in the data that are gathered, analysed, and interpreted to understand 

relationships embedded in the data analysed (Villiers and Fouché, 2015). 

According to a paradigm's four fundamental components or assumptions, the 

positivist paradigm's epistemology, ontology, methodology, and axiology are 

objectivist, naive realism, experimental, and beneficence (Tomic and Janata, 

2007; Lee and Landers, 2022; Villiers and Fouché, 2015). The researcher should 

be able to better comprehend this paradigm by breaking down each component 

(Lee and Landers, 2022). According to objectivist epistemology, human 

understanding is gained by applying reason (Lee and Landers, 2022). Therefore, 

researchers can attain knowledge that increasingly approximates the nature of the 

subject matter they are trying to understand through research. In other words, 

information gained through study enables us to perceive the world more logically 

and objectively (Lee and Landers, 2022). The five beliefs constitute the naive 

realist ontology: 1. generally, our claims to know the world are justified because 

we perceive it directly through our senses and reasonably accurately (Villiers and 

Fouché, 2015); 2. regardless of whether they are perceived, these objects 

nonetheless exist. These perception-related objects are thought to be primarily 

independent of perception (Lee and Landers, 2022); 3. even when they are not 

being perceived, these objects can keep the characteristics of the kinds we 
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perceive them to have. These characteristics are independent of perception (Lee 

and Landers, 2022); 4. there is a universe of material objectives; 5. some claims 

about these objects can be known to be true by sense experience (Villiers and 

Fouché, 2015). In experimental methodology, changes in one variable are 

examined to determine whether those changes affect another variable (Tomic and 

Janata, 2007). The former refers to the explanatory or predictor variable, and the 

latter refers to the dependent or explained variable. This strategy can only be used 

if we have some control over the variables or persons under examination. Using 

such control, a researcher can test and approve or reject theories (Tomic and 

Janata, 2007). According to the beneficence axiology, every research must be 

conducted to maximise benefits for the study project, humankind, and the research 

subjects (Delaunay et al., 2019). It also suggests that the research should 

minimise or eliminate any error, danger, or injury that could arise during the study 

(Delaunay et al., 2019).  

 

Considering the discussion above on positivist and interpretivist research 

paradigm and their underlining assumption based on epistemology, ontology, 

methodology, and axiology, this study has adopted the positivist research 

paradigm, as it supports that phenomena have an objective reality that can be 

expressed through explanatory associations or causal relationships and measured 

through data in a representative and accurate manner (Lee and Landers, 2022). 

Like previous positivist theorists, this study considers reality as constant and 

objective, meaning that it can be analysed and described without affecting the 

events (Balarabe, 2015), in contrast to interpretivist theorists who believe that 

understanding reality requires subjective interpretation and intervention (Matta, 

2015). Positivist techniques develop accurate measurements that can identify the 
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components of reality relevant to the researcher to uncover the objective social or 

physical reality. In this approach, researchers often investigate prior fixed 

connections within phenomena using organised instrumentation to understand 

them better (Tarka, 2017). A positivistic approach assumes that these phenomena 

display patterns and regularities and strive to identify them (Korkmaz, 2017). It is 

possible to predict the success or failure of systems using these patterns and 

regularities, which can be used to control and forecast system development and 

use, user behaviours, and attitudes toward systems (Korkmaz, 2017). As a result, 

this study aims to identify explanatory associations that can explain and predict 

the overall quality of m-health service, social norms, personal norms, and their 

impact on users' satisfaction and usage behaviours. 

 

5.3. Research method: 

 

While gathering and evaluating data, researchers employ qualitative or 

quantitative methodologies or mixed methods approaches (Almalki, 2016). 

Qualitative research focuses on meanings and words, and quantitative research 

focuses on statistics and numbers (Almalki, 2016). Quantitative research tests or 

confirm assumptions and theories (Strijker, Bosworth and Bouter, 2020). This kind 

of study can establish generalisable facts about a subject (Strijker, Bosworth and 

Bouter, 2020). On the other hand, understanding thoughts, concepts, or 

experiences is the goal of qualitative research (Kutor, Raileanu and Simandan, 

2022). This kind of study makes it possible to get in-depth information on poorly 

understood subjects (Kutor, Raileanu and Simandan, 2022). Observations, 

experiments, and surveys are frequently used techniques to gather quantitative 

data (Rahi, 2017). Some frequent qualitative data-collecting techniques include 
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literature review, interviews, focus groups, and ethnography (Thelwall and Nevill, 

2021). Generally, quantitative research is used to confirm or test something (e.g., 

a theory or hypothesis), whereas qualitative research is used better to 

comprehend something (e.g., concepts, thoughts, experiences) (Almalki, 2016). 

When deciding between a qualitative and quantitative approach, it is also essential 

to consider the research questions, the type of research (i.e., descriptive, 

correlational, or experimental), deductive or inductive research approach, as well 

as practical factors like time and resources, accessibility of respondents and the 

availability of data (Almalki, 2016; Kutor, Raileanu and Simandan, 2022; Strijker, 

Bosworth and Bouter, 2020).  

 

This study employed the quantitative research method, as the objectives of this 

study are to capture views of service quality, social and personal norms relevant 

to m-health service, and their associations with service satisfaction, and usage 

behaviours (Alegra et al., 2018). Several studies in different contexts have 

successfully used the quantitative method to demonstrate the relationship 

between service quality, personal norms, social norms, satisfaction, and usage 

behaviours (Wu and Cheng, 2013; Vo, Auroy and Sarradon, 2019; Chen, Chen 

and Lee, 2018; Foroudi et al., 2018; Holden and Karsh, 2010). Moreover, 

quantitative analysis is the most effective method of testing the hypotheses 

proposed in this study (Almalki, 2016). In terms of practical factors, considering 

the available time, resources, and accessibility of respondents, the quantitative 

approach was more convenient for the current study (Kutor, Raileanu and 

Simandan, 2022; Strijker, Bosworth and Bouter, 2020). 
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Moreover, there are two types of reasoning approaches in research- inductive and 

deductive (Gopalakrishna et al., 2022). Deductive reasoning differs from inductive 

reasoning in that it seeks to test an existing theory and generate problem 

statements, whereas inductive reasoning seeks to construct a theory 

(Gopalakrishna et al., 2022). The inductive reasoning moves from specific 

observations to broad generalisations, while the deductive reasoning moves the 

other way around (Almalki, 2016). This study adapted the deductive reasoning 

approach, working through existing theories and problem statements (Almalki, 

2016; Thelwall and Nevill, 2021). 

  

For collecting the quantitative data, this study used the survey method, which is 

the administration of structured questionnaires to a population sample to gather 

information on participants (Ponto, 2015). The survey method is suitable for the 

current study context as it can provide generalisable statements on the research 

context and explain existing associations between the constructs (Guetterman, 

2020; Griffin and Patrick, 2014). In addition, surveys are helpful in delineating 

variables associated with each other, identifying extreme information, and 

accurately documenting the norm (Ponto, 2015). In addition, many researchers 

emphasised the superior deductibility of survey methods in their studies (Paroda, 

2018; Maidamwar et al., 2021). To ensure greater generalisability, researchers 

recommended a survey approach for predictive and explanatory theory (Ponto, 

2015).  

Furthermore, this study adopted an online survey method for its superior simplicity 

and speed of data collection over other conventional approaches and for the 

restrictions imposed for controlling the COVID-19 pandemic (Singh and Sagar, 

2021; Calgua, 2022). There are many advantages to the use of the online survey 
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method. For example, due to the drastically reduced costs, online survey data 

collection is reasonably affordable (Kelfve et al., 2020). In this method, 

respondents submit their data, which is immediately electronically stored. As a 

result, the analysis is quicker, more effective, and straightforward (Rademaker and 

Polush, 2022). Online surveys enable quick deployment and return periods that 

are impossible with traditional methods. The respondents can complete surveys 

at their own pace and convenience. They may even start a survey, pause it, and 

return to it later (Glazier and Skurat, 2020). Online surveys can be automated 

despite their complexity. Researchers efficiently use complex skip patterns and 

reasoning for investigations through online surveys. They can also ask participants 

to select only one response from a list of options to decrease errors. Respondents 

are more amenable to revealing personal information because they are not directly 

disclosing it to another person in this method (Seavey, 2017). 

 The online survey method has some disadvantages (Singh and Sagar, 2021). The 

lack of internet access to the participants is one of the main restrictions (Kelfve et 

al., 2020). In conducting a large-scale survey of a diverse population, researchers 

may overlook the perspectives of elderly populations and rural residents if they 

rely exclusively on an online survey. Another drawback of an online survey is 

survey fraud (Kelfve et al., 2020). Online survey respondents might only respond 

to receive the reward after finishing the questionnaire rather than to advance the 

research. Moreover, while online surveys often consider the absence of an 

interviewer to be a positive feature, it can also be a disadvantage (Calgua, 2022). 

This is because a skilled interviewer can frequently wring information from 

participants who could be more forthcoming in their responses. An experienced 

interviewer can also sense when a participant is untruthful and adjust questions to 

make them more comfortable (Calgua, 2022). 
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This study has addressed these limitations associated with the online survey 

method by taking the following approaches. First, this study appointed two skilled 

interviewers with the necessary equipment (i.e., mobile phones with internet 

access), thus employing the interviewer-filled approach in addition to the self-

completion by the participants (Calgua, 2022; Kelfve et al., 2020). This approach 

addressed the limitations associated with the absence of interviewers and lack of 

internet access. Second, a mobile phone call was made to each participant to 

explain the purpose and implications of the study (Martínez et al., 2016). The 

online survey link was only sent to the participants when they agreed to participate 

and contribute to the knowledge advancement of the current study. Furthermore, 

including a participant information statement and consent form at the beginning of 

the online survey enhanced participants' trust and interest in the study (Tuten, 

2010).  

A cross-sectional design was used in this study, meaning that information was 

obtained only once on a population sample (Setia, 2016). This study employed a 

cross-sectional approach instead of longitudinal investigations to reduce response 

bias and assure representative sampling (Mann, 2012). In addition, most empirical 

studies measuring service quality are cross-sectional (Rindfleisch et al., 2008; 

Nayna, Sajnani and Shandliya, 2019). Researchers, in most cases, preferred 

cross-sectional study as it offers greater predictive power and a better 

understanding of service quality due to the time-consuming, expensive, 

cumbersome nature of longitudinal studies (Ponto, 2015). 

 

5.4. Sampling process: 

The following subsections describe the sampling process of the study, including- 

justification for the choice of service (subsection 5.4.1), target population 
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(subsection 5.4.2), sampling technique (subsection 5.4.3), administration of the 

survey instrument (subsection 5.4.4), ethical considerations (subsection 5.4.5), 

and sample profile (subsection 5.4.6). 

5.4.1 Justification for the choice of service: 

Data for the study was gathered from Bangladesh, one of the top emerging 

countries for m-health services (Mhajabin et al., 2022). The data was collected 

between December 2021 and April 2022. This research concentrated on the 

mobile health service Bangladesh's Directorate General of Health Services 

(DGHS) offers. The study selected the DGHS m-health service for the following 

reasons. First, this service is a government service that is available to the entire 

population of the country instead of being limited to the users of a specific mobile 

phone operator (Alam et al., 2019). Secondly, this service is available to each 

district and subdistrict hospital in the country, thus accessible from all cities and 

villages. People living in any part of the country can easily access this service 

through their mobile phones (Islam and Islam, 2020). Finally, online healthcare 

services like the DGHS m-health service have become increasingly popular 

worldwide, including in Bangladesh, especially after COVID-19 (Islam and Islam, 

2020). While most people still prefer face-to-face medical consultations, they have 

become more aware of the benefits of m-health services after the pandemic and 

are more open to using them (Murphy et al., 2020). 

5.4.2. Target population: 

The sampling design begins with selecting a target population (Arrogante, 2022). 

Target populations are sample objects or elements (Table 5.1 provides definitions 

and descriptions of terminologies used in sampling) that contain pertinent data 
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used by the researcher to conclude. The target population defines the distinction 

between respondents and non-respondents (Chaphalkar and Sandbhor, 2016). 

Thus, the selection of sample participants must be as precise as possible 

(Campos, 2018). The DGHS m-health service users in Bangladesh are this study's 

target population. The service is available to the entire population (DGHS, 2020). 

Five districts-Dhaka, Netrokona, Gopalganj, Rajshahi, and Bogra, from two 

divisions (Dhaka and Rajshahi divisions), were selected as sample frames (Mia, 

Khatun and Sarwar, 2020). From these selected districts, ten hospitals were 

chosen as sample units. Finally, from each hospital, participants were selected as 

sample elements. These participants are the users of the DGHS m-health service 

who called on the dedicated m-health service numbers between the years 2020 

and 2021 to get medical consultations. Table 5.1 represents a summary of the 

sampling procedure. 

 

Table 5.1. Summary of the sampling procedure: 

 

Sampling 
process 

Sampling strategy of the study Comments 

Target 
population 

DGHS m-health service users in 
Bangladesh. The service is available 
to the entire population (165.2 
million). 
 

The population for the study is 
made up of all the elements 
that share a certain set of 
characteristics. 

Sampling 
frame 

Five districts-Dhaka, Netrokona, 
Gopalganj, Rajshahi and Bogra, from 
two divisions (Dhaka and Rajshahi 
divisions). 
 

These five district clusters 
represent sample units of the 
target population. 

Sampling 
unit 

Users of DGHS m-health service 
from 10 hospitals. 

The elements of the sampled 
target population are present 
in these sample units. 

Sampling 
elements 

18+ males and females who have 
used the service between the years 
2020 and 2021. 

These respondents satisfy the 
requirements and can provide 
data to test the hypotheses. 
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Sampling 
strategy 

Probability sampling Area-wise cluster sampling 
was used in this study to 
represent various 
socioeconomic groups. 
 

Sample 
size 

 420 completed samples  44 interviewer-filled samples, 
376 self-completed samples. 

 

5.4.3. Sampling technique: 

 
5.4.3.1. Probability sampling: 

One of the most crucial variables affecting the accuracy of the research is selecting 

the right sampling technique (Arrogante, 2022). The two primary types of sampling 

techniques are- probability and nonprobability sampling (Rahi, 2017; Setia, 2016). 

Probability sampling methods involve randomly selecting individuals from a 

population, ensuring that each member has an equal and known chance of being 

included in the sample (Rahi, 2017). Probability sampling allows for statistical 

inference and generalization of findings to the larger population. In contrast, 

nonprobability sampling methods do not involve random selection and do not 

guarantee that every member of the population has an equal chance of being 

included in the sample (Setia, 2016). Nonprobability sampling is often used when 

probability sampling is impractical or not feasible (Arrogante, 2022).  

 

The following reasons led to the selection of probability sampling for this study: 

First, the goal of the study was to make inferences and generalise the findings to 

a larger population (Shi, and Maydeu, 2019). Probability sampling ensures that 

each member of the population has an equal and known chance of being selected, 

allowing for accurate estimation of population parameters and valid 

generalizations. Second, probability sampling methods ensure that the sample is 

representative of the population of interest (Snyder, 2019). This is important for 
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ensuring that the characteristics and variations present in the population are 

adequately captured in the sample. A representative sample enhances the 

external validity of the study. Third, probability sampling provides a solid basis for 

statistical inference (Strijker, Bosworth, and Bouter, 2020). By randomly selecting 

individuals from the population, the study can estimate sampling errors, calculate 

confidence intervals, and conduct hypothesis testing. This allows for robust 

statistical analysis and meaningful interpretation of results. Fourth, probability 

sampling methods reduce the likelihood of selection bias, as every member of the 

population has an equal chance of being included in the sample (Tavares et al., 

2019). This minimises the risk of systematic distortions and ensures fairness in 

participant selection. Fifth, probability sampling enhances the internal validity and 

reliability of the study (Tomic, and Janata, 2007). By minimising bias and 

maximizing the representativeness of the sample, the study can more confidently 

attribute any observed effects or relationships to the variables of interest, 

increasing the validity and reliability of the findings. Lastly, probability sampling is 

often recommended and preferred in many research fields. It aligns with 

established research standards and guidelines, ensuring methodological rigor and 

increasing the credibility of the study (Tran, and Lương, 2020). 

 

5.4.3.2. Selection of cluster sampling among various probability sampling 

techniques: 

There are four types of probability sampling techniques (Mueller et al., 2015; Li et 

al., 2011; Lohr, 2019; Zhang et al., 2017). The first is simple random sampling 

(Mueller et al., 2015). Each member of the population has an equal probability of 

being chosen in a simple random sampling. All the population should be in the 

sample frame in this technique. Researchers can use tools like random number 
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generators or other methods completely reliant on the chance to carry out this type 

of sampling (Mueller et al., 2015). The next one is systematic sampling (Lohr, 

2019). Simple random sample and systematic sampling are comparable, but 

systematic sampling is typically simpler to carry out. Individuals are systematically 

selected rather than numbers being generated randomly for each member of the 

population (Lohr, 2019). The third approach is the stratified sampling technique 

(Li et al., 2011). In stratified sampling, a population is divided into subpopulations 

that differ significantly. Guaranteeing that each subgroup is representative of the 

sample enables the researcher to reach more accurate results. In this sampling 

method, the population is divided into subgroups (called strata) depending on the 

relevant characteristic (e.g., job role, income, gender, age) (Li et al., 2011). Finally, 

one of the most used sampling techniques is the cluster sampling technique 

(Zhang et al., 2017). In cluster sampling, the sample is also divided into 

subgroups, but each subgroup has similar characteristics (Zhang et al., 2017). 

Rather than sampling individuals from each subgroup, the researcher randomly 

samples the entire subgroup. The researcher may include every member of each 

sampled cluster if feasible (Palinkas et al., 2013). Cluster sampling is a type of 

probability sampling technique that researchers normally use while studying a 

large population, especially extensively geographically distributed ones (Muijs, 

2012). Researchers commonly form clusters from pre-existing units such as 

hospitals, schools, or cities (Arnab, 2017). Researchers in developing countries 

often use cluster sampling, which uses geographical areas such as blocks, 

divisions, districts, subdistricts, and other descriptive units as sampling units 

(Kondo et al., 2014). Cluster sampling was the most suitable and feasible 

approach for this study, considering the characteristics of all sample techniques 

(Palinkas et al., 2013). Thus, this study employed cluster sampling while 
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undertaking online surveys in Bangladesh, as it required investigating a large and 

geographically distributed population (Mridha, 2019). As the users of DGHS m-

health service are spread out throughout the country, it would be expensive, time-

consuming, and impossible to interview them all. Cluster sampling in this situation 

enabled the creation of clusters with a smaller representation of DGHS m-health 

users from the entire population of Bangladesh (Mridha, 2019). 

 

Moreover, this study used multistage cluster sampling to select samples randomly 

at each stage under cluster sampling (Zhang et al., 2017). The first stage of 

multistage sampling involves dividing the population into clusters and selecting 

some clusters. Those chosen clusters are further split into smaller clusters at each 

subsequent stage, and the procedure is continued until the last step is completed. 

During the final step, only some cluster members are selected for sampling. 

Multistage sampling is a flexible method (Zhang et al., 2017). Using this method, 

the researcher can select the sample group more effectively (Douglas, 2022). It is 

also time and cost-effective (Arrogante, 2022). This is because the vast population 

is often divided into smaller clusters before performing the study (Arrogante, 

2022).  

5.4.3.3. Selection of clusters in the area wise cluster sampling: 

Bangladesh is divided into eight divisions (Mia, Khatun and Sarwar, 2020). Firstly, 

from eight divisions of the country, two divisions were selected randomly, then five 

districts-Dhaka, Netrokona, and Gopalganj from Dhaka division, and Rajshahi and 

Bogra from Rajshahi division were selected; finally, ten hospitals were selected, 

two from each district. The hospital participants were selected using systematic 

random sampling (Liu, Wu and Che, 2019).  
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The two selected divisions- Dhaka and Rajshahi- both have urban and rural parts 

but have different health, educational, and economic conditions (Islam et 

al., 2020). Dhaka is the most populated division with more than 4.4 M population 

(Banglapedia, 2023). The population density of Dhaka is 2,200/km2, and the 

literacy rate and educational institutions' average literacy rate of 43.44% 

(Banglapedia, 2023). People across the nation are drawn to the Dhaka division 

because of its rapid urban expansion and increased employment opportunities 

(Khalequzzaman et al., 2017). As a result, nearly the whole nation is 

representative of this division's population. People from all over the nation make 

this division more culturally diverse than other divisions (Khalequzzaman et 

al., 2017). Rajshahi division has a population of around 2.0 M (Banglapedia, 

2023). The population density of Rajshahi is 1,017/km2, and the literacy rate and 

educational institutions' average literacy rate of 41% (Banglapedia, 2023). Dhaka, 

the capital and administrative hub of the country, mainly specialises in secondary 

and tertiary activities, whereas the Rajshahi division's economic base mainly 

depends on agriculture (Mostafizur and Sayedur, 2020). Agriculture and Forestry 

have the highest GDP contribution in the Rajshahi division compared to other 

divisions (Mostafizur and Sayedur, 2020). However, the economy of Dhaka is the 

largest in Bangladesh, contributing $162 billion in nominal gross state product and 

$235 billion in purchasing power parity terms as of 2020 (World Bank,2023). In 

addition, Dhaka has more healthcare facilities than Rajshahi (Mostafizur and 

Sayedur, 2020). Most of the country's specialised care hospitals are situated in the 

Dhaka division, like- the National Heart Foundation Hospital and Research 

Institute (Mostafizur and Sayedur, 2020). 
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5.4.3.4. Distribution of online surveys among the participants: 

As was noted in the preceding section, this study used a systematic random 

sample strategy to choose participants from the hospitals following the last stage 

of area-wise cluster sampling, which involved the selection of the hospitals (Liu, 

Wu and Che, 2019). Following are the steps taken for distributing online surveys 

to participants: 

1.Obtaining participants’ mobile numbers from hospitals' administrators: 

Hospital administrators were contacted via emails and phone calls at that time to 

get the mobile numbers of the DGHS m-health service users. After evaluating the 

study's ethical considerations, the hospital administrators agreed to provide the 

data (Michael and Carnochan, 2020). The mobile numbers of users who used this 

service between 2020 and 2021 were collected in this way. 

2. Determining the desired sample size: The study aimed to obtain 500 

completed surveys, with the objective of obtaining 50 completed surveys from 

each of the ten hospitals. This sample size was determined using Yamane’s 

formula of sample size calculation (Wolf et al., 2013). Yamane's formula is a 

commonly used method for determining the sample size in a population when 

conducting surveys. It allows researchers to estimate the appropriate sample size 

based on a desired level of confidence and a margin of error (Wolf et al., 2013). 

3. Random selection of starting point: A random number generator process was 

used to select a starting point within the sampling frame (Arrogante, 2022). This 

starting point determined the first participant to be included in the sample from 

each hospital. 

4. Systematic random sampling: Using a specified sampling interval, the study 

included every nth individual in the sampling frame ((Liu, Wu and Che, 2019). For 
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example, if the sampling interval was 10, this study included the 10th, 20th, 30th, 

and so on until the desired sample size was reached. 

5. Contacting participants: Participants selected through systematic random 

sampling were contacted via mobile calls to discuss the research study. Upon 

agreeing to participate, they were immediately sent a text message containing the 

link to the online survey (Marin et al., 2020). 

6. racking response rates: The JISC online survey database was used to keep 

track of the response rates and monitor the progress of data collection (Singh, and 

Sagar, 2021). 

7. Survey completions: An astounding 84% (420/500) completion rate was 

achieved, with a staggering 420 participants successfully completing the surveys 

out of the 500 individuals contacted (Booker, Austin and Balasubramanian, 2021). 

 

5.4.4. Administration of the survey instrument: 

The survey method generally comprises several techniques for gathering data 

based on the nature and mode of survey interaction and for distributing 

questionnaires (Remenyi, 2022). As indicated earlier, this study employed an 

online survey method since it can produce higher response rates than other 

approaches like mail-in surveys or telephone surveys (Tran and Luong, 2020).  

The questionnaire for this study was made available online in English and Bengali 

(Bengali is the national language of Bangladesh). The study developed the initial 

version of the questionnaire in English using the extant literature (See section 5.5 

for details). The measurements were then translated into the local language to 

produce a Bengali version of the questionnaires. Two linguistics with expertise in 

English and Bengali languages reviewed these questionnaires from two 
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Bangladeshi universities. Based on their reviews, amendments were made to 

ensure both versions were reasonably comparable and appropriate for the study 

(Athanasakis, 2016). The approach of conducting surveys in the local language 

alongside the English language has inherent advantages, including a large volume 

of data collection, rapid data collection, high response rate, and high sample 

control (Palinkas et al., 2013; Memon et al., 2016). 

 This research conducted an initial study with 50 respondents. The initial study 

aimed to test the applicability of the range of scales, progression of questions, 

length, layout, and phrasing (Morgado et al., 2017). Upon responses from the 

initial study, the study made context-specific adjustments to finalise the final 

version of the questionnaires (Ismail, Kinchin and Edwards, 2017) (Appendix 5B: 

English questionnaire, and Appendix 5C: Bangla Questionnaire).  

The study utilised self-completion and interviewer-filled survey techniques to 

receive a more valid response (Dörnyei and Dewaele, 2022). As a significant 

number of participants were from rural areas in the target population, some 

participants had a lack of internet access. In these cases, the interviewer provided 

the participants with a mobile phone with internet access, which was solely used 

for data collection for this study. Forty-Four surveys in the rural areas were 

completed in this manner. Using interviewer-filled and self-completion approaches 

helped the current study achieve the maximum possible repose rates (Lai and 

Widmar, 2021). Upon participants' submission, all data was automatically stored 

on the password-protected online server (JISC Online Surveys). Data privacy and 

security were ensured because only the researchers accessed the online data 

(Chiu et al., 2020; Calgua, 2022). 
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5.4.5: Ethical considerations: 

 

The ethical considerations in research are a set of principles that guide the 

research design and execution (Rowbotham and McDermott, 2019). When 

conducting research with human subjects, the researcher must consider issues 

regarding people's health, safety, and privacy (Michael and Carnochan, 2020). 

This study-maintained anonymity and safety of participants while considering all 

ethical issues. The University of Wolverhampton Ethics Committee approved this 

study's "Ethics Approval Application" before conducting online surveys. 

 

A participant information statement and consent form with the official letterhead of 

a reputable university was added at the beginning of the online questionnaires 

(Tuten, 2010). This form also contained the researcher's email address and phone 

number so respondents could see the study's authenticity (Appendix 5A). For 

adequate assurance of anonymity, the form highlighted the study's purpose and 

implications (Rowbotham and McDermott, 2019). Additionally, the participants 

were free to withdraw from the survey at any stage (Naufel and Edwards, 2022). 

Moreover, after the submission of online surveys, all data was automatically 

transferred and stored in the JISC online database. The database was password-

protected and only accessible to the researcher. During data analysis, the data 

was transferred using OneDrive, which provides an encrypted channel (Michael 

and Carnochan, 2020). 

5.4.6. Sample profile: 

  

The study obtained 420 completed surveys out of 500. Thus, the response rate 

was 84%. Researchers generally consider 80% or more response rates excellent 
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(Booker, Austin and Balasubramanian, 2021). The study excluded three surveys 

because of excessive missing data and response biases (Gustavson, Røysamb 

and Borren, 2019). Thus, 417 out of 420 surveys were analysed for the study. The 

percentage of continuous users of the service was 67.9% (283 out of 417), 

whereas the percentage of discontinuous users was 32.13% (134 out of 417). 

  

The respondents' demographic profile represented a diverse cross-section of the 

population (Table 5.2). The research statistic showed that female users (55.8%) 

are much higher than male users (44.12%) (Table 5.2). In addition, people living 

in urban areas tend to use the service more than rural users (Table 5.2). All other 

occupational categories use the service in approximately similar numbers, but 

housewives use it more often than other groups (Table 5.2). Among respondents, 

24.94 % have an income of less than $ 93.18 per month, and only 15.11% have 

more than $465.92 per month. People aged 26-33 use the service more than other 

age groups, and most users use the service at night (Table 5.2). 

 

 

 
 
Table 5.2: Participants’ demographic profile: 
 
 

Items Categories Statistics (%) 

Gender Female 55.8% (233) 

Male 44.12% (184) 

Location Urban 53.7 % (224) 

Rural  46.28 % (193) 

Occupation Education, training, and 

Research 

21.82% (91) 
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Domestic worker or housewife  23.98 % (100) 

Personal business 17. 986% (75) 

Public organisation 19.90 % (83) 

Private organisation 16.30 % (68) 

Education, training, and 

Research 

21.82% (91) 

Salary Below 10000  24.94% (104) 

100001-20000  22.78% (95) 

20001-30000 12. 23% (51) 

30001-40000 13.91 % (58) 

40001-50000 11 % (46) 

50000+ 15.11% (63) 

Age 18-25 23.26 % (97) 

26-33 24.46% (102) 

34-41 17.27 % (72) 

42-49 18.71 % (78) 

50+ 16.31 % (68) 

Time of service 9: 01 AM-5:00 PM (Day)  19.90 % (83) 

5:01 PM-10:00 PM (Evening) 19.2 % (80) 

10:01 PM-5:00 AM (Night) 32.13% (134) 

5:01 AM-9:00 AM (Morning) 28.7 % (120) 

 

5.5. Measurement instruments: 

 

All independent (service quality, social norms, and personal norms) and 

dependent variables (satisfaction, usage behaviours) in this study were evaluated 

using measures that have been tested and validated in prior studies (Chao, 2019). 

It is recommended that, when possible, tested, and proven measures should be 

used for research analysis (Edem, 2021; Roelofs, 2016). The following 

subsections briefly describe the scale adaptation process of the variables: 
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5.5.1. Scale adaptation for service quality construct: 

 

The study employed a higher-order service quality model in which overall service 

quality consists of three primary dimensions - platform quality (PQ), outcome 

quality (OQ), and information quality (IQ), and their corresponding nine 

subdimensions-systems availability (SAVL), systems efficiency (SEFF), systems 

privacy (SPRI), and systems reliability (SREL) for PQ, assurance (ASSU), 

empathy (EMP), and responsiveness (RES) for IQ, and emotional benefit (EMB), 

and functional benefit (FUNB) for OQ (Ahluwalia and Varshney, 2009; Oppong et 

al., 2018; Nouri et al., 2018; Akter, D’Ambra and Ray 2010; Jacob, Sanchez and 

Ivory, 2020).  

  

This study used the repeated indicators strategy to measure the higher-order 

latent variables of the service quality construct (Miksza and Elpus, 2018; Wakefield 

and Bennett, 2016; Avkiran, 2018; Carrión, Nitzl and Roldán, 2017). In this 

technique, manifest variables were used repeatedly, first for first-order latent 

variables (i.e., PQ, IQ, and OQ) and then for the second-order latent variable (i.e., 

Overall perceived service quality. The first-order platform quality construct, which 

consists of four subdimensions (i.e., systems availability, systems efficiency, 

systems privacy, and systems reliability), was measured using eight manifest 

variables of the underlying subdimensions (two manifest variables for each 

subdimensions). Similarly, the first-order interaction quality construct, which 

consists of three subdimensions (i.e., assurance, empathy, and responsiveness), 

was measured using six manifest variables of the underlying subdimensions (two 

manifest variables for each subdimensions). Again, the first-order outcome quality 

construct, which consists of two subdimensions (i.e., emotional benefit and 
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functional benefit), was measured using four manifest variables of the underlying 

subdimensions (two manifest variables for each subdimension). Finally, the 

second-order overall service quality was measured using all 18 manifest variables 

representing three first-order dimensions (i.e., PQ, IQ, and OQ) and nine 

subdimensions (i.e., systems availability, systems efficiency, systems privacy, 

systems reliability, assurance, empathy, and responsiveness, and emotional 

benefit, and functional benefit). 

 

All manifest variables were measured using multi-item scales adopted from 

previous studies in which these scales were successfully tested and validated 

within a similar context of m-health service quality (Table 5.3).  

 

Table 5.3: Scale adaptation for service quality construct: 
 

Dimensions Subdimensions Scale adaptation 

PQ SREL Kim et al., 2019 
SAVL Akter, D’Ambra and Ray 2013 

SEFF Akter, D’Ambra and Ray 2013 

SPRI Dehling et al., 2015 
 

IQ 
 
 
 
 
 

RES Parasuraman, Zeithaml and Berry, 
1988; Lau et al., 2013 

ASSU DeLone and McLean 2003; 
Parasuraman, Zeithaml and Berry, 
1988; Lau et al., 2013 

EMP DeLone and McLean, 2003 
 

OQ FUNB Fassnacht and Koese, 2006; Oppong 
et al., 2018 

EMB Fassnacht and Koese, 2006; Oppong 
et al., 2018 
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5.5.2. Scale adaptation for social and personal norms constructs: 

 

This study adapted scales to measure personal norms from Kim and Seock (2019) 

and Ottar and Grunert (2010) (Table 5.4). The researchers used these 

measurement scales for assessing personal norms towards eating and 

environmental protection behaviours. There are no validated measurement scales 

or assessing users' personal norms regarding technology usage behaviours, 

especially m-health service usage. Thus, this study adapted the scales from other 

research domains (Table 5.4) to test and confirm the measurement scale for 

assessing personal norms of users in the context of m-health service (Sekhon, 

Cartwright and Francis, 2022). 

 

The social norms construct was measured using items adapted from Ottar and 

Grunert (2010), Singh et al., (2020); Kim and Seock, 2019; San et al., (2015) 

(Table 5.4). This study aimed to evaluate the impact of injunctive and descriptive 

social norms on users' satisfaction levels and usage behaviours. Thus, this study 

included injunctive and descriptive norm items in the measurement scale (Table 

5.4). 

 

Table 5.4. Scale adaptation for social and personal norms constructs: 

Constructs Scale adaptation 

Personal norms Adapted from Kim and Seock 
(2019), and Ottar and Grunert 
(2010) 
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Social norms 
 

Adapted from Ottar and Grunert 
(2010); Singh et al., (2020); Kim 
and Seock, (2019); San et al., 
(2015) 

 

5.5.3. Scale adaptation for outcome constructs: 

 

This study adapted previously published multi-item scales for outcome variables-

satisfaction and use behaviours (Table 5.5). Firstly, the study adopted the 

"satisfaction" scale from Yan et al., (2021); Kim (2021); and Rita, Oliveira and 

Farisa (2019) (Table 5.5). These measures were adopted for the study because, 

concerning the consumption of any services, they are more appropriate for 

evaluating the post-usage effect than the pre-usage effect (Rita, Oliveira and 

Farisa, 2019). This study assessed both continuous and discontinuous 

behaviours. The scale for continuous behaviours was adapted from Lee and Lee 

(2020); Al-Adwan and Al-Horani, (2019), whereas the scale for discontinuous 

behaviours was adapted from Fu and Li (2020); Furner, Zinko and Zhu (2016) 

(Table 5.5). As they were effectively applied in these earlier studies to evaluate 

users' continuous and discontinuous behaviours involving technology and 

healthcare, these continuous and discontinuous measures were considered 

suitable for this current study context. 
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Table 5.5: Sources of scales for measuring outcome constructs: 

Outcome constructs Sources 

Satisfaction Yan et al., 2021; Kim, 2021; Rita, 
Oliveira and Farisa, 2019. 

Usage behaviours 

Continuous usage behaviours Lee and Lee, 2020; Al-Adwan and Al-
Horani, 2019; 

Discontinuous usage behaviours Fu and Li, 2020; Furner, Zinko and 
Zhu, 2016. 

 
 

The current study adopted a similar approach to earlier studies that 

operationalised these measures as reflective measures (Table 5.3, 5.4, and 5.5). 

This study used these measures in the context of m-health and confirmed their 

validity and reliability over a wider nomological network (See Chapter 6 for more 

details). 

In this study, all items were measured using a seven-point Likert scale ranging 

from "strongly disagree" to "strongly agree” (Liu, Tu and Cai, 2020). This scale 

represents respondents' best sentiments as they can select from two moderate 

opinions, two extreme opinions, two intermediate opinions, and one neutral 

opinion, making it the most accurate Likert scale (Sullivan and Artino, 2013). The 

seven-point Likert scale has consistently been shown in studies to be more reliable 

and user-friendly than other measures (Shi and Maydeu, 2019; Wu and Leung, 

2017). In addition, more data points can be used to run statistical analyses 

(Sullivan and Artino, 2013). 

5.6. Exploratory factor analysis: 

The study performed exploratory factor analysis (EFA) using SPSS V28. The study 

used EFA to evaluate the initial measurement scales utilising a principal 
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component analysis (PCA)-based extraction approach and varimax rotation 

process using the data obtained from the initial study (N=50) (Haig, 2018). The 

most effective method to extract variance from a large number of items is PCA 

(Behere and Mavris, 2023). To guarantee the precision of construct validity, it is 

crucial to thoroughly examine the factor loadings of items and verify that they align 

correctly with their corresponding factors. The PCA technique allows researchers 

to test the groups of variables independently when performing EFA (Fauzi et al., 

2022). Varimax was employed in the study as a rotation approach since it provides 

multiple factors while retaining orthogonality. Researchers in information systems, 

and healthcare use PCA with varimax rotation to demonstrate discriminant and 

convergent validity (Maskey et al., 2018). The number of factors was determined 

by eigenvalues greater than 1: this is known as the latent root criterion. According 

to the latent root criterion, each component must account for the variation of at 

least one variable to be interpreted. Any factors that have eigenvalues less than 1 

are considered insignificant and are not included in estimating the factor number 

(Cosemans et al., 2021). The Bartlett’s test sphericity, and Kaiser-Meyer-Olkin 

(KMO) measure of sampling adequacy were used to determine the 

appropriateness of factor analysis (Shrestha, 2021). The results of the EFA for the 

three independent variables: service quality, social norms, and personal norms, 

as well as the two dependent variables, satisfaction, and usage behaviours, are 

discussed in detail in Chapter 6. 

 

5.7. Data analysis technique: 

Structural equational modelling (SEM) has dramatically increased attention and 

utilisation across several domains, including healthcare, marketing, information 
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systems, and psychology, over the past two decades (Schumacker, 2017). The 

SEM procedure evaluates the consistency of a hypothesised model with the data 

collected to reflect the theory. It is a more advanced version of general linear 

modelling procedures, e.g., multiple regression analysis (Khojasteh, 2019). 

Among the many statistical models under the SEM umbrella, covariance-based 

SEM (CB-SEM) is the most used (Carrión, Nitzl and Roldán, 2017). Nevertheless, 

partial least squares (PLS) are also an effective approach to studying structural 

equation models, which is becoming increasingly popular (Sakaria, Maat and 

Mohd, 2023). 

5.7.1. Comparisons of CB-SEM and PLS-SEM data analysis techniques: 

While PLS-SEM and CB-SEM are two alternative methods for solving the same 

issue, namely the investigation of cause-effect relations between latent constructs, 

they differ not only in terms of their fundamental assumptions and conclusions but 

also in terms of their estimate techniques (Nitzl, 2018). PLS-SEM employs a 

regression-based ordinary least squares (OLS) estimation technique to reduce the 

error terms and maximise the R2 values of the endogenous constructs (Sakaria, 

Maat and Mohd, 2023). Contrarily, CB-SEM employs a maximum likelihood (ML) 

estimation method and tries to reproduce the covariance matrix, that is, to reduce 

the difference between the observed and estimated covariance matrix, without 

concentrating on explained variance (Carrión, Nitzl and Roldán, 2017). In other 

words, obtaining a good model fit using CB-SEM is the overall statistical goal, and 

the R2 is a by-product of this goal (Carrión, Nitzl and Roldán, 2017).   

Since CB-SEM is a confirmatory approach, it requires the specification of a full 

theoretical model before data analysis can begin (Benitez et al., 2020). To ensure 

a valid and accurate measurement of all constructs, the researchers must 
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therefore specify the precise number of independent (exogenous) and dependent 

(endogenous) variables used in the theoretical model, the relationships between 

these latent variables, the type of measurement model (formative or reflective), 

and the number of indicator variables needed for ensuring a reliable a valid 

measure of all constructs (Benitez et al., 2020). Estimating all parameters is only 

possible when a model has been accurately specified (Benitez et al., 2020; Tian 

and Yuan, 2019). Consequently, CB-SEM should be used only when the model 

has an adequate theoretical framework. Comparatively, PLS-SEM allows for the 

investigation of constructs and interactions in complex structural models and is 

particularly well suited for early-stage theory development and testing. The PLS-

SEM approach is appropriate for theory development since it identifies 

relationships, directions, strengths, and observable measures (Petrarca, 

Russolillo and Trinchera, 2017).  

  

In SEM models, the sample size is determined first by the method used (Bader, 

Jobst and Moshagen, 2022). In particular, CB-SEM needs a larger sample than 

PLS-SEM since all associations between variables must be evaluated, or in other 

words, a full information approach, whereas the model is separated into smaller 

components with PLS-SEM (one for each construct; hence the name partial least 

squares) (Bader, Jobst and Moshagen, 2022).PLS-SEM operates effectively with 

small sample sizes and complex models and makes no assumptions about the 

underlying data distributions, unlike CB-SEM, which puts rigorous sample size 

limits on the researchers. As a result, PLS-SEM is especially well suited for studies 

of healthcare technology usage, where data-collecting challenges and low 

response rates are common (Rigdon, Sarstedt and Ringle, 2017). 



181 
 

 

Like many other multivariate statistical approaches, the CB-SEM maximum 

likelihood approach needs multivariate normality (Bader, Jobst and Moshagen, 

2022). On the other hand, PLS-SEM is better suitable for research in several 

domains, including m-health, where data are frequently non-normally distributed, 

as it does not need normally distributed data (Fotiadis, Stylos and Vassiliadis, 

2020; Oppong et al., 2018). Moreover, PLS-SEM can be utilised whether the data 

are categorical or ordinal (quasi-metric) or contain single-item measurements 

(Ketchen, 2013). 

 A higher-order model may be appropriate and sometimes required in some 

research contexts (Busetto, Wick and Gumbinger,2020). Hierarchical component 

models (HCMs) combine several subdimensions-often known as first-order 

constructs. The literature focuses on four types of HCMs (Busetto, Wick and 

Gumbinger,2020). The HCM modelled in this study was reflective-reflective, 

meaning that associations between the second-order and three first-order 

constructs, also the relationships between the first-order constructs and their 

associated manifest variables were all reflective (Salleh, Othman and Abdullah, 

2021). The choice of this type is frequently made based on theoretical 

considerations that serve as the investigation's foundation (Salmons and Denicolo, 

2022). To make the path model more concise and understandable, HCMs reduce 

the number of relationships in the structural model (Busetto, Wick and 

Gumbinger,2020). The second situation in which HCMs can be useful is when first-

order constructs have a high correlation (Carrión, Nitzl and Roldán, 2017). High 

multicollinearity among the first-order constructs may lead to biased structural 

model coefficients, change in signs, and the loss of discriminant validity. In such 

cases, HCMs (often second-order constructs) might lessen collinearity concerns 

and resolve discriminant validity problems (Cheah et al., 2018). 
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Both CB-PLS and PLS-SEM can produce HCMs; however, different aspects must 

be considered (Avkiran, 2018; Rigdon, Sarstedt and Ringle, 2017). The PLS path 

modelling technique allows for the conceptualisation of HCMs through the                                                                                                                                        

repeated use of manifest variables (Wakefield and Bennett, 2016; Avkiran, 2018). 

For example, for a third-order HCM, the manifest variables are used initially for 

first-order latent variables to create primary loadings and then again for second-

order latent variables to create secondary loadings (Miksza and Elpus, 2018). In a 

multidimensional model, this approach is replicated over all dimensions and 

extended to estimate the third-order construct (van Riel et al., 2017). In this case, 

the third-order construct consists of all second and first-order constructs, 

representing all manifest variables (Miksza and Elpus, 2018; Yildiz et al., 2014). 

Since PLS path modelling yields determinate latent variable scores, higher-order 

factors are calculated using the factor scores of lower-order variables (Hatamvand, 

Khany and Samaie, 2020). The residual covariance structure, which aids in the 

identification of a model, is also not constrained in PLS path analysis regarding 

disturbance terms or measurement errors. Moreover, PLS can be utilised in HCMs 

to overcome the drawbacks of covariance-based SEM in terms of factor 

indeterminacy, model identification and complexity, sample size, measurement 

level, and distributional properties (Jung and Park, 2018). Also, it can provide more 

precise estimates of mediating effects by considering measurement error, which 

attenuates the estimated correlations and enhances the validity of hypotheses 

(Goldsmith et al., 2016).  

After considering the explanation provided, this study opted to proceed with the 

investigation of the research model using the PLS-SEM data analysis approach. 
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However, the following sections discuss in greater detail the reasons for not using 

CB-SEM for the current investigation. 

5.7.2.  Justifications for not utilising CB-SEM for the present study: 

This study opted for PLS-SEM, and rejected CB-SEM for the following reasons- 

5.7.2.1. Comparing objectives of PLS-SEM and CB-SEM based studies: 

The individual objectives and needs of the study should always be taken into 

consideration when deciding between CB-SEM and PLS-SEM (Marcoulides and 

Raykov, 2018).  Each method has its strengths and limitations, and the decision 

should be driven by the research context, data characteristics, and research goals 

(Marcoulides and Raykov, 2018). Following are the typical objectives associated 

with each method: 

 

Objectives of CB-SEM studies: 

1. Theory testing: CB-SEM is often used to test theoretical models and 

hypotheses. Researchers aim to assess whether the hypothesized relationships 

between variables are supported by the data (Gannon et al., 2022). 

2. Model fit assessment: CB-SEM allows researchers to evaluate how well the 

hypothesised model fits the observed data. Good model fit indicates that the 

theoretical model adequately represents the underlying relationships among the 

variables (Schwarz, Schwarz and Black, 2014). 

3. Causal inference: CB-SEM is designed to estimate causal relationships 

between latent constructs and observed variables. Researchers can investigate 
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which variables are causing changes in other variables within the proposed 

theoretical model (Cheah et al., 2018). 

4. Confirmatory analysis: CB-SEM is commonly employed in confirmatory 

studies, where researchers have a well-defined theoretical framework and seek to 

validate the proposed model using data (Gannon et al., 2022). 

5. Model comparison: Researchers may use CB-SEM to compare competing 

models and assess which one provides a better fit to the data based on fit indices 

(Marcoulides and Raykov, 2018). 

Objectives of PLS-SEM Studies:  

1. Predictive modelling: PLS-SEM is often employed for predictive analysis, 

where the main focus is on understanding relationships between variables to make 

accurate predictions about future outcomes (Sreedharan, Kulkarni, and 

Kambhampati, 2022). 

 

2. Exploratory analysis: PLS-SEM is well-suited for exploratory studies, where 

researchers are interested in discovering patterns and relationships within the data 

without strict adherence to pre-specified theoretical models (Solimun et al., 2017). 

3. Complex models: PLS-SEM is preferred when dealing with complex models, 

such as those involving formative constructs, multiple dimensions, and hierarchical 

relationships, as it is more flexible and robust in such situations (Rigdon, Sarstedt 

and Ringle, 2017). 

4. Practical implications: PLS-SEM is frequently used in applied research, where 

the emphasis is on identifying actionable insights and practical implications rather 

than just assessing model fit (Hatamvand, Khany and Samaie, 2020). 
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5. Understanding relationships: PLS-SEM is employed when researchers seek 

to understand the strength and direction of relationships between variables, 

especially in situations where the data may not meet the assumptions required by 

CB-SEM (Moqbel, Guduru and Harun, 2020).  

The objectives of this study are more in line with typical PLS-SEM analytic 

objectives. This study aimed to understand relationships between overall service 

quality, social norms, personal norms, satisfaction, and usage behaviours to make 

accurate predictions about future outcomes regarding DGHS m-health service and 

explore patterns and relationships within the data. Further, analyse a complex 

model to comprehend the direction and strength of interactions between variables 

and derive practical implications and actionable insights rather simply evaluating 

model fit. As a result, PLS-SEM was the method of choice for achieving the goals 

of the current investigation. 

5.7.2.2. Multigroup analysis with smaller sample sizes: 

As previously stated, this study aimed to conduct multigroup analyses to observe 

the varying effects of predictor variables on the outcome variables. CB-SEM and 

PLS-SEM have their strengths and weaknesses for multigroup, and the choice 

between them depends on the specific characteristics of the data and research 

objectives (Yanti et al., 2019; Knock, 2014; 2020). 

PLS-SEM generally outperforms CB-SEM when dealing with smaller sample 

sizes, especially in the context of multigroup analysis (Knock, 2020). PLS-SEM is 

a non-parametric method, and it does not assume a specific data distribution, such 

as normality. This makes it more robust when dealing with non-normal or skewed 

data, which is common in smaller samples (Wadie, 2017). Moreover, PLS-SEM 

has fewer distributional assumptions compared to CB-SEM. In CB-SEM, the 
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assumption of multivariate normality is essential, and violations of this assumption 

can lead to biased parameter estimates, especially in smaller samples (Tarka, 

2017). In smaller samples, the risk of convergent validity issues (where constructs 

have poor measurement properties) is higher. PLS-SEM is less sensitive to such 

issues compared to CB-SEM, as it relies on latent variable scores rather than 

individual observed variables (Tai and Tang, 2021). Lastly, CB-SEM is more 

sensitive to the complexity of the model and the number of parameters to be 

estimated. In smaller samples, estimating complex models with CB-SEM can lead 

to overfitting, reducing the model's generalisability and stability (Yanti et al., 2019). 

This study performed multigroup analyses between continuous and discontinuous 

users’ groups, and between urban and rural users’ groups. The number of 

continuous users in the study was 283, while the number of discontinuous users 

was 134. Similarly, the number of urban users was, and the number of rural users 

was 224, while the number of rural users was 193. Since the sample size of the 

groups being studied was not large enough to conduct CB-SEM analysis, this 

study opted to use PLS-SEM instead (Yanti et al., 2019; Tahiri et al., 2022). 

5.7.2.3. Simple graphical representation of the complex model: 

PLS-SEM tends to outperform CB-SEM in fitting complex models in graphical 

interfaces, especially when dealing with certain characteristics of the data and 

model structures (Solimun et al., 2017; Bader, Jobst and Moshagen, 2022). Given 

the complexity of the current study model and the presence of a higher-order 

construct with multiple dimensions, and subdimensions, drawing the full 

conceptual model in graphical SEM software like AMOS was indeed challenging 

(Sarstedt et al., 2016). Graphical SEM software like AMOS, typically requires a 

manual specification of the model paths, which can become cumbersome and 
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time-consuming in complex models. As the number of latent variables, indicators, 

and model paths increases, the model becomes more intricate, making it difficult 

to visualise and handle effectively in a graphical interface (Bader, Jobst and 

Moshagen, 2022).  

In contrast, PLS-SEM is a better option for fitting and representing hierarchical 

model with higher-order construct, multiple subdimensions, and dimensions 

(Carrión, Nitzl and Roldán, 2017). PLS-SEM estimates latent variables based on 

composites of their indicators, rather than estimating the entire covariance matrix. 

This component-based estimation is computationally efficient and well-suited for 

complex models with many latent variables (Carrión, Nitzl and Roldán, 2017). 

In addition, PLS-SEM allows for the use of the repeated indicator approach, 

simplifying the graphical representation of the model (Tian and Yuan, 2019). This 

approach makes it easier to visually depict the hierarchical structure and 

interconnections between the constructs, providing a more intuitive and concise 

representation of the model (Tian and Yuan, 2019). In light of the explanation 

above, this study used the PLS-SEM with the repeated indication technique 

because it could offer benefits in terms of model representation, ease of use, and 

robustness, making it a better choice than AMOS graphics (Tian and Yuan, 2019; 

Carrión, Nitzl and Roldán, 2017; Bader, Jobst and Moshagen, 2022). 
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Chapter 6 

Results and Analysis 

 

6.1. Overview: 

In this chapter, all the empirical results are presented and discussed. Firstly, the 

results of the EFA analyses are presented in section 6.2, the identification of 

multivariant outliers is presented in section 6.3, and common method bias analysis 

is presented in section 6.4. Further, data on the first and higher-order 

measurement models (section 6.5 and Section 6.6), structural model (section 6.7), 

hypotheses testing (section 6.8), mediation analysis (Section 6.9), the impact of 

control variables (Section 6.10), measurement invariance (section 6.11), multi-

group analysis (Section 6.12) are all covered in this chapter. Lastly, this chapter 

evaluated overall findings (section 6.13), including statistical power analysis, effect 

size, and goodness of fit. 

 

 

6.2. Results of the EFA analyses (Initial study, N=50): 

As mentioned in the previous chapter, this study conducted exploratory factor 

analysis with the initial study data (n = 50) to determine the dimensionality, 

reliability, and validity of the service quality instrument. The study also conducted 

exploratory factor analysis with the initial data on the two other independent 

variables (i.e., social and personal norms) and the outcome constructs (i.e., 

satisfaction and usage behaviours). Although this study adapted all these 

constructs from past studies, the factor analysis at initial stage re-confirmed their 
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dimensionality structure, reliability, and validity. The following subsections 

highlighted the outcomes of the EFA analyses: 

6.2.1. Nature of the m-health service quality scale: 

 

The Bartlett's test of sphericity gave evidence for a substantial correlation between 

the variables, with a value of 2415.754 (df = 528), significant at p = 0.000, and the 

KMO measure ensured the overall measure of sampling adequacy as it was 0.708 

(> 0.50) (Shrestha, 2021). The extracted nine factors had eigenvalues higher than 

1, and after rotation, the values were 2.182, 2.310, 2.379, 2.386, 2.569, 2.8.77, 

2.939, 3.450, and 3.192 (see Appendix 6A). In describing the overall variance in 

the data, the sums of squared loadings from the nine factors had a cumulative 

value of 76.312% (Loewen and Gonulal, 2015). The extracted nine components 

were then subjected to reliability analysis through evaluation of Cronbach's alpha 

scores, which exceeded the cut-off value of 0.70 (Kennedy, 2022). For improving 

reliability, further scale refinement was done by looking at corrected item-total 

correlation (Squires et al., 2011). 

Further in the EFA process, the items with cross loadings or those that did not 

correctly load on a given factor (0.40) were removed (Appendix 6B, Table 6.3) 

(Sürücü et al., 2022). SREL2, SAVL2, SPRI3, SEFF3, SRES2, SASS2, SEMP3, 

FUNB1, and EMB1 were eliminated in this way. Thus, the initial instrument was 

refined by eliminating these items. The 18 remaining items were retained for the 

next run of factor analysis. 

The second round of factor analysis of the service quality factors with varimax 

rotation yielded nine factors based on an eigenvalue cut-off of 1 (Table 6.1) 
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(Cosemans et al., 2021). It was found that the refined model explained 81.361% 

of the cumulative variance (Loewen and Gonulal, 2015). 

The remaining items were split into nine factors: functional benefit (FUNB), 

emotional benefit (EMB), empathy (EMP), assurance (ASSU), responsiveness 

(RES), reliability (SREL), efficiency (SEFF), availability (SAVL), and privacy 

(SPRI).   Both the KMO score (0.75> 0.50) and Bartlett's test of sphericity (Approx. 

Chi-Square= 1828.679, df=430, and p = 0.000) were significant (Shrestha, 2021). 

The KMO value supported the overall sample adequacy measure by being over 

the threshold level, and the Bartlett's test of sphericity validated a strong 

correlation between the variables (Shrestha, 2021). The minimum Cronbach’s 

alpha was 0.716 for system privacy, satisfying a minimum requirement of 0.70 

(Table 6.1) (Kennedy, 2022). The minimum corrected-item-total correlation was 

greater than the threshold of 0.40 (SREL3=0.719) (Table 6.1) (Boonyaratana et 

al., 2021). As a result, the refined quality model was proven to be reliable. At this 

point, all first-order service quality constructs had two corresponding items (Table 

6.1). Using exploratory factor analysis, researchers confirmed operationalisation 

of two valid items for a construct (Keetharuth et al., 2018; Rönkkö and Cho, 2020). 

 

Table 6.1: Results of exploratory factor analysis of the refined service 

quality scale (Round 2 factor analysis): 

 

  Item total 
correlation 

Eigenvalue Cumulative 
Variation 

Cronbach’s 
Alpha 

SAVL 
 

SAVL1 0.890 1.627 11.079 0.926 

SAVL3 0.859 

 
SREL 

SREL1 0.805 1.779 23.212 0.720 

SREL3 0.719 

SEFF 
 

SEFF1 0.861 2.032 31.841 0.887 

SEFF2 0.831 

 SPR1 0.731 2.090 43.154 0.716 
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SPRI SPRI2 0.662 

 
RES 

SRES1 0.907 2.298 52.743 0.937 

SRES3 0.892 

 
ASSU 

SASS1 0.932 2.502 60.707 
 

0.924 

SASS3 0.946 

SEMP SEMP1 0.866 2.757 68.836 0.908 

SEMP2 0.908 

FUNB FUBN2 0.896 2.765 75.952 
 

0.814 

FUNB3 0.905 

EMB EMB2 0.862 2.788 81.361 0.831 

EMB3 0.781 

 

 

 Table 6.2. Results of exploratory factor analysis in the initial study (Rotated 

component matrix, round 2): 

 

 Factor  
1 

Factor 
2 

Factor 
3 

Factor 
4 

Factor 
5 

Factor 
6 

Factor 
7 

Factor 
8 

Factor 
9 

SAVL1      0.905 
 

   

SAVL3      0.851    

SREL1        0.731  

SREL3        0.662  

SEFF1    0.868      

SEFF2    0.907      

SPR1       0.719   

SPRI2       0.603   

SRES1 0.839         

SRES3 0.817         

SASS1     0.861     

SASS3     0.859     

SEMP1         0.628 

SEMP2         0.738 

FUBN2    0.807      

FUNB3    0.797      

EMB2   0.932       

EMB3   0.905       
 
 

 

6.2.2. Nature of the social norms construct: 

For the social norms construct, the KMO measure (0.767 > 0.50) and Bartlett's test 

of sphericity (Approx. Chi-Square=553.112, df=456, p =0.000) were both 

significant (Table 6.3). The eigenvalues were more than 1 and, after rotation, was 
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6.234 (Shrestha, 2021). The sums of squared loadings accounted for 77.930% of 

the overall variance in the data (Loewen and Gonulal, 2015). The Cronbach's 

alpha values met the minimal threshold of 0.70 (Kennedy, 2022).  The minimum 

corrected-item-total correlation was greater than the cut-off value of 0.40 

(Boonyaratana et al., 2021). As a result, the reliability and dimensionality of the 

social norms construct and the corresponding scale for this study were established 

(Table 6.3). 

 

Table 6.3. Results of factor analysis of the social norms scale: 
 

  Loadings Item total 
correlation 

Eigenvalue Cumulative 
Variation 

Cronbach’s 
Alpha 

 
 
 
Social 
norms 

SN1 0.857 0.798 6.234 77.930 0.959 
SN2 0.942 0.841 

SN3 0.865 0.886 

SN4 0.813 0.911 

SN5 0.868 0.878 

SN6 0.890 0.852 

SN7 0.959 0.923 

SN8 0.860 0.879 

 
 
 
 
6.2.3. Nature of the personal norms construct: 

 
The personal norms construct also achieved significant scores in KMO (0.828 > 

0.50), Bartlett's test of sphericity (Approx. Chi-Square=453.831, df=431, p =0.000) 

(Table 6.4) (Shrestha, 2021). The eigenvalue was more than 1 and, after rotation, 

was 4.769 (Table 6.4). The sums of squared loadings accounted for 79.480% of 

the overall variance in the data (Loewen and Gonulal, 2015). The Cronbach's 

alpha values met the minimal threshold of 0.70 (Kennedy, 2022). The minimum 

corrected-item-total correlation was greater than the cut-off value of 0.40 

(Boonyaratana et al., 2021). As a result, the reliability and dimensionality of 
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personal norm construct and the corresponding scale for this study were 

established (Table 6.4). 

 

Table 6.4: Results of factor analysis of the personal norms scale: 
 

  Loadings Item total 
correlation 

Eigenvalue Cumulative 
Variation 

Cronbach’s 
Alpha 

Personal 
norms 

PN1 0.642 0.866 4.769 79.480 0.853 

PN2 0.913 0.891 

PN3 0.944 0.874 

PN4 0.935 0.891 

PN5 0.944 0.833 

PN6 0.931 0.942 

 
 
 

6.2.4. Nature of the outcome constructs: 

The KMO measure and Bartlett’s test of sphericity for outcome constructs 

(satisfaction and usage behaviours) confirmed the applicability of factor analysis 

by ensuring overall sampling adequacy (KMO score=0.705, which is > 0.50) and 

a significant correlation among variables significant at p = 0.000 (Approx. Chi-

Square=993.835, df=530) (Shrestha, 2021).Since their eigenvalues were more 

than 1 and, after rotation, were 2.866 and 2.086, two outcome constructs—

satisfaction and usage behaviours—confirmed their dimensionality (Table 6.5). 

According to the cumulative value of the sum of squared loadings from the two 

components, 70.738% of the total variance in the data can be explained by them 

(Loewen and Gonulal, 2015). The Cronbach's alpha values met the minimal 

threshold of 0.70 (Kennedy, 2022). The minimum corrected-item-total correlation 

was greater than the cut-off value of 0.40 (Boonyaratana et al., 2021). As a result, 

the reliability and dimensionality of the two outcome constructs and the 

corresponding scales for this study were established (Table 6.5). 
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Table 6.5: Reliability and dimensionality of outcome constructs: 
 

  Loadings Item  
total 
correlation 

Eigenvalue Cumulative 
Variation 

Cronbach’s 
Alpha 

Satisfaction SAT1 0.798 0.823 2.866 55.469 0.711 

SAT2 0.853 0.868 

SAT3 0.824 0.834 

SAT4 0.856 0.802 

Usage 
behaviours 

USB1 0.699 0.670 2.086 70.738 0.828 

USB2 0.832 0.680 

USB3 0.920 0.694 

 

 
 

6.3. Identification of multivariant outliers (Main study, N=420): 

Multivariate outliers refer to data points or cases that deviate significantly from the 

general pattern or distribution of a set of variables collectively, rather than just one 

variable (Douglas, 2022). These outliers exhibit unusual or extreme values in 

relation to the other variables in the dataset. Multivariate outlier detection has 

many significances in research, for instance: Multivariate outliers can have a 

substantial impact on statistical results (Gustavson, Røysamb, and Borren, 2019). 

They may disproportionately affect measures of central tendency (e.g., mean) or 

correlation coefficients, leading to distorted estimates. By identifying and 

addressing outliers, researchers can mitigate the influence of these extreme 

observations and obtain more accurate and reliable results. In addition- 

Multivariate outliers can have a disproportionate impact on predictive or modelling 

techniques (Kelfve et al., 2020). Outliers with extreme values may unduly influence 

the parameter estimation process and affect the overall model fit. Detecting and 

managing these outliers helps improve the performance and robustness of the 

models. Outliers that deviate significantly from the majority of the data may not 



195 
 

 

represent the underlying population or phenomenon of interest (Ozili, 2023). 

Deleting outliers can help ensure that the sample is more representative, leading 

to more accurate inferences and generalisations (Ozili, 2023). 

 

This study conducted a Mahalanobis distance analysis in SPSS_V28 to identify 

multivariate outliers in the dataset (Snyder, 2019). The analysis included all 

variables used for the analysis. Mahalanobis distance analysis for multivariate 

outliers involves using the Mahalanobis distance as a measure to identify data 

points that deviate significantly from the general pattern of a multivariate dataset 

(Snyder, 2019). Upon examining the Mahalanobis distance values, this study 

identified three cases with relatively large values compared to the more common 

values identified for the data set. The p-values for the distances were further 

analysed in order to determine whether they are statistically significant (Douglas, 

2022). These p-values correspond to the Chi-Square values with 38 degrees of 

freedom. This study used 38 degrees of freedom because there are 38 variables 

in the regression model. Any p-value that is less than .001 is considered to be an 

outlier (Douglas, 2022).  According to the analysis, three cases had p-values less 

than .001 and were considered as multivariate outliers (Table 6.6). 

Table 6.6: Results of Mahalanobis distances and p values 

Respondents’ ID Mahalanobis distances p values 

Respondent 57 35.567 .00015 

Respondent 245 20.254 .00034 

Respondent 318 18.905 .00021 

 

These outliers were removed from the dataset due to their potential impact on 

statistical findings. Three cases that were determined to be multivariate outliers 
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were consequently excluded from the analysis. Since the data was directly 

downloaded from the JISC online surveys webpage and transferred to SPSS for 

analysis, entry mistakes were not the cause of these outliers. 

 

6.4. Common method bias analysis (Main study, N=417): 

Common method bias, in the context of structural equation modelling via PLS-

SEM, refers to a phenomenon that arises from the measurement method used in 

a study rather than the underlying relationships among latent variables (Almalki, 

2016). It occurs when the measurement process itself influences respondents' 

answers in a systematic manner, causing the indicators to share a certain amount 

of common variation. For example, the instructions provided by a researcher 

administering a questionnaire can unintentionally shape respondents' perceptions 

or responses (Goldsmith et al., 2016). This can lead to a bias in the data collected, 

as respondents may answer questions in a similar or consistent manner due to the 

instructions, rather than reflecting their true opinions or experiences (Busetto, 

Wick, and Gumbinger, 2020). 

 

A widely used test of common method bias is Harman’s single factor test (Douglas, 

2022). This study carried out the test in WarpPLS (Kock, 2017). Harman's single 

factor test in PLS-SEM comprises building a model with just one latent variable 

(which includes all indicators) followed by a composite-based analysis. In the 

Harman single factor test, the threshold value of 0.5 is used to compare the 

percentage of variance related to the first component, which is the one referring to 

the highest eigenvalue (Ahmed et al., 2020). In other words, this percentage 

represents the "total variance explained" by the first component extracted through 

the analysis.  
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In PLS-SEM, this study developed a model with a single latent variable (which 

comprises all indicators of the model) and performed a composite-based analysis. 

Here, the "total variance explained" corresponds to the average variance extracted 

(AVE) for the latent variable. A dataset contaminated by common method bias is 

identified by its AVE if it is greater than 0.5 (Kock, 2017). In this study, the AVE 

value for the composite-based PLS-SEM implementation of Harman’s single factor 

test was 0.367, showing no evidence of common method bias as the value is below 

the threshold of 0.5. 

 

6.5. First-order measurement model: 

 

In this study, the initial first-order measurement model consisted of thirteen 

constructs- including nine primary service quality constructs- FUNB, EMB, EMP, 

RES, ASSU, SREL, SEFF, SAVL, and SPRI, two other independent constructs-

SN, and PN, and two outcome constructs - SAT, and USB. Although all items had 

indicators loading values more than 0.7, satisfying the minimal requirement (Yu 

and Lam, 2022), some of the service quality items had significant cross-loadings 

with the other items, causing multicollinearity (Appendix 6. C). The issue of high 

correlations among the variables in high-order models (including dimensions and 

subdimensions) has been reported in previous studies (Dabholkar, Thorpe and 

Rentz, 1996; Widi and Pradita, 2019; Gera, 2011; Adhy, Berlilana and Murni, 

2018). These researchers described that although the dimension and 

subdimensions in a higher-order model are distinctive, they can be highly 

correlated. This high correlation is because of the shared higher-order element, 

such as overall service quality, in other words, a similar underlying theme. 
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This study used one item for each service quality subdimension and employed the 

three dimensions of service quality-PQ, IQ, and OQ, as first-order constructs to 

solve this multicollinearity issue. Items for the service quality constructs were 

chosen based on their higher indicator loading and lower cross-loading values 

(Appendix 6. D). Thus, the PQ construct was measured using four items, each 

representing one platform quality subdimension (SREL, SEFF, SAVL, and SPRI). 

Similarly, IQ was measured using three items, each representing one 

subdimension (EMP, RES, ASSU) of information quality, and OQ was measured 

using two items, each representing one of the subdimension (FUNB, EMB) of 

outcome quality. Thus, the finally employed first-order model has seven 

constructs, including three service quality dimensions: PQ, IQ, and OQ, along with 

SN, PN, SAT, and USB. The reliability and validity of the constructs in the revised 

first-order measurement model were assessed as follows: 

  

The indicator loadings are the starting point for assessing the first-order 

measurement model (Chen and Hung, 2015). The correlation coefficient between 

a construct and an indicator is known as factor loading or indicator loading 

(Tavakol and Wetzel, 2020). Indicator loading displays variance on that specific 

indicator that is explained by the construct (Tavakol and Wetzel, 2020). An 

indicator loading value greater than 0.7 is considered excellent, greater than 0.63 

is considered very good, greater than 0.55 is considered good, greater than 0.45 

is considered fair, and greater than 0.32 is considered poor (Wood, Barron and 

Smyth, 2019). As a result, the indicator loading value should be more than 0.7 to 

ensure item reliability, as the construct explains 50% of the indicator variation (Yu 

and Lam, 2022). In this study, indicator-loading values for all items of the first-

order constructs were above 0.7 (Table 6.7). These items had high item loadings 
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and narrower ranges of difference, confirming that they can accurately measure 

the underlying constructs (Taber, 2017). 

 

Table 6.7: Values for loading indicators for the measurement model's 

constructs: 

Indicators Loadings 

PQ1 (SREL) 0.899 
PQ2 (SAVL) 0.888 
PQ3 (SEFF) 0.834 
PQ4 (SPRI) 0.652 
IQ1 (RES) 0.860 
IQ2 (ASSU) 0.856 
IQ3 (EMP) 0.837 
OQ1 (FUNB) 0.870 
OQ2 (EMB) 0.873 
SN1 0.876 
SN2 0.911 
SN3 0.848 
SN4 0.732 
SN5 0.868 
SN6 0.818 
SN7 0.902 
SN8 0.805 
PN1 0.818 
PN2 0.949 
PN3 0.951 
PN4 0.923 
PN5 0.902 
PN6 0.891 
SAT1 0.963 
SAT2 0.965 
SAT3 0.972 
SAT4 0.969 
USB1 0.721 
USB2 0.902 
USB3 0.897 

 

Jöreskog's composite reliability indicator was used to analyse the internal 

consistency of the constructs (Jöreskog, 1971). Composite reliability indicates the 

shared variance among the observed variables of a latent construct. The reliability 

is acceptable for values in the range of 0.6 to 0.7, and for values in the range of 

0.7 to 0.9, the reliability is satisfactory to good (Kennedy, 2022). Table 6.8 



200 
 

 

demonstrates that all composite reliability (CR) scores of the constructs are 

satisfactory to good. Cronbach's alpha values are also presented in Table 6.8, with 

cut-off values comparable to those for composite reliability (Geetha and Sreenath, 

2017). Like composite reliability, Cronbach's alpha, or the coefficient alpha, 

assesses the constructs' internal consistency or reliability (Hamid, Sami and 

Mohmad, 2017). The reliability of multiple-question surveys utilising the Likert 

scale is evaluated using Cronbach's alpha. These tests measure latent variables, 

or hidden or undetectable characteristics, such as a person's openness, neurosis, 

and conscientiousness (Girma et al., 2021). These are difficult to measure in the 

real world (Kovalchuk, 2020). Researchers can determine the degree of similarity 

between a group of test items using Cronbach's alpha (Taber, 2017). Table 6.8 

illustrates that all indicators used in this study are reliable since the composite 

reliability and Cronbach's alpha values are greater than 0.7 (Kennedy, 2022).  

 

Table 6.8. Reliability of internal consistency: 

Indicators Composite reliability Cronbach’s alpha 

PQ 0.893 0.837 

IQ 0.887 0.810 

OQ 0.872 0.780 

SN 0.953 0.943 

PN 0.965 0.956 

SAT 0.983 0.977 

USB 0.880 0.793 

 

In addition, the measuring items' convergent validity was evaluated. Convergence 

validity is a set of items' ability to accurately reflect a particular construct's 

unidimensionality (Clark and Watson, 2019). It is the extent to which the construct 
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converges to explain the variance of its indicators. The metric used for evaluating 

a construct's convergent validity is the average variance extracted (AVE) for all 

indicators in each construct (Giovanni, 2021).  

The AVE refers to the grand mean value of the squared loadings of the indicators 

associated with the construct (i.e., the sum of the squared loadings divided by the 

number of indicators). The AVE value of the constructs should be at least 0.50, 

indicating that the construct accounts for at least 50% of the variance of the 

indicators that comprise the construct (Henseler, Ringle and Sarstedt, 2014). All 

constructs in this research showed AVE values greater than the threshold, which 

indicates convergent validity (Table 6.9). Moreover, second-order service quality 

had an AVE value of 0.60, whereas first-order platform, information, and outcome 

quality had AVE values of 0.68, 0.72, and 0.695, respectively. These results 

demonstrated the second-order model's reflecting nature and the strong 

intercorrelations between manifest variables at the first and second-order levels 

(Henseler, Hubona and Ray, 2017). The strong correlations between the indicators 

cause the AVEs of reflective constructs to be reduced at a higher level in such 

modelling as manifest variables were used repeatedly (Henseler, Hubona and 

Ray, 2017).  

 

 

Table 6.9. The measurement items' convergence validity: 

Indicators AVEs 

PQ 0.679 

IQ 0.724 

OQ 0.695 

SN 0.717 

PN 0.822 
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SAT 0.936 

USB 0.713 

 

The correlation matrix's diagonals show the square root of AVEs in Table 6.4. In 

this model, the discriminant validity of constructs was supported by these values, 

as these values are greater than inter-correlation values (Table 6.10). Based on 

these results, the constructs were conceptually distinct and did not share the same 

items. Thus, the research model included constructs and corresponding items that 

excel at distinguishing themselves from each other (Kirk et al., 2015). 

Furthermore, by evaluating cross-loadings, the study increased its confidence in 

the discriminant validity of all items, revealing that all items are strongly associated 

with their own constructs (Appendix 6.C). Compared to other constructs, the links 

of the items to their own constructs showed significant shared variance (Henseler, 

Ringle and Sarstedt, 2014).  

Table 6.10. Correlations among items vs square root of AVEs: 
 

SN PN SAT USB PQ IQ OQ 

SN (0.847) 0.694 0.406 0.236 0.323 0.28 0.316 
PN 0.694 (0.907) 0.716 0.475 0.598 0.577 0.6 
SAT 0.406 0.716 (0.967) 0.664 0.85 0.831 0.832 
USB 0.236 0.475 0.664 (0.844) 0.559 0.547 0.549 
PQ 0.323 0.598 0.812 0.559 (0.824) 0.824 0.8 
IQ 0.28 0.577 0.831 0.547 0.820 (0.851) 0.796 
OQ 0.316 0.6 0.832 0.549 0.8 0.796 (0.834) 

 

Since the study's measuring model exhibited acceptable convergent validity 

(AVEs> 0.5), reliability (CR > 0.7), discriminant validity (> correlations), and factor 

loading values, which were significant, it was deemed to be satisfactory 

(Melkamu et al., 2022). Thus, the first-order measurement model was used in the 

next section to test the higher-order and structural models (Kang and Ahn, 2021). 
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6.6. Higher-order measurement model: 

 

A multicollinearity test was used to validate higher-order constructs based on the 

weights of first-order constructs, their significance, and multicollinearity (Schwarz, 

Schwarz and Black, 2014). All variance inflation factor (VIF) values were less than 

five, and weights of underlying sub-scales to corresponding higher-order 

constructs were significant (Marcoulides and Raykov, 2018). Consequently, there 

is no indication of multicollinearity. The weights of all first-order constructs 

exceeded 0.1 (Table 6.11). The t-values of all item weights were greater than 1.96, 

demonstrating first-order construct significance at 0.05 (Gannon et al., 2022). 

 

Table 6.11: Multicollinearity and weights of first-order constructs on second-

order construct: 

Second 

order overall 

perceived 

service 

quality 

(PSQ) 

First-order Weight t values VIF 

PQ 0.368 7.900 3.692 

IQ 0.365 7.819 3.408 

OQ 0.353 7.566 2.538 

 

The degree of explained variance of the second-order DGHS m-health service 

quality construct is shown in Figure 6.1 by its first constructs, outcome (81%), 

interaction (86%), and platform (88%) quality. Similarly, corresponding 

subdimensions reflected the variance of first-order constructs. In terms of platform 

quality, the degree of explained variance was reflected in four subdimensions: 

systems privacy (43%), systems efficiency (70%), systems availability (79%), and 

systems reliability (81%). Outcome quality was reflected in emotional benefit 

(76%) and functional benefit (76%), while interaction quality was reflected in 

empathy (70%), assurance (73%), and responsiveness (74%). All the path 
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coefficients from second-order service quality to first-order constructs and their 

corresponding subdimensions were significant at p< 0.001 (Appendix 6. E). 

 

Figure 6.1: Hierarchical reflective m-health service quality model. 

 

 

 

6.6. Structural model: 

 

This study assessed correlations among second-order overall perceived service 

quality (PSQ), social norms (SN), personal norms (PN), satisfaction (SAT), and 

usage behaviours (USB) to determine the validity of the structural model. 

According to the results, the beta coefficients (β) or path coefficients between PSQ 

to SAT, SAT to USB, and PSQ to USB were 0.720, 0.679, and -0.0.31, respectively 

(Table 6.12). The first two path coefficients were significant at p < 0.001 (Table 
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6.12). The results of this study thus indicated that PSQ has a significant influence 

on SAT, and SAT has a significant influence on USB; however, PSQ does not 

directly impact usage behaviours in this study context. These outcomes rejected 

H2 while supporting H1 and H3.  

Furthermore, the beta coefficients between SN to SAT and SN to USB were 

insignificant (Table 6.12). These relationships confirmed that social norms have 

no impact on satisfaction and usage behaviours of DGHS m-health service. Thus, 

the study did not find support for H5 and H6. 

Although the relationship between PN and USB was not significant, the 

relationship between PN and SAT was significant at < 0.001 (Table 6.12). Thus, 

this study supported H7 while rejecting H8. 

 

Table 6.12. Results of structural model: 

Structural model Beta 
Coefficients 

p 
values 

Effect 
Size 

Standard 
error 

t  
values 

PSQ                  SAT 0.720 < 0.001 0.641 0.044 16.191 

PSQ                    USB -0.031 0.263 0.018 0.049 -0.634 

SAT                  USB 0.679 < 0.001 0.451 0.045 15.188 

SN                      SAT -0.022 0.328 0.009 0.049 -0.447 

SN                       USB -0.068 0.082 0.016 0.049 -1.394 
PN                        SAT 0.281 < 0.001 0.202 0.047 5.967 

PN                        USB 0.055 0.131 0.026 0.049 1.123 

 

 
Furthermore, this study evaluated the model's R-squared (R2) values. R-squared 

(R2) is a statistical metric that calculates the proportion of variation in a dependent 

variable in a regression model that can be explained by an independent variable 

(Hayes, 2021). While R-squared measures how much variation is explained by 

one variable in proportion to the other, a correlation measures the strength of a 

link between dependent and independent variables. The model's inputs can 

explain approximately half of the observed variation when the R2 of the model is 
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0.50 (Hayes, 2021). In terms of R2, the overall variance explained by the model 

was 0.83 for satisfaction and 0.44 for usage behaviours. An assessment of the 

effect of specific explanatory variables or predictors on a dependent variable is 

often the goal of the evaluation of R2 (Bevir and Blakely, 2018). A low R2 of at least 

0.1 (or 10%) is acceptable if some or most of the explanatory variables or 

predictors are statistically significant (Ozili, 2023). As a result, all R2 values in this 

study were significant. 

6.7. Results of hypotheses testing: 

This study used partial least squares (PLS) structural equational modelling (SEM) 

to assess all ten hypotheses that were developed based on the research model 

(Valle and Assaker, 2015). Path significance of hypothesised associations (beta 

coefficients) and variance explained by paths (R2) were examined in the research 

model. The findings supported the existence of a strong, significant relationship 

between m-health service quality and satisfaction, as well as between satisfaction 

and usage behaviours and between personal norms and service satisfaction 

(Table 6.13, Figure 6.2). 

 
 
 
 
Table 6.13. Summary of hypotheses testing: 

Hypotheses Associations Results 

H1 Overall   perceived service quality to 

satisfaction 

Supported at  

p < 0.001 

H2 Service quality to Usage behaviours Not Supported 

H3 Satisfaction to usage behaviours Supported at  

p < 0.001 
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H5 Social norms to satisfaction Not Supported 

H6 Social norms to behaviour Not Supported 

H8 Personal norms to satisfaction Supported at  

p < 0.001 

H9 Personal norms to behaviour Not supported 

 

 

Figure 6.2: SEM analysis of the research model. 

 

H1: Service quality positively influences satisfaction with DGHS m-health 

service. 

The association between the second-order service quality construct and 

satisfaction (β = 0.720) was significant at p < 0.001, which explains 61% of 

satisfaction variance (Table 6.13, Figure 6.2). These results confirmed service 
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quality as a strong significant predictor of satisfaction in the context of DGHS m-

health service. 

 

H2: Service quality positively influences DGHS m-health service usage 

behaviours. 

There was no statistically significant relationship (β = -0.031) between the second-

order service quality construct and user behaviours (p=0.263). In the context of 

the DGHS m-health service, these findings diminished the direct influence of 

service quality on usage behaviours (Table 6.13, Figure 6.2). 

 

H3: Satisfaction positively influences DGHS m-health service usage 

behaviours. 

At p <0.001, a significant relationship (β = 0.679) was identified between usage 

behaviours and satisfaction. These results demonstrate that satisfaction strongly 

predicts usage behaviour for the DGHS mobile health service (Table 6.13, Figure 

6.2). 

 

H5: Social norms towards DGHS m-health service positively influence usage 

behaviours. 

Social norms and satisfaction did not correlate significantly (β=-0.022, p=0.082). 

The findings diminished the concept of social norms as a predictor of satisfaction 

in the context of the DGHS m-health service (Table 6.13, Figure 6.2). 
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H6: Social norms towards DGHS m-health service positively influence 

satisfaction. 

Social norms and user behaviour did not correlate significantly (β =-0.068, 

p=0.328). Thus, in the context of the DGHS m-health service, these results 

diminished social norms as essential predictors of usage behaviour (Table 6.13, 

Figure 6.2). 

 

H8: Personal norms towards DGHS m-health service positively influence 

usage behaviours. 

At p< 0.001, the correlation between personal norms and user satisfaction (β = 

0.281) was significant. Consequently, these findings supported the significance of 

personal norms as predictors of satisfaction in the context of DGHS m-health 

service (Table 6.13, Figure 6.2). 

 

H9: Personal norms towards DGHS m-health service positively influence 

satisfaction. 

Personal norms and user behaviour did not correlate significantly (β = 0.055, 

p=0.131). These findings diminished the importance of personal norms as 

significant indicators of usage behaviour in the context of the DGHS m-health 

service (Table 6.13, Figure 6.2). 

 

6.8. Mediation analysis: 

The study assessed three hypotheses based on mediation analysis (H4, H7, and 

H10), assessing the function of satisfaction as a mediator in the research model. 

Mediation refers to examining how a third variable intervenes or impacts the 
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relation between two other variables (Agler and Boeck, 2017). This study used the 

more effective and less error prone Kock's (2014) approach for assessing 

mediation, which builds on Hayes and Preacher's (2010) mediation analysis. The 

estimate of indirect effects is the foundation of this strategy (Moqbel, Guduru and 

Harun, 2020); Knock, 2014). In this process, for the path segments that make up 

the indirect associations, the beta coefficients for the indirect associations are 

calculated by multiplying their direct associations' beta coefficients (Kock et 

al., 2012). In addition to path coefficients, this study also evaluated p values of the 

indirect associations and the effect sizes (f2). Small, medium, and large effects are 

represented by values of 0.02, 0.15, and 0.35, respectively (Cohen, 1988; Lakens, 

2013). By measuring the effect size of mediation analysis, it is possible to 

determine the significance of mediation (Cohen, 1988; Lakens, 2013). The impact 

of the independent variable on the dependent variable can significantly increase 

by a mediator with a large effect size (Mioevi et al., 2017). 

From Table 6.14, the indirect effect path coefficient between PSQ and USB 

through the SAT was significant (β = 0.489, p<0.001), demonstrating that SAT fully 

mediated the association between PSQ and USB. These findings confirmed H4. 

The indirect effect path coefficient of the relationship between PN and USB 

through SAT was also significant (β = 0.191, p<0.001), confirming full mediation. 

These results confirmed H10. Finally, the total effects between PSQ and USB, PN 

and USB, which combines all direct and indirect associations, were significant 

(Table 6.14). 

In contrast, the indirect effect path coefficient between SN and USB through the 

SAT was not significant (β = -0.015, p=-0.082), demonstrating that SAT does not 
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mediate the relationship between SN and USB in this study context. These 

findings did not support H7. 

In summary, the findings above confirmed H4 and H10 and rejected H7. Thus, 

SAT is a significant mediator between PSQ and USB, and PN and USB 

associations. In addition, the rejected direct association between PSQ and USB 

(β=-0.031, p=0.263), and PN and USB (β =0.055, P=0.131), and the above 

significant indirect associations between these variables, through SAT, prove that 

PSQ and PN can only influence USB when SAT act as a mediator. 

Table 6.14. Indirect and total effects (PC= Path Coefficient, PV= p value, ES= 

Effect size): 

 

6.9. Impact of control variables: 

 

The study examined how situational and demographic factors, as control 

variables, affect the outcome constructs-satisfaction and usage behaviours. The 

study proposed control hypotheses (H11, H12, H13, and H14) to predict how 

phenomenological factors affect the outcome components in the DGHS m-health 

context. Overall, the results showed that neither situational nor demographic 

factors influenced users' service satisfaction and usage of the m-health service. 

 

 Indirect effects Total effects 

 PC PV ES PC PV SE ES 

PSQ →SAT→USB 0.489 <0.001 0.287 0.459 <0.001 0.046 0.268 

SN→SAT→ USB -0.015 0.334 0.004 -0.082 0.045 0.048 0.019 

 PN→ SAT → USB 0.191 <0.001 0.091 0.246 <0.001 0.047 0.117 
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The study assessed the measurement properties of the control variables before 

analysing their influence on the outcome constructs (Table 6.15). Given that all 

control variables are formative, the study focused on factor weights instead of 

factor loadings, which serve as the primary criterion for evaluating each indicator's 

relative importance (Watkins, 2018). Further, the variation inflation factor (VIF) for 

all control variables ranged from 1.002 to 1.069, significantly less than the cut-off 

of 5 to 10 (Wu, Nijstad and Yuan, 2021). The t-values of all item weights were 

higher than the threshold of 1.96 (Gannon et al., 2022). Thus, these findings 

confirm that all these formative components had minimal collinearity. As a result, 

the situational and demographic components' measuring properties were deemed 

adequate and employed for testing hypotheses, given evidence of discriminant 

validity, convergent validity, and reliability. 

 

 

Table 6.15:  Measurement properties of control variables: 

 

 Weights t values VIF 

Gender 0.586 12.944 1.065 

Time of service 0.177 3.705 1.002 

Salary  0.147 3.072 1.004 

Age 0.157 3.263 1.018 

Occupation 0.617 13.666 1.069 

 
 
Further, the impact of control variables was analysed by multilevel analysis in 

Warp PLS (Knock, 2020). A multilevel analysis involves collecting data at the 

individual level from multiple groups, and path coefficients are expected to be 

influenced by membership in these groups. In this study, each of the five 
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categories- gender (Gen), occupation (OCP), salary (SAL), age (AGE) [Different 

demographic factors], time of service (TOS) [Situational factor], from which data 

was collected consists of a distinct set of individuals, with the data collected at the 

individual level. Since each group consists of different individuals, this group 

membership may influence analysis results (Roth, Steffens and Vignoles, 2018). 

 

According to Kock et al., (2017), this condition might lead to endogeneity issues 

because hidden factors may indirectly affect endogenous variables through their 

predictors. The hidden factors in this study's context are- Gen, OCP, SAL, AGE, 

and TOS, which can affect all three predictors: PSQ, SN, and PN. As a result, 

variations in Gen, OCP, SAL, AGE, and TOS may indirectly affect the endogenous 

variables SAT and USB. If these effects are strong, they may dramatically skew 

the path coefficients for the following links: PN > SAT, PN > USB, SN > SAT, and 

SN>USB. 

 

This study created instrumental variables that incorporate the variations in Gen, 

OCP, SAL, AGE, and TOS that end up on SAT and USB; via the intermediate 

effect on PSQ, SN, and PN to solve this issue. Due to their formative nature, the 

study included these instrumental factors as formative constructs in the model 

(Guyon, 2018) (Figure 6.3). 

 
 



214 
 

 

 
 

Figure 6.3: Impact of control variables (Multilevel effect analysis). 
 
 

This approach provides results controlling the multilevel effects via the latent 

variables Gen, OCP, SAL, AGE, and TOS, which quantify the categorical variable 

that stores information about membership types (coming from specific gender, 

occupation, salary types, and different time of services) for the individuals from 

whom data was collected (Zlatković, 2018). The results (Table 6.16) showed that 

the path coefficients values for the links: OCUP > SAT, OCUP > USB, Age > SAT, 

Age > USB, SAL > SAT, SAL > USB, TOS > SAT, TOS > USB, Gender > SAT, 

and Gen> USB, are small (Table 6.16), and not statistically significant. Thus, the 

results confirmed that the multilevel effects do not have any sizeable effect on the 

path coefficients for the links PSQ > SAT, PSQ > USB, SN> SAT, SN > USB, PN 

> SAT, and PN > USB. Thus, in this research context, the control variables (both 



215 
 

 

situational and demographic) did not impact the associations between the 

independent and the dependent variables. 

 

Table 6.16: Results controlling for multilevel effects (Control variable 

analysis): 

 

Control variables  Path Coefficients p values 

OCUP> SAT -0.008 0.109 

OCUP> USB -0.067 0.461 

Age> SAT 0.037 0.235 

Age> USB 0.025 0.324 

SAL> SAT 0.033 0.245 

SAL> USB 0.003 0.462 

TOS> SAT -0.036 0.231 

TOS>USB -0.024 0.318 

Gen> SAT -0.015 0.377 

Gen> USB -0.030 0.271 

 

6.10. Measurement invariance analysis: 

 

This study used multigroup analysis to compare the effect of independent 

variables on dependent variables between different user groups (Knock, 2014). 

However, measurement invariance was tested before conducting a multigroup 

analysis to compare path coefficients between urban and rural users and 

continuous and discontinuous users. Analysis of measurement invariance ensures 

that any reported between-group variations in structural model coefficients, 
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especially in path coefficients, are not the result of different measurement model 

properties (Guenole and Brown, 2014). While multigroup analysis focuses on the 

path coefficients, measurement invariance analysis focuses on the weights and or 

loadings of the measurement variables across groups (Cheah, Amaro and Roldán, 

2023).  

 

Researchers expect to find statistically significant differences while assessing path 

coefficients for multigroup analysis; however, the opposite is always expected 

while assessing weights during measurement invariance analysis. As such, when 

analysing data using the measurement invariance approach, weight differences 

across groups are anticipated to be negligible (Knock 2014;2020). Significant 

weight differences between models can artificially induce significant differences 

between path coefficients (Kock and Lynn, 2012). Before comparing structural 

model components such as pathways, it is critical to ensure that measurement 

models are equal, shown by equivalent weights. In this instance, p values for the 

weight difference are expected to be higher instead of lower (p>0.05) to conclude 

that no significant difference exists (Crayen et al., 2011).  

 

Tables 6.17 and 6.18 showed no significant weight differences of the constructs 

present between continuous-discontinuous and urban-rural users’ groups, as the 

p values were greater than 0.05 (Crayen et al., 2011). The findings of this study 

indicate that the measurement model differences did not result in the differences 

in the multigroup analysis. 
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Table 6.17: Measurements invariance analysis for continuous and 

discontinuous users: 

 Weights (Continuous 

users) 

Weights (Discontinue 

users) 

p values 

PQ 0.629 0.566 0.501 

IQ 0.672 0.603 0.334 

OQ 0.709 0.647 0.465 

SN1 0.138 0.190 0.606 

SN2 0.150 0.175 0.802 

SN3 0.144 0.150 0.954 

SN4 0.181 0.179 0.666 

SN5 0.186 0.184 0.626 

SN6 0.182 0.189 0.571 

SN7 0.152 0.154 0.798 

SN8 0.142 0.145 0.734 

PN1 0.242 0.261 0.244 

PN2 0.281 0.272 0.407 

PN3 0.277 0.268 0.468 

PN4 0.258 0.251 0.585 

PN5 0.198 0.158 0.169 

PN6 0.190 0.165 0.221 

UB1 0.340 0.431 0.136 

UB2 0.415 0.530 0.230 

UB3 0.437 0.533 0.316 

SAT1 0.292 0.216 0.668 

SAT2 0.317 0.334 0.936 

SAT3 0.325 0.309 0.970 

SAT4 0.301 0.329 0.722 
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Table 6.18. Measurements invariance analysis for urban and rural users: 

 

 Weights (Urban) Weights (Rural) p values 

PQ 0.368 0.369 0.989 

IQ 0.364 0.366 0.978 

OQ 0.354 0.353 0.989 

SN1 0.153 0.152 0.993 

SN2 0.156 0.162 0.953 

SN3 0.146 0.149 0.972 

SN4 0.133 0.121 0.902 

SN5 0.153 0.149 0.960 

SN6 0.140 0.146 0.947 

SN7 0.157 0.158 0.990 

SN8 0.136 0.145 0.931 

PN1 0.163 0.169 0.949 

PN2 0.192 0.193 0.992 

PN3 0.192 0.194 0.981 

PN4 0.186 0.189 0.975 

PN5 0.180 0.187 0.943 

PN6 0.182 0.179 0.973 

UB1 0.349 0.322 0.769 

UB2 0.416 0.429 0.889 

UB3 0.414 0.427 0.887 

SAT1 0.256 0.259 0.978 

SAT2 0.257 0.259 0.984 

SAT3 0.259 0.261 0.977 

SAT4 0.258 0.261 0.975 
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6.11. Multigroup analysis: 

 

This study performed multigroup analysis by comparing pairs of path coefficients 

for identical models from different samples is one of the main goals of this type of 

analysis. For instance, data comparison of two countries using the same model 

(Knock, 2014). The multigroup analysis was performed to compare the effect of 

independent variables (i.e., service quality, social norms, personal norms) on 

dependent variables (i.e., satisfaction and usage behaviours) between different 

user groups (i.e., continuous, and discontinuous users and rural and urban users 

(Knock, 2014). However, this study performed measurement invariance before 

conducting a multigroup analysis to compare path coefficients between urban and 

rural users and continuous and discontinuous users. This analysis was performed 

by comparing pairs of path coefficients for identical models from different groups 

(Yanti et al., 2019). 

 

The study collected data from urban and rural areas. Two user groups—urban and 

rural users—were included in a multigroup study to examine possible differences 

in the influence of perceived service quality, social and personal norms on user 

satisfaction, and use behaviours between these user groups. Additionally, as this 

study included continuous and discontinuous users of the DGHS m-health service, 

a multigroup analysis was conducted using both continuous and discontinuous 

user groups. This study performed the multigroup analyses by comparing the 

structural path coefficients between groups and their corresponding p values 

(Knock, 2020). A significant p value demonstrates that the path coefficient values 

between the two groups differ significantly, emphasising that the effects of 
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independent variables on dependent variables vary depending on the group 

(Wadie, 2017). Moreover, this study employed pool standard errors for estimating 

the path coefficients during multigroup analysis (Tarka, 2017). 

Among all other path coefficient differences between urban and rural users, only 

the difference between SAT>USB associations is significant at p=0.004 in Table 

6.19. These findings show that the effect of service satisfaction on usage 

behaviours is more significant for urban users than rural users, with a greater path 

coefficient value (β=0.799) for urban users. 

 

Table 6.19. Multi-group analysis for rural and urban users: 

 

 Path 

Coefficients 

(Rural) 

Path 

Coefficients 

(Urban) 

SE p values t values 

PSQ>USB 0.014 -0.079 0.097 0.170 0.953 

PSQ>SAT 0.696 0.737 0.086 0.312 0.489 

SN>USB -0.077 -0.069 0.097 0.464 0.089 

SN>SAT -0.079 0.015 0.097 0.166 0.970 

PN>USB 0.120 -0.013 0.097 0.085 1.374 

PN>SAT 0.334 0.242 0.093 0.162 0.988 

SAT>USB 0.571  0.799 0.086 0.004 2.655 

 

 

Table 6.20 highlights two significant p values, 0.002 and 0.001, for the path 

coefficient differences for PSQ to USB, and SAT to USB, respectively, among the 

two user groups. These results suggest that the influence of PSQ and SAT on 

USB differ for continuous and discontinuous users. However, when accounting for 

the path coefficient values (β =0.011, β =-0.279), the associations between PSQ 
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and USB for continuous and discontinuous users are insignificant. It is because 

researchers recognised that path coefficient values from -0.10 to -0.30 

corresponded to weak (small) downhill (negative) linear relationships, while path 

coefficient values from 0.10 to 0.30 corresponded to weak (small) uphill (positive) 

linear relationships (Tai and Tang, 2021; Tahiri et al., 2022). In addition, the path 

coefficient for the association between SAT and USB for discontinuous users is 

negligible; however, the path coefficient between SAT and USB for continuous 

users is significant (β=0.303). As a result, among the two user groups, only the 

continuous users' satisfaction level can enhance their continuous usage 

behaviours of the DGHS m-health service. In contrast, discontinuous users' 

satisfaction level holds no considerable influence over their decision to discontinue 

using the service. 

 

Table 6.20. Multi-group analysis for continuous and discontinuous users: 

 

 Path 

Coefficients 

(Continuous 

user-283) 

Path 

Coefficients 

(Discontinuous 

user-134) 

Standard 

errors 

p  

values 

t 

values 

PSQ>USB 0.011 -0.279 0.102 0.002 2.832 

PSQ>SAT 0.006 0.064 0.104 0.288 0.559 

SN>USB -0.019 -0.178 0.103 0.061 1.544 

SN>SAT -0.021 0.131 0.103 0.070 1.476 

PN>USB 0.020 0.094 0.104 0.237 0.716 

PN>SAT 0.305 0.248 0.099 0.284 0.570 

SAT>USB 0.303  -0.001 0.101 0.001 3.007 
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6.12. An evaluation of overall findings: 

 

This study employed PLS path modelling to estimate the hierarchical research 

model with mediating effects. Even though PLS path modelling was effective in 

validating the research model, this study looked at the effects of statistical power 

analysis, predictive relevance, effect size, and the goodness of fit index to 

establish further modelling robustness (Gupta et al., 2016; Kock and Gaskins, 

2014; Lakens, 2013; Kock and Lynn, 2012). Conjectures must be established with 

power analysis, predictive relevance is essential for gauging how well the model 

replicates observed values, the effect size is essential for determining the practical 

relevance, and the goodness index is essential for gauging the overall 

dependability of the research model (Serdar et al., 2021; Sharma, 2021; 

Solimun et al., 2017). 

 

6.12.1. Statistical power: 

 

The statistical power is the probability that the null hypothesis will be rejected when 

it is false; it is the likelihood that type II errors will not occur (Wolf et al., 2013). 

When an investigator fails to reject a null hypothesis that is false in the population, 

this is referred to as a type II error (Banerjee et al., 2009). Statistical power is 

frequently assessed for sample size and a specific path coefficient of association 

for a sample obtained from a population at a given significance level (usually p= 

<.05) (Knock, 2016). 

 

A power value of 0.8 (80%) or above is often regarded as adequate in several 

research domains (Serdar et al., 2021; Gupta et al., 2016). A minimum sample 
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size is necessary for a PLS-SEM analysis to achieve an acceptable level of power, 

which can be determined by the effect size associated with the path coefficient 

under evaluation (Kock, 2014). The stronger the magnitude of a path coefficient at 

the population level, the larger its effect size, and the more likely that a true effect 

will be appropriately identified with a small sample size. As a result, whether 

negative or positive, substantial path coefficients at the population level require 

minimal sample numbers to be identified (Funder and Ozer, 2019). 

 

The minimal required sample size for this empirical investigation was determined 

using the following model elements: the significance level employed for hypothesis 

testing (0.05), the power level required (0.99/99%), and the lowest absolute 

significant path coefficient in the model (0.281). This technique used two methods 

to determine the minimum required sample size: inverse square root and gamma-

exponential (Kock and Hadaya, 2016). 

 

According to the inverse square root method minimum sample size required for 

this study is 200, whereas, according to the gamma-exponential method sample 

size required for this study is 179. The sample size (N=417) for this analysis 

surpassed the minimum requirement. Thus, this study achieved 99% statistical 

power with a sample size of 417. 

6.12.2. Predictive relevance (Q-squared): 

 
This study evaluated the Q-squared coefficient. Stone-Geisser Q-squared or Q-

squared coefficients is a nonparametric measure commonly calculated through 

blindfolding (Kock, 2019). It evaluates each latent variable block's predictive 

validity or relevance through the endogenous latent variable that serves as the 
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block's criterion variable (Kock, 2015; Kock and Gaskins, 2014). Q-squared 

coefficient greater than zero suggests acceptable predictive validity for an 

endogenous latent variable (Kock, 2019). Q-squared values were calculated in this 

study using cross-validated redundancy, resulting in values of 0.828 for 

satisfaction, 0.438 for usage behaviours, 0.384 for personal norm, and 0.102 for 

social norm, demonstrating predictive validity. 

6.12.3. Effect size: 

 

The effect size measures an effect's magnitude independent of the sample size 

(Brydges, 2019). Effect size (f2) indicates whether one component significantly 

influences another. According to Cohen's guidelines for determining effect sizes, 

values of 0.02, 0.15, and 0.35 reflect small, medium, and large effects of an 

external latent variable on an endogenous latent variable (Cohen, 1988). A large 

effect size implies that a study discovery is of practical importance, whereas a 

small effect size suggests that there are just a few potential applications (Lakens, 

2013). 

 

Practical significance indicates that an impact is large enough to be important in 

the actual world compared to statistical significance, indicating an effect on 

research (Sharma, 2021). Effect sizes denote practical relevance, whereas p 

values indicate statistical significance. It may be misleading to only depend on the 

sample size because it influences statistical significance. Increasing the sample 

size always enhances the possibility of finding a statistically significant impact, 

regardless of how small the effect is in the real world. On the other hand, effect 

sizes are unaffected by sample size. It is only the data that are used to determine 

effect sizes (Sullivan and Feinn, 2012). 
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Thus, based on the effect mentioned above size values, the path coefficients with 

large effect sizes were- PSQ to SAT, and SAT to USB. The path coefficients with 

medium effect sizes were PN to SAT (Table 6.21). 

 
Table 6.21: Effect sizes of the path coefficients: 
 
 

Structural model Effect Size 

PSQ                    SAT 0.641 

SAT                  USB 0.451 

PN                        SAT 0.202 

 

6.12.4. Goodness of fit: 

 
The structural model was evaluated using the goodness of fit criteria, a measure, 

and index of the goodness of associations between latent variables in the inner 

model (Solimun et al., 2017). The current study used several metrics to determine 

the goodness of fit model. The average variance inflation factor (AFVIF), average 

R-squared (ARS), and average path coefficient (APC) are the three main model fit 

indices. These fit indices are calculated as their name implies, that is, as averages 

of the absolute values of the variance inflation factors in the model, the R-squared 

values in the model, and the path coefficients in the model (Solimun et al., 2017).  

Adding new latent variables to a model often raises the ARS, even if those latent 

variables are very weakly connected to the model's present latent variables (Kock, 

2010). However, if the path coefficients linked with the new latent variables are 

low, the APC will be low. It is worth noting that the APC is calculated using the 

absolute values of the path coefficients. As a result, the ARS and APC will 

counterbalance each other and will only rise if the latent variables included in the 
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model improve the model's overall explanatory and predictive quality (Kock, 2010). 

It is suggested that the p values for the APC and ARS should be equal to or less 

than 0.05; that is, significant at the 0.05 level (Kock, 2011). 

 

The AFVIF index will rise if additional latent variables are added to the model in 

such a way as to incorporate full collinearity into the model (Kock and Lynn, 2012). 

Including new latent variables that overlap with existing ones may result in high 

AFVIF values. It is typically undesirable to have several latent variables in the 

same model that measure the same underlying concept; they should be 

consolidated into one latent variable. As a result, the AFVIF indices provide new 

dimensions for a thorough evaluation of a model's overall explanatory and 

predictive quality. AFVIF does not exhibit any sensitivity to variations in collinearity 

because of the nonlinear algorithm that is used to calculate them (Kock and Lynn, 

2012). It is suggested that AFVIF be equal to or less than 3.3, especially in models 

where most variables are monitored using two or more indicators (Moqbel, Guduru 

and Harun, 2020).  

 

According to Table 6.22, both APC and ARS values are significant at p<0.001, and 

the AVIF value is 3.272, below the ideal threshold of 3.3, and the acceptable value 

of <5. These results supported the inner model's goodness of fit and identified no 

error specifications. 

 

Table. 6.22. Model fit and quality indices: 

Quality indices Criteria Fit 

Average path coefficient (APC)  0.312, p<0.001 
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Average R-squared (ARS)  0.443, p<0.001 

Average block VIF (AVIF) acceptable if <= 5, ideally <= 3.3 3.272 
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Chapter 7 

Discussion and conclusions 

 

7.1. Chapter overview: 

 

The purpose of this chapter is to summarise the results of the research that has 

been conducted to address the aim and objectives outlined in Chapter 1. The 

chapter also describes how the results addressed the existing knowledge gaps in 

m-health service system research in developing countries and made significant 

contributions. It discusses the theoretical significance, the methodological rigor, 

and the practical implications of the empirical findings of the previous chapter. 

Furthermore, there is a discussion of limitations and future research directions in 

the chapter. In general, this chapter aims to develop insights into the service 

quality dynamics, social norms, personal norms and how they impact the 

satisfaction and usage behaviours of DGHS m-health service. 

 

Following is the layout of this chapter: Section 7.2 represents the summary of 

findings, and section 7.3 shows the impact of control variables. A discussion of the 

study's theoretical, methodological, and practical contributions is provided in 

section 7.4. The study then discusses its limitations (Section 7.5) and possible 

future research directions (Section 7.6). The study's conclusions are provided in 

section 7.7.  

 

 



229 
 

 

 

7.2. Summary of findings: 

The study aimed to evaluate the behaviours of DGHS m-health services through 

the assessment of the influence of service quality, social and personal norms on 

satisfaction and usage behaviours, and the specific objectives were-evaluate 

users' perceptions of DGHS m-health service quality, evaluate the relationships 

between DGHS m-health service quality, personal norms, social norms, 

satisfaction, and usage behaviours, examine differences between continuous and 

discontinuous user groups, and examine differences between urban and rural 

users. To achieve the aim and objectives, this study employed a hierarchical, 

multidimensional, and context-specific model for m-health service quality and 

embedded the model with social and personal norms to evaluate their influence 

on the outcome variables (i.e., satisfaction and usage behaviours) (Madan and 

Jain, 2015; Ahluwalia and Varshney, 2009; Oppong et al., 2018; Nouri et al., 2018; 

Akter, D’Ambra and Ray 2010; Jacob, Sanchez and Ivory, 2020). The findings 

confirmed some associations between independent and dependent variables 

while rejecting others in the research model. Subsections below present empirical 

findings that support the relevant hypotheses, conceptual model, and theoretical 

relationships. 

7.2.1. Evaluation of users’ perceptions of DGHS m-health service quality by 

exploring how the subdimensions and dimensions contribute to the 

assessment of overall service quality. 

This study used data from two districts of Bangladesh (Dhaka and Rajshahi) to 

construct a hierarchical-reflective, second-order service quality model to achieve 

this objective. The study found adequate measurement and structural properties 
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for higher-order latent variables based on the approach of repeated indicators 

(Usakli and Kucukergin, 2018). Using PLS path modelling, the higher-order service 

quality construct was developed and tested (Crocetta et al., 2020). The study 

described m-health service quality as a second-order construct reflected by three 

first-order dimensions: outcome quality, interaction quality, and platform quality, 

and their corresponding subdimensions: efficiency, availability, reliability, 

responsiveness, assurance, empathy, emotional benefit, and functional benefit. 

According to the findings, platform quality had the greatest reflection of overall 

service quality, followed by interaction and outcome quality. The following 

subsections describe the relationship between overall service quality, the 

dimensions, and subdimensions, along with theoretical and empirical insights: 

7.2.1.1. Platform quality: 

The research findings underlined platform quality as a significant dimension of 

overall m-health service quality, reflecting the significance of users' opinions of the 

technical level of communication (Abror, Patrisia and Engriani, 2018). Platform 

quality is crucial in m-health service quality since 88% (R2) of the overall variance 

in platform quality was explained by service quality, which is higher than the other 

two subdimensions included in this study- outcome and information quality. In the 

literature, it is well established that a substantial proportion of the quality of m-

health services depends on the quality of the platform in terms of system efficiency, 

system reliability, and system privacy (Alaiad, Alsharo and Alnsour, 2019; Aranda, 

Mohutsiwa and Loukanova, 2014; Hermes et al., 2020). However, interaction 

quality is a greater indicator of overall service quality than outcome and platform 

quality in most research on the quality of m-health services (Oppong et al., 2018; 

Alzahrani et al., 2022; Akter, D’Ambra and Ray 2013). Platform quality has, 
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however, proven to be the greatest contributor to users' perception of overall 

service quality in the current study. Thus, it is proven that users' views of service 

quality frequently vary depending on the context (Pakurár et al., 2019; Shafiq et 

al., 2017). 

The outcomes of this study also lend significant credence to the important link 

between platform quality and its corresponding subdimensions. The system's 

reliability, required for reliable service and error-free operation, reflected 81% (R2) 

of platform quality variance. According to a growing body of research, patients 

must have confidence in the service system before they can trust a platform to 

provide healthcare (Zhou, Salman and McGregor, 2022; Kanavos and Wouters, 

2016; Mugellini, Villeneuve and Heide, 2021). Second, systems availability 

reflected 80% (R2) of platform quality variance, confirming m-health's ultimate 

promise of access everywhere and at any time (Oppong et al., 2018). The study 

emphasised that the foundations of a successful platform should be able to supply 

enhanced services by assuring network availability, reliability and lowering waiting 

times (Pablos, Cavanaugh and Ly, 2016). A provider's ability to respond to 

customer requests and changing conditions was emphasised by system efficiency, 

which reflected 70% (R2) of platform quality variance. The connection also meant 

that the platform could handle various requests in various situations with similar 

speed, perceived utility, and flexibility (Gurupur and Wan, 2017). Finally, the 

finding that system privacy reflected 47% (R2) of platform quality variance 

underscored the significance of privacy in patient data protection (WHO, 2011). 

This study addressed the concerns that Kahn, Yang and Kahn (2010) raised on 

patient confidentiality while using m-health. 



232 
 

 

The results supported the notion that platform quality is essential to overall service 

quality. System reliability, efficiency, privacy, and availability are critical elements 

in DGHS m-health service. Hence, any advancement to any of these components 

may improve the user impression of the platform. In other words, a high-quality 

platform should give the impression that it is safe, efficient, user-friendly, and 

trustworthy. Furthermore, to enhance users' views of the platform and overall 

service quality, m-health providers should provide patients with seamless service 

experiences across all four components. 

7.2.1.2. Interaction quality: 

The results validated interaction quality as a crucial aspect of DGHS m-health 

service quality, as it reflected 86% (R2) of the variance of overall quality. This 

relationship showed that interaction quality is the second most crucial of the three 

first-order service quality components. M-health service providers can address 

patients' implicit concerns, interests, and requirements via medical consultation on 

a mobile platform (Christiansen et al., 2021). According to several researchers, 

the interpersonal process is critical to users' perceptions of a service provider's 

performance because these services are produced, distributed, and consumed by 

interactions between service providers and users (Amanah et al., 2018; 

Nadeem et al., 2020). 

The study found a strong and substantial link between interaction quality and its 

corresponding subdimensions, including empathy, assurance, and 

responsiveness. First, responsiveness reflected 74% (R2) of the variance in 

interaction quality, showing the provider's skill and willingness to give timely 

assistance to patients (Koghut and AI-Tabbaa, 2021). This study supported the 

assertion stated by esteemed researchers that responsiveness to patients' needs 
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and open communication are essential elements of providing healthcare (Molina 

and Gallo, 2020; Doyle, Lennox and Bell, 2013). Second, assurance reflected 75% 

(R2) of the variance in interaction quality, indicating that physicians have the skills 

and demeanour required to instil trust and confidence in patients (Birkhäuer et 

al., 2017). Lastly, empathy reflected 72% (R2) of the variance of interaction quality, 

indicating the importance of meticulous and attentive care in sustaining overall 

quality in m-health services. Researchers previously demonstrated that a 

provider's interpersonal empathy strongly influences consumers' opinions of 

overall service quality (Jamaludin, 2020). It was also suggested that understanding 

the user's preferences and delivering tailored attention are critical for increasing 

interaction quality in the m-health system (Christiansen et al., 2021; Dagger, 

Sweeney and Johnson, 2007). 

The study concludes that one of the most important aspects of m-health is the 

interaction quality between patient and physician, which comprises 

responsiveness, assurance, and empathy. Interpersonal interaction during service 

consumption greatly influences overall service quality perceptions, consistent with 

extant literature (Dagger, Sweeney and Johnson, 2007; Christiansen et al., 2021). 

In addition, these three cognitive traits should be equally weighed in DGHS's m-

health service because they are crucial components of patient-physician 

communication. 

7.2.1.3. Outcome quality: 

The study showed that outcome quality is crucial to the DGHS mobile health 

services' quality by reflecting 82% (R2) of the variance of overall service quality. 

Based on this finding, technology serves as a means, not an end, to improve 

outcomes (Changizi and Kaveh, 2017). The results also showed that emotional 
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and functional benefits are crucial in shaping how people perceive the overall 

quality of m-health service. These findings back up the WHO (2011) claim that m-

health may transform health outcomes by making real-time access to medical 

information and expertise available to almost anybody with a mobile phone. 

Moreover, the study identified that functional benefit reflected 77% (R2) of the 

variance in outcome quality, emphasising the need to ensure that m-health 

services are used for their intended purpose. This quality dimension specifically 

identifies this healthcare platform's perceived value and utility for users (Saleeshya 

and Harikumar, 2022). The findings are consistent with previous studies 

concerning how m-health has improved decision-making processes and produced 

healthcare by providing the right information to the right people at the right time 

(Nilsen et al., 2020; Johansson, 2013). Second, emotional benefit reflected 77% 

(R2) of variance in outcome quality, indicating that the m-health platform is crucial 

in evoking positive emotions and developing perspectives on overall health 

outcomes (Dagger, Sweeney and Johnson, 2007). Results confirmed outcome 

quality as a significant dimension of m-health service quality, with emotional and 

functional benefits becoming critical subdimensions in a developing country's m-

health service (Oppong et al., 2018). 

These findings showed that first-order dimensions-outcome, information, platform 

quality, and their corresponding subdimensions-emotional benefit, functional 

benefit, empathy, assurance, responsiveness, privacy, efficiency, availability, and 

reliability- all significantly impact the overall quality of DGHS m-health service. 

Although the data revealed that the effects of various dimensions differed, it is 

essential to note that the magnitude differences were minor and that all 

components were deemed meaningful. According to the findings, the quality of m-
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health services should be established on a firm foundation of active participation 

and meaningful outcomes to meet consumers' desired healthcare expectations 

(Bailey et al., 2014; Kanavos and Wouters, 2016). 

7.2.2. Evaluation of the influence of overall DGHS m-health service quality 

on users' satisfaction with the service. 

This study hypothesised that service quality positively influences satisfaction with 

DGHS m-health service (H1) to establish this objective. The study revealed that 

second-order m-health service quality is a substantial and robust predictor of 

satisfaction (β = 0.720, p=< 0.001). This association between affective satisfaction 

(affect) and higher-order service quality (cognitive belief) lends credence to the 

notion that, in the context of mobile health, service quality is a crucial determinant 

of service satisfaction (Mohamed and Azizan, 2015; Pai, Chary and Pai, 2018). 

Thus, improving the quality of m-health services can lead to a higher satisfaction 

level of users. In other words, the low or difficult to ascertain quality diminishes 

satisfaction (Abbasi et al., 2019). The findings, therefore, emphasise the 

relevance of service quality as a key determining factor in decision-making to 

formulate satisfaction and influence other related service outcomes in the context 

of m-health services in developing countries (Nguyen, Tran and Nguyen, 2021). 

7.2.3. Evaluation of the influence of overall DGHS m-health service quality 

on users' usage behaviours. 

This study hypothesised that service quality positively influences DGHS m-health 

service usage behaviours (H2) to establish this objective. The study's findings 

showed no significant direct relationship between perceived service quality and 
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usage behaviours (β = -0.031, p=0.263). Overall service quality was not a 

significant predictor of usage behaviours in this study. This study disproved the 

idea that patients' concerns about the service's overall quality directly affect their 

usage behaviours. According to previous studies assuring adequate quality 

perceptions at every touch point is vital to influencing behaviours in the context of 

m-health services (Kwame and Petrucka, 2021; Purohit, Paul and Mishra, 2021). 

However, the current study's findings indicated that ensuring service quality is 

insufficient to maintain usage. For DGHS m-health service, users' service quality 

perceptions must lead to satisfaction to have any impact on their behaviours (See 

subsection 7.2.4 for more details).  

7.2.4. Evaluation of the influence of users' satisfaction on their usage 

behaviours: 

This study proposed that satisfaction positively influences DGHS m-health service 

usage behaviours (H3) to achieve this objective. The usage of m-health services 

is significantly predicted by satisfaction (β= 0.58, p=< 0.001) in the current study. 

Higher satisfaction levels are associated with higher service utilisations (Zhao, Ni 

and Zhou, 2018; Pakurár et al., 2019). In other words, this link implies that the 

service's success depends on users' satisfaction (Sulaiman and Musnadi, 2018).  

7.2.5. Examination of the differences between continuous and 

discontinuous user groups: 

While analysing the influence of perceived service quality on users' continuous 

and discontinuous usage behaviours separately in multigroup analysis, users 

perceived quality did not show any significant influence on both user groups as the 

path coefficient and p values were not significant for the association between 
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perceived service quality and usage behaviours for both user groups (β=0.011 for 

continuous users, and β=-0.279 for discontinuous users). Thus, users of DGHS 

m-health service do not decide to continue or discontinue using the service solely 

based on their service quality perceptions of the service. 

Furthermore, the results of the multigroup analysis revealed that the influence of 

satisfaction on usage behaviours varies between continuous and discontinuous 

user groups, as the p-value of the path coefficient difference (for the association 

between satisfaction and usage behaviours) between the user groups was 

significant at p=0.001. These results confirmed the claim that antecedent factors 

can have a different impact on continued and discontinued behavioural outcomes 

(Buchwald et al., 2018; Huang, Chen and Liu, 2020; Recker,2016; Soliman and 

Rinta, 2020). While satisfaction significantly influences continuous usage 

behaviours (β= 0.303) of DGHS m-health service, the influence of satisfaction on 

discontinuous usage behaviours is not substantial (β =-0.001). According to these 

findings, a rise in satisfaction levels with the service induces users' continuous 

usage behaviours (Amin et al., 2022). In other words, if continuous users are 

satisfied with the service, they will continue to use it regularly (Asadullah and 

Bhattacharjee, 2022; Mendiola et al., 2015). However, discontinuous users' 

satisfaction level does not significantly influence their discontinuous usage 

behaviours (Fan et al., 2020; Zhang and Pan, 2023). Thus, users of DGHS m-

health service may decide to continue using the service if they are satisfied; 

however, they may not decide to discontinue their service if they are dissatisfied. 

These outcomes indicate the presence of other influential factors, such as- trust, 

system capability shortcomings, and system unreliability, rather than satisfaction, 

which cause users of DGHS m-health to discontinue the service (Buchwald et 
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al., 2018; Huang, Chen and Liu, 2020; Recker, 2016; Soliman and Rinta, 2020; 

Koghut and AI-Tabbaa, 2021). 

7.2.6. Examination of the differences between urban and rural users: 

This study identified a significant difference in the influence of satisfaction on 

usage behaviours for urban and rural users, as the p-value of the path coefficient 

difference (for the association between satisfaction and usage behaviours) 

between the user groups was significant at p=0.004, in the multigroup analysis. 

The path coefficient for the association between satisfaction and usage behaviours 

was higher for urban users (β=0.799) than the path coefficient value (β=0.571) for 

rural users. Hence, the assertion that increasing users' satisfaction can persuade 

DGHS m-health service users to continue using the service is more accurate for 

urban users than those who live in rural regions. Previous studies noted 

differences in healthcare behaviours between urban and rural users (Bhuiyan et 

al., 2020; Al-Zubayer et al., 2023). People in urban areas are more health-

conscious than those in rural areas in developing countries like Bangladesh due 

to higher living standards, socioeconomic indicators, and educational levels (Al-

Zubayer et al., 2023). Urban users are, therefore, more inclined to continue using 

a particular healthcare service when they become satisfied with it to improve their 

quality of life (Al-Zubayer et al., 2023). 

7.2.7. Evaluation of the mediating role of satisfaction between DGHS m-

health overall service quality and usage behaviours. 

To achieve this objective, this study proposed that satisfaction mediates the 

relationship between service quality and DGHS m-health service usage 

behaviours (H4). According to the findings, satisfaction mediates the relationship 
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between perceived service quality and usage behaviours (β=0.489, p=<0.001). 

Additionally, the mediation effect was of medium size when considering the effect 

size value (0.287) (Cohen, 1988; Lakens, 2013). This significant mediating role of 

satisfaction emphasises the need to measure satisfaction separately from service 

quality when modelling the effects of quality on outcome constructs in the context 

of m-health service (Rita, Oliveira and Farisa, 2019; Akter, D’Ambra and Ray 

2013).  

 

Satisfaction plays a strong mediating role in explaining how service quality 

indirectly influences usage behaviours, despite lack of direct links between DGHS 

m-health service quality and usage (as described in subsection 7.2.3). Although 

prior researchers recognised the mediating effects of satisfaction, this study 

emphasised the significance of satisfaction as a mediator even more, as users' 

perceptions of the quality of DGHS m-health service only influence their 

behaviours when satisfaction acts as a mediator (Constantinides and 

Holleschovsky, 2016; Li and Shang, 2020). Thus, the DGHS in Bangladesh must 

maintain quality and ensure that users of the m-health service are satisfied, as 

they will only continue to use the service if they feel better after using it. 

7.2.8. Evaluation of the influence of social norms on DGHS m-health service 

usage behaviours. 

For evaluating the relationship between social norms and usage behaviours, this 

study proposed that users' social norms towards DGHS m-health service positively 

influence usage behaviours (H5). In this study, social norms did not influence 

users' m-health service usage behaviours (β = -0.068, p=0.082). These results 

indicate that users of the DGHS m-health service do not continue or discontinue 
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using the service because it is socially encouraged or accepted. In general, social 

norms influence users' intentions and behaviours in a variety of service contexts, 

including healthcare, tourism, information technology, and banking (Abrahamse 

and Steg, 2013; Fishbein and Ajzen, 2011; Joshi and Rahman, 2015; Newell et 

al., 2014; Sun, Law, and Schuckert, 2020). Generally, people are more likely to 

use services they believe will benefit societies (Newell et al., 2014; Sun, Law, and 

Schuckert, 2020). The DGHS m-health programme can be beneficial because it 

helps deal with many patients in government hospitals' outpatient departments 

(DGHS, 2020). In addition, these services are useful for societies while preventing 

the spread of communicable diseases like COVID-19 (Singh and Sagar, 2021; 

Calgua, 2022). However, these service benefits do not encourage the users of 

DGHS m-health service to continue or discontinue the service. As a result, the 

service provider should recognise that making the DGHS m-health service socially 

acceptable is not enough for its continuous usage unless the users are morally 

obliged to use the service. 

 

7.2.9. Evaluation of the influence of social norms on users' satisfaction with 

the DGHS m-health service. 

For evaluating the relationship between social norms and satisfaction, this study 

proposed that users' social norms towards DGHS m-health service positively 

influence usage behaviours (H6). The findings indicated that social norms do not 

directly influence DGHS m-health service user satisfaction (β =-0.022, p=0.328). 

Unlike prior research in various service contexts that suggested that social norms 

can influence users' satisfaction levels, the social norms of DGHS m-health service 

users had no impact on how satisfied or dissatisfied they were with the service 
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(Nysveen, 2005; Schierz, Schilke and Wirtz, 2010; San, Prodanova and Jiménez, 

2015; Mouakket, 2015; Chang and Chin, 2011; Navarro and Bailon, 2010). In other 

words, what other people think of the DGHS m-health service or whether they use 

it does not influence how satisfied the users are with it.  

 

7.2.10. Evaluation of the mediating role of satisfaction between social norms 

and DGHS m-health service usage behaviours. 

To establish this objective, this study hypothesised that satisfaction mediates the 

relationship between social norms and DGHS m-health service usage behaviours 

(H7). The study's findings rejected satisfaction as a mediator between social 

norms and usage behaviours (β =-0.015, p=0.334). As previously stated, social 

norms may influence people's psychological impressions, such as satisfaction, 

and subsequently influence behavioural intentions (San, Prodanova and Jiménez, 

2015; Mouakket, 2015). Thus, this study assumed that following social norms 

would boost users' satisfaction with DGHS m-health service, ultimately influencing 

their usage behaviours. However, the results indicated that individuals' social 

norms do not affect their satisfaction with the service and usage behaviours. 

7.2.11. Evaluation of the influence of personal norms on DGHS m-health 

service usage behaviours. 

For evaluating the relationship between personal norms and usage behaviours, 

this study proposed that users' personal norms towards DGHS m-health service 

positively influence usage behaviours (H8). This study found no significant 

correlation between personal norms and usage behaviours (β = 0.055, p= 0.131). 

This study dismissed personal norms as an antecedent of DGHS m-health service 
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usage behaviours compared to prior studies that asserted personal norms 

significantly influenced users' behavioural outcomes(Yang et al., 2020; Bamberg, 

Hunecke and Blöbaum, 2007; de Groot et al., 2021). As a result, users' moral 

judgments regarding DGHS m-health do not directly influence their continuous or 

discontinuous usage behaviours. 

7.2.12. Evaluation of the influence of personal norms on users' satisfaction 

with the DGHS m-health service. 

For evaluating the relationship between personal norms and satisfaction, this 

study proposed that users' personal norms towards DGHS m-health service 

positively influence satisfaction (H9). A significant relationship was found between 

personal norms and satisfaction (β = 0.281, p=< 0.001). These outcomes further 

confirmed the strong association between users' personal norms and satisfaction, 

as described by previous researchers (Yang et al., 2020; Bamberg, Hunecke and 

Blöbaum, 2007; de Groot et al., 2021). Accordingly, DGHS m-health service users 

are more satisfied with the service when they adhere to their personal norms. The 

significant association between personal norms and satisfaction suggests that 

DGHS can improve users' satisfaction with the m-health service by boosting users' 

personal norms. 

7.2.13. Evaluation of the mediating role of satisfaction between personal 

norms and DGHS m-health service usage behaviours. 

To achieve this objective, this study proposed that satisfaction mediates the 

relationship between personal norms and DGHS m-health service usage 

behaviours (H10). The study's findings confirmed the role of satisfaction (β= 0.191, 

p=< 0.001) as a mediator between personal norms and DGHS m-health service 
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usage behaviours. These findings support hierarchical approaches such as the 

value-attitude-behaviour hierarchy in explaining user behaviour (Homer and 

Kahle, 1988; Grunert and Bech, 2005). Thus, in the DGHS m-health service 

environment, although users' personal norms have no direct influence on usage 

behaviours, these norms can significantly influence users' satisfaction with the 

service, ultimately determining whether their usage behaviours. 

7.3. The impact of control variables: 

 

For evaluating the influence of control variables on the service outcomes- 

satisfaction and usage behaviours, this study proposed that- users' satisfaction 

with DGHS m-health service and usage behaviours vary as per the demographic 

(i.e., gender, income, age, salary, and occupation) and situational characteristics 

(i.e., time of service) (H11, H12, H13, and H14). The study's findings rejected the 

impact of control variables on the outcome constructs-satisfaction and usage 

behaviours. Thus, in the DGHS m-health context, it does not matter if users are 

male or female or they are young or elderly, how much they earn per month, what 

they do for a living, or what time the users are seeking the service; they want to 

feel better to continue using it. Thus, the DGHS does not need to consider any 

specific user group or time of the service while developing the m-health service. 

All user groups of the DGHS m-health want a service that, if of good quality, makes 

them feel better (i.e., service satisfaction), leading to their continuous and regular 

use of the service. 
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7.4. Contribution of the study: 

 

7.4.1. Contribution to the theory: 

In diverse service domains, including healthcare, information systems, and 

marketing, researchers have assessed how antecedent variables such as service 

quality, subjective norms, and perceived usefulness influence users' behavioural 

intentions using theories of technology adoption and usage, such as the 

technology acceptance model, the theory of reasoned action, the theory of 

planned behaviour, and the unified theory of acceptance and use of technology 

(Okazaki et al., 2016; Deng, Mo and Liu, 2014; Zhang et al., 2014; Hoque, 2016; 

Vaghefi and Tulu, 2019; Kim, 2021; Sulaiman and Magaireah, 2014; Zhao, Ni and 

Zhou, 2018). As these theories suggest, the antecedent variables (e.g., service 

quality, social influence, and perceived usefulness) determine behavioural 

intentions, while behavioural intentions predict actual usage behaviours (Okazaki 

et al., 2016; Deng, Mo and Liu, 2014; Zhang et al., 2014; Hoque, 2016). However, 

several studies have shown that intentions may not always accurately predict 

usage behaviours (Chandon, Morwitz and Reinartz, 2005; García, Sarmiento and 

Antonovica, 2022; Kumar, 2013). Several researchers reported that users might 

change their behaviours and not follow their prior intentions (Michie, Van and 

West, 2011; Sullivan and Lachman, 2017). This study assessed and reported the 

direct influence of DGHS m-health service quality, and users' social and personal 

norms on satisfaction, and actual usage (usage behaviours) instead of assessing 

the influence of these variables on users' intentions to avoid these limitations. 

Thus, the study added novelty to the theory by modelling the association between 

these predictor variables with satisfaction and actual usage. Knowing users' usage 

behaviours can assist service providers in creating, enhancing, and implementing 
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services that are more appealing to users and encourage them to continue using 

the services (Prazeres and Santiago, 2016; Wu et al., 2022; Aggarwal, Aeran and 

Rathee, 2019, Blut, 2016). 

 

Furthermore, this study focused on both continuous and discontinuous usage 

behaviours when assessing DGHS m-health users' behaviours. While service 

discontinuation is an important phenomenon, researchers have not adequately 

addressed it compared to continuous usage studies (Buchwald et al., 2018; 

Huang, Chen and Liu, 2020; Recker, 2016; Soliman and Rinta, 2020). This study 

used the same conceptual model to compare the influence of service quality, 

social and personal norms on users' satisfaction and usage behaviour between 

continuous and discontinuous user groups. Thus, this study added to the existing 

knowledge by assessing and comparing users' continuous and discontinuous 

behaviours in the context of m-health. 

 

Furthermore, relatively few studies have included social and personal norms in 

their research model while analysing behavioural outcomes, while none have 

addressed them in m-health settings (Huang et al., 2019; Ottar and Grunert, 2010; 

Baldwin et al., 2022; Sun and Sun, 2021). This study contributed to the theory by 

modelling the association between social norms, personal norms with satisfaction, 

and actual usage (usage behaviours) in the m-health service context.  

 

In addition, this study incorporated social norms into the research model as an 

integrated term that includes the most formal definitions of social norms, 

descriptive norms, subjective norms, and injunctive norms from the theory of 

planned behaviour, theory of reasoned action, unified theory of acceptance and 
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use of technology (Triwibowo, 2018; Rudert and Janke, 2021; Trujillo, Estrada and 

Rosa, 2021; Fang, Wang and Hsu, 2017). Only a few studies have employed this 

integrated form of social norms in different service contexts, while none have in 

the m-health context (Trujillo, Estrada and Rosa, 2021; Fang, Wang and Hsu, 

2017; Howard and Sommers, 2015; Swanson and Maltinsky, 2019). Thus, this 

study contributed to the theory by successfully implementing the integrated form 

of social norms in the m-health context. 

7.4.2. Contribution to practise: 

 

This study's outcomes are significant for society in general, healthcare 

management, and most importantly, for m-health service providers. These findings 

undoubtedly improve the m-health service providers' understanding of how users 

evaluate the quality of these services. The findings notably suggested that DGHS, 

like other m-healthcare providers, should focus on improving service quality across 

the three key dimensions- outcome quality, platform quality, and interaction 

quality, which can be accomplished by improving their corresponding 

subdimensions (Ahluwalia and Varshney, 2009; Oppong et al., 2018; Nouri et 

al., 2018; Akter, D’Ambra and Ray 2010; Jacob, Sanchez and Ivory, 2020). Users' 

perceptions of the platform's quality can be enhanced by DGHS by protecting the 

privacy of information services, ensuring availability at the right moment, and 

improving system efficiency and reliability. Similarly, giving users honest 

responses, enough confidence, and empathy can improve interactions. Lastly, 

outcome quality can be improved by informing individuals about the emotional 

(hedonic) and functional (utilitarian) service benefits associated with the DGHS m-

health platform, such as positive support, ease, and fulfilment. 
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The analysis of the service quality model revealed that a solid technological 

foundation, such as an effective wireless network and information systems, is 

insufficient to provide acceptable service quality levels. Hence, DGHS must 

coordinate its efforts to address the platform quality, the quality of patient-provider 

interactions, and, most importantly, the quality-of-service benefits linked to the 

service systems. These findings offer a helpful roadmap for developing 

interventions in the service delivery systems focused on enhancing certain quality 

dimensions at certain levels. According to the findings, quality issues in different 

dimensions of m-health services differ. While outcome quality deals with service 

benefits derived from service delivery systems, interaction quality deals with 

interpersonal interaction, and platform quality deals with human-technology 

interaction. 

The conceptual model developed in this study will help m-health service providers 

understand how users' views of the overall quality of m-health services, social 

norms, and personal norms influence satisfaction and usage behaviours. The 

study's findings supported the importance of service quality and personal norms 

as significant determining factors for the individual outcome (satisfaction), which 

ultimately influence the economic outcome (usage behaviours) in DGHS m-health 

service. The study's ultimate outcome construct was- usage behaviours, identified 

as one of the most challenging aspects of developing and implementing global 

best practices in mobile health (Bally and Cesuroglu, 2020; Ntshoe et al., 2021). 

Because of this, the research on usage behaviours and their antecedents—service 

quality, personal norms, and satisfaction—will assist in the scalability of this 

healthcare paradigm. The effectiveness of an m-health service can be established 

when a significant number of users continue to use it over time (Kim, 2021; Zhao, 
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Ni and Zhou, 2018; Pakurár et al., 2019). On the other hand, the service fails when 

a significant fraction of users discontinues using it (Massa, 2019). Discontinuation 

is a common phenomenon in technology use; thus, it is crucial to address users' 

discontinuous behaviours along with continuous behaviours (Soliman and Rinta, 

2020; Tang and Chen, 2020). This study assessed the views of both continuous 

and discontinuous users of DGHS m-health service. Among participants, 32.13 

percent discontinued using the service, compared with 67.9 percent who 

continued to use it. This significant rate of discontinuation of the service indicates 

that mobile health providers must use patient databases to gather information 

about prior usage and complaints to acquire and retain customers (Vaghefi and 

Tulu, 2019). 

Moreover, the results of this study confirmed the differences in the influence of 

service quality and satisfaction on continuous and discontinuous usage 

behaviours. While service quality and satisfaction significantly influence 

continuous usage behaviours, their influence on discontinuous usage behaviours 

is insignificant. Thus, this study confirmed that the influence of antecedent 

variables could differ for continuous and discontinuous usage behaviours. M-

health service providers must address users' discontinuous usage behaviours to 

avoid service failures and ensure the services are more acceptable to users. 

The study's findings further supported satisfaction's significant mediation effect in 

influencing usage behaviours. In fact, the influence of satisfaction in this study's 

setting was more substantial than that in earlier studies (Berners and Martin, 2022; 

Essel, 2022; Gu and Itoh, 2014), as service quality only impacts users' behaviours 

when satisfaction acts as a mediator between them. Based on these findings, 

users of the DGHS m-health service mainly seek to feel better (i.e., satisfied) after 
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using it. The DGHS must prioritise both service quality and customer satisfaction 

as critical strategic objectives to expand and retain mobile health in developing 

countries is crucial (Cao, Chongsuvivatwong and McNeil, 2022; Meng et 

al., 2019). 

Moreover, another significant finding of this study was the role of personal norms. 

This study revealed that personal norms influence users' satisfaction to a greater 

extent, ultimately influencing behaviours. Contrarily, social norms do not influence 

satisfaction and usage behaviours. What other people in the surrounding 

environment think or do does not influence their satisfaction level with the DGHS 

m-health service or service usage. However, DGHS can enhance users' 

satisfaction and usage by enhancing their personal norms toward the m-health 

service. Thus, this study contributed to the existing literature by identifying a 

component that can be crucial for m-health users' service satisfaction and usage: 

their personal norms towards the service. 

In addition, as mentioned earlier, the control variables (both situational and 

demographic) do not influence users’ satisfaction or usage of the DGHS m-health 

service. Consequently, this study suggested the provider with a means to improve 

the m-health service without being concerned about situational and demographic 

variables. 

Overall, the study's findings enhance the field of service systems research for 

practitioners by modelling how quality-dominant logic, social and personal norms 

impact satisfaction and usage using an expanded theory-based framework. As 

was already indicated, the implications are particularly significant for providers of 

m-health services as they increase the understanding of the associations between 

service quality, social norms, and personal norms and significant service 
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outcomes in developing countries. The findings provide vital providers insights on 

mediating factors necessary to grow and maintain m-health business models in a 

developing country. These results will unquestionably boost the effectiveness of 

m-healthcare systems in developing nations by enhancing health outcomes. Using 

the findings on service quality dynamics, social norms, and personal norms, 

practitioners in developing countries can make informed and effective decisions 

directly at the point of care by facilitating service continuation, enhancing workflow, 

and promoting evidence-based practice. 

 

 

7.4.3. Contribution to methodology: 

The study confirmed that higher-order components can be presented in a 

structural model to show the nomological validity of the overall research model 

(Busetto, Wick and Gumbinger,2020). This study showed the outperformance of 

the PLS modelling in estimating a higher-order (i.e., second-order, reflective 

service quality model) model by overcoming several CBSEM limitations regarding 

factor indeterminacy, model identification, model complexity, sample size, 

measurement level, and distributional properties (multivariate normality) (Jung and 

Park, 2018; Roldán, 2021; Petrarca, Russolillo and Trinchera, 2017; Rigdon, 

Sarstedt and Ringle, 2017). 

This study contributed to the complex business and social science research 

modelling paradigm by estimating the associations between the components in a 

complex model, including a higher-order construct (i.e., service quality). The term 

complex model refers to multivariate models with many latent and manifest 

variables (Petrarca, Russolillo and Trinchera, 2017). Since the degrees of freedom 
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rise with the number of latent and indicator variables, CBSEM frequently yields 

positively biased model fit indices for large complex models. With the empirical 

demonstration in this study, it is evident that PLS can successfully manage all 

these constraints to develop and validate a complex model by offering reliable 

answers. The results of this study supported earlier researchers' beliefs that PLS 

comes into play when packages of variables and aggregate parameters are 

emphasised over individual variables and parameters in larger models (Henseler, 

Ringle and Sinkovics, 2009; Sarstedt et al., 2016). 

Additionally, the study illustrated the robustness of analysis by using indirect path 

coefficient values to analyse mediating effects (Moqbel, Guduru and Harun, 2020; 

Knock, 2014). This study replaced the traditional approach to evaluate mediation 

presented by Baron and Kenny (1986), which does not rely on standard errors, 

with a more effective and less error-prone approach developed by Kock (2014) 

that builds on Preacher and Hayes (2004) and Hayes and Preacher (2010) 

(Moqbel, Guduru and Harun, 2020). The foundation of this approach is the 

assessment of indirect effects (Moqbel, Guduru and Harun, 2020). Moreover, the 

approach enables simultaneous testing of effects using a variety of mediating 

factors and mediating effects (Knock, 2014). Using this approach, researchers can 

estimate the sum of indirect effects regardless of the number of path segments to 

assess the outcomes for an independent latent variable's indirect impacts on a 

latent dependent variable with one or more mediating effects (i.e., nested 

mediations) (Moqbel, Guduru and Harun, 2020). Since its development, 

comparatively few studies have adopted this approach of analysing indirect effects 

and still rely on Baron and Kenny's technique (Mioevi et al., 2017; Moqbel, Guduru 
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and Harun, 2020). Thus, this study confirmed the usefulness of measuring indirect 

effects while performing mediation analysis (Agler and Boeck, 2017).  

Finally, this study contributed to methodological rigor through statistical power 

analysis, predictive relevance, effect size, and goodness of fit index. The study 

showed how statistical power analysis can be employed to determine the required 

sample size to achieve a significant power level (usually p <.05) in research 

analysis (Knock, 2016; Serdar et al., 2021; Gupta et al., 2016). The study showed 

the predictive validity of a large complex model through predictive relevance (Q2) 

values (Kock, 2019). The effect sizes represented the practical relevance of the 

study by indicating how significantly the components in the research model (e.g., 

service quality, satisfaction) influence other components (e.g., usage behaviours) 

(Lakens, 2013). The study's goodness of fit (GoF) index supported the overall 

validity of a PLS-based path modelling model (Solimun et al., 2017). Overall, this 

study contributed to improving the robustness of PLS for real-world applications 

and its advantageous use in complex models through these demonstrations of 

assessment techniques. 

 

7.5. Limitations: 

There are a few limitations to be aware of in the current investigation. First, this 

research was only conducted in one nation, Bangladesh; therefore, generalising 

its findings to other countries' m-health services should be done cautiously. 

Research on service quality is context-specific; replications in various settings 

would boost confidence in the study paradigm. Second, the service quality 

constructs were labelled entirely based on the research context: m-health hotline 
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services in Bangladesh. Based on the dynamics of the research context, future 

research can further explore, differentiate, and add new constructs (e.g., system 

adaptability). 

Furthermore, even though the data for this study came from two socioeconomically 

distinct divisions (out of eight) in Bangladesh, it may not have adequately reflected 

the views of the entire population. Future research can thus do cross-country 

research with a larger number of participants, which could provide similar or 

different findings from the current study. 

Fourth, because data was gathered using a cross-sectional design, the study is 

subject to the usual restrictions associated with this research approach 

(Rindfleisch et al., 2008; Nayna, Sajnani and Shandliya, 2019). For instance, the 

model accurately captures the static character of service assessment because the 

results are limited to a certain point in time (Ponto, 2015). Future research may 

conduct a longitudinal study to track users' opinions of the quality, social norms, 

personal norms, and their impact on satisfaction and usage behaviours of m-health 

services over time to gain a more profound knowledge of the topic. Fifth, the results 

cannot be generalised to consumers in developed countries since the sample 

solely consists of users from Bangladesh, a developing country. The components 

and impacts of service quality, social norms, and personal norms may be viewed 

differently in developed and developing nations, individualistic and collectivist 

societies, and Eastern and Western nations (Cathy, 2022; Utoikamanu, 2019). 

Lastly, as mentioned earlier, this study highlighted the difference in the influence 

of the antecedent factors (i.e., service quality, personal norms, and satisfaction) 

on usage behaviours between the continuous and discontinuous user groups. 
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According to the results, although some of these variables (i.e., satisfaction, 

personal norms) had a substantial influence on users' continuous usage 

behaviours, they had negligible influence on users' discontinuous usage 

behaviours.Thus, other factors such as trust, system capability shortcomings, and 

system unreliability might influence users' discontinuation of m-health services, 

which this study did not address (Buchwald et al., 2018; Huang, Chen and Liu, 

2020; Recker, 2016; Soliman and Rinta, 2020; Koghut and AI-Tabbaa, 2021). 

 

7.6. Future research directions: 

If used systematically and strategically, m-health allows almost everyone with 

mobile phones access to medical information in real-time, which can enhance 

health outcomes. M-health services are a blessing, especially for underprivileged 

individuals or those living in distant places because they would not otherwise have 

access to health information and care (WHO, 2011). Future studies can focus on 

a variety of aspects that all contribute to the enhancement of m-health 

implementation, including: 

• Even though the variance described by the research model is relatively high 

for the study, future research may aim to identify and test additional 

boundary conditions of the model to provide a better understanding of the 

satisfaction and usage behaviours of m-health services. Moderating 

factors, other user groups (e.g., physicians), or additional contextual 

variables can be considered in the expansion. Results from these studies 

can improve the overall generalisability of the quality of m-health services 
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and personal norms to explain further variance in satisfaction and usage 

behaviours. 

• Future research might evaluate the current findings in cross-cultural 

situations by including people from developing and developed nations. 

There are always disparities in the sophistication of the financial and 

technology systems, the accessibility of communication networks, the level 

of education, and the degree of service expectations between developing 

and developed nations (Cathy, 2022; Utoikamanu, 2019). Both practitioners 

and academics can find information on these cultural variations, which are 

highly relevant and crucial when making crucial management decisions 

(Gopalkrishnan, 2018).  

• Future studies can use a dyadic strategy that considers the viewpoints of 

both consumers and service providers. This strategy can yield noteworthy 

results by comparing opinions from distinct groups in single research. 

• A methodologically useful approach would be to compare PLS based SEM 

with covariance-based SEM under different research conditions to evaluate 

hierarchical modelling. 

• Studies in the future can examine how personal norms and service quality 

affect other essential outcome variables of m-health services, such as 

health-related quality of life. 

• Future studies can identify additional predictor variables, in addition to 

service quality and personal norms for m-health services' satisfaction and 

usage behaviours. Users' satisfaction and use behaviours are essential 
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aspects of service system study that can be influenced by several external 

factors (Kalankesh et al., 2020; Maunier and Camelis, 2013). Hence, for m-

health service implementations to be effective, it is crucial to identify these 

factors and their impact on the outcome components. 

• Further study can explore the factors contributing to users' discontinuous 

usage behaviours of m-health services, such as trust, system capability 

shortcomings, and system unreliability (Buchwald et al., 2018; Huang, 

Chen and Liu, 2020; Recker, 2016; Soliman and Rinta, 2020; Koghut and 

AI-Tabbaa, 2021). 

 

7.7. Conclusions: 

 

In the context of m-health services, this study intended to ascertain the effects of 

overall quality, social norms, and personal norms on satisfaction and usage 

behaviours in developing nations. A conceptual framework and ten hypotheses 

were developed using the literature on service quality, social norms, personal 

norms, satisfaction, and usage behaviours. This research model was defined as a 

hierarchical-reflective model and then tested in Bangladesh's context of DGHS m-

health service. A total of 417 samples were analysed to test the conceptual model. 

The study estimated the hierarchical model using PLS path modelling and 

assessed the component correlations. The study's findings confirmed adequate 

structural and measurement properties of the research model, confirming five 

hypotheses. The study supported the importance of satisfaction as a mediator but 

did not support the role of demographic or situational variables as contextual 

influencers. 
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The study significantly advanced service quality research in m-health service 

systems by reframing service quality as a second-order, hierarchical reflective 

construct and modelling its overall impacts on individual and organisational 

outcomes (i.e., satisfaction and behaviour). The study also highlighted strong 

associations between personal norms, satisfaction, and usage behaviours. This 

study confirmed the associations between the constructs empirically (in which the 

results are robust), epistemologically (in which the research design is rigorous), 

and logically (in which the theory is internally consistent). Findings from the study 

are immensely beneficial for service providers that want to understand consumers' 

perceptions of service quality, which have been demonstrated to be context-

specific, multidimensional, and hierarchical, as well as their personal norms. This 

information can assist in elucidating the difficulties associated with m-health 

service quality, personal norms, satisfaction, and usage behaviours by offering 

conceptual clarity and useful solutions. Any service system that offers right-time 

services to a large user base may be interested in the study's conceptual model, 

regardless of whether it was explicitly developed for m-health services. By 

emphasising service quality and users' personal norms as core concepts in service 

system research, this study hopes to provide a catalyst for action. 

 

Overall, the results showed that m-health could be the most effective social 

application in developing countries to meet critical healthcare needs. However, the 

perception of service quality and personal norms and how these affect service 

satisfaction and usage behaviours will drive the entire growth of this pervasive 

healthcare platform. Thus, this study suggests that a quality-based and norm-

based approach is needed in developing countries to create the conditions for m-
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health services to flourish. In this context, the m-health service quality and 

personal norms model will be crucial in assessing service satisfaction and 

service's continuous and discontinuous usage in developing nations. The study 

concludes that providing healthcare to significant portions of the unserved 

population is possible while opening new global access points for medical 

information and treatment. 

 

 

 

 

 

 

 

 

 

 

 

 

 



259 
 

 

References: 

Abaza, H. and Marschollek, M. (2017) “MHealth application areas and 
technology combinations,” Methods of Information in Medicine, 56(7), pp-105-
122. Available at: https://doi.org/10.3414/me17-05-0003. 

Kock, N. (2017) ‘Common method bias: A full Collinearity Assessment Method 
for PLS-SEM’, Partial Least Squares Path Modeling, pp. 245–257. 
doi:10.1007/978-3-319-64069-3_11. 

World Health Organization & International Telecommunication Union (2020) 
Digital health platform handbook: building a digital information infrastructure 
(infostructure) for health. Available at (Accessed: 04 July 2023). 

Abbasi, M.M.A., Zarei, E., Bagherzadeh, R., Dargahi, H. and Farrokhi, P. (2019) 
“Evaluation of service quality from patients’ viewpoint”, BMC health services 
research, 19(1), pp.1-7. Available at: https://doi.org/10.1186/s12913-019-3998-0. 

Abd-Alrazaq, A., Bewick, B.M., Farragher, T. and Gardner, P. (2019) “Factors 
affecting patients’ use of electronic personal health records in England: Cross-
sectional study,” Journal of Medical Internet Research, 21(7). Available at: 
https://doi.org/10.2196/12373. 

Abror, A., Patrisia, D. and Engriani, Y. (2018) “Service quality, customer 
satisfaction and customer loyalty: Preliminary findings,” Proceedings of the 4th 
Sriwijaya Economics, Accounting, and Business Conference, pp.14-19.Available 
at: https://doi.org/10.5220/0008436300140019. 

Adapa, S. and Cooksey, R. (2013) “Factors affecting consumer's continued use 
of internet banking: Empirical evidence from Australia,” Australasian Journal of 
Information Systems, 18(1). Available at: https://doi.org/10.3127/ajis.v18i1.751. 

Addotey, D.M., Scott, R.E. and Mars, M. (2020) “Review of patients’ perspectives 
of M-health adoption factors in the developing world. development of a proposed 
Conceptual Framework,” Informatics in Medicine Unlocked, 21, p. 100460. 
Available at: https://doi.org/10.1016/j.imu.2020.100460. 

Adepoju, I.O.O., Albersen, B.J.A., De Brouwere, V., van Roosmalen, J. and 
Zweekhorst, M. (2017) “MHealth for clinical decision-making in Sub-Saharan 
Africa: A scoping review,” JMIR mHealth and uHealth, 5(3). Available at: 
https://doi.org/10.2196/mhealth.7185.  

Adhy, K. A., Berlilana, and Murni, S.S. (2018) “Service quality as mediation 
variable between online transportation image and Interaction Quality and 
consumer satisfaction,” Proceedings of the 1st International Conference on 
Recent Innovations. Available at: https://doi.org/10.5220/0009947830993106.  

Adu, M.D., Malabu, U.H., Malau-Aduli, A.E. and Malau-Aduli, B.S. (2019) 
“Enablers and barriers to effective diabetes self-management: A multi-national 

https://doi.org/10.3414/me17-05-0003
https://doi.org/10.1186/s12913-019-3998-0
https://doi.org/10.2196/12373
https://doi.org/10.5220/0008436300140019
https://doi.org/10.3127/ajis.v18i1.751
https://doi.org/10.1016/j.imu.2020.100460
https://doi.org/10.2196/mhealth.7185
https://doi.org/10.5220/0009947830993106


260 
 

 

investigation,” PLOS ONE, 14(6). Available at: 
https://doi.org/10.1371/journal.pone.0217771.  

Agarwal, B. (2015) “Demonstrating the power of numbers: Gender, solidarity and 
group dynamics in Community Forestry Institutions,” Social and Solidarity 
Economy Beyond the Fringe, pp.313-329.Available at: 
https://doi.org/10.5040/9781350222618.ch-018. 

Aggarwal, A., Aeran, H. and Rathee, M. (2019) “Quality Management in 
Healthcare: The pivotal desideratum,” Journal of Oral Biology and Craniofacial 
Research, 9(2), pp. 180–182. Available at: 
https://doi.org/10.1016/j.jobcr.2018.06.006.  

Agler, R. and Boeck,D. P. (2017) “On the interpretation and use of mediation: 
Multiple perspectives on mediation analysis,” Frontiers in Psychology, 8,p.1984. 
Available at: https://doi.org/10.3389/fpsyg.2017.01984.  

Agnew, J.M., Hanratty, C.E., McVeigh, J.G., Nugent, C. and Kerr, D.P. (2022) 
“An investigation into the use of mhealth in musculoskeletal physiotherapy: 
Scoping review,” JMIR Rehabilitation and Assistive Technologies, 9(1), p.33609. 
Available at: https://doi.org/10.2196/33609.  

Agrawal, A.K. and Rahman, Z. (2015) “Roles and resource contributions of 
customers in value co-creation,” International Strategic Management Review, 
3(1-2), pp. 144–160. Available at: https://doi.org/10.1016/j.ism.2015.03.001.  

Ahluwalia, P. and Varshney, U. (2009) “Composite quality of service and 
decision-making perspectives in Wireless Networks,” Decision Support Systems, 
46(2), pp. 542–551. Available at: https://doi.org/10.1016/j.dss.2008.10.003.  

Ahmed, T., Rizvi, S. J. R., Rasheed, S., Iqbal, M., Bhuiya, A., Standing, H., 
Bloom, G., and Waldman, L. (2020) “Digital Health and inequalities in access to 
health services in Bangladesh: Mixed methods study,” JMIR mHealth and 
uHealth, 8(7). Available at: https://doi.org/10.2196/16473. 

Ahn, J. and Back, K.J. (2017) “Influence of brand relationship on customer 
attitude toward integrated resort brands: A cognitive, affective, and Conative 
Perspective,” Journal of Travel & Tourism Marketing, 35(4), pp. 449–460. 
Available at: https://doi.org/10.1080/10548408.2017.1358239.  

Ajay, V.S. and Prabhakaran, D. (2011) “The scope of cell phones in diabetes 
management in developing country health care settings,” Journal of Diabetes 
Science and Technology, 5(3), pp. 778–783. Available at: 
https://doi.org/10.1177/193229681100500332.  

Ajzen, I. (1985) “From intentions to actions: A theory of planned behavior,” Action 
Control, pp. 11–39. Available at: https://doi.org/10.1007/978-3-642-69746-3_2.  

Ajzen, I. (1991) “The theory of planned behavior,” Organizational Behavior and 
Human Decision Processes, 50(2), pp. 179–211. Available at: 
https://doi.org/10.1016/0749-5978(91)90020-t.  

https://doi.org/10.1371/journal.pone.0217771
https://doi.org/10.5040/9781350222618.ch-018
https://doi.org/10.1016/j.jobcr.2018.06.006
https://doi.org/10.3389/fpsyg.2017.01984
https://doi.org/10.2196/33609
https://doi.org/10.1016/j.ism.2015.03.001
https://doi.org/10.1016/j.dss.2008.10.003
https://doi.org/10.2196/16473
https://doi.org/10.1080/10548408.2017.1358239
https://doi.org/10.1177/193229681100500332
https://doi.org/10.1016/0749-5978(91)90020-t


261 
 

 

Ajzen, I. (2011) “The theory of planned behaviour: Reactions and reflections,” 
Psychology & Health, 26(9), pp. 1113–1127. Available at: 
https://doi.org/10.1080/08870446.2011.613995.  

Ajzen, I. and Fishbein, M. (1973) “Attitudinal and normative variables as 
predictors of specific behavior.,” Journal of Personality and Social Psychology, 
27(1), pp. 41–57. Available at: https://doi.org/10.1037/h0034440.  

Ajzen, I. and Fishbein, M. (2000) “Attitudes and the attitude-behavior relation: 
Reasoned and automatic processes,” European Review of Social Psychology, 
11(1), pp. 1–33. Available at: https://doi.org/10.1080/14792779943000116.  

Ajzen, I. and Fishbein, M. (2004) “Questions raised by a reasoned action 
approach: Comment on Ogden (2003),” Health Psychology, 23(4), pp. 431–434. 
Available at: https://doi.org/10.1037/0278-6133.23.4.431.  

Ajzen, I., and Fishbein, M. (1980). Understanding attitudes and predicting social 
behavior (Pbk. ed.). Englewood Cliffs : Prentice-Hall. 

Akter, S., D’Ambra, J. and Ray, P. (2010) “Service quality of mHealth Platforms: 
Development and validation of a hierarchical model using PLS,” Electronic 
Markets, 20(3-4), pp. 209–227. Available at: https://doi.org/10.1007/s12525-010-
0043-x.  

Akter, S., D’Ambra, J. and Ray, P. (2013) “Development and validation of an 
instrument to measure user perceived service quality of mHealth,” Information & 
Management, 50(4), pp. 181–195. Available at: 
https://doi.org/10.1016/j.im.2013.03.001.  

Al-Adwan, A.S. and Al-Horani, M.A. (2019) “Boosting customer E-loyalty: An 
extended scale of online service quality,” Information, 10(12), p. 380. Available 
at: https://doi.org/10.3390/info10120380.  

Alaiad, A., Alsharo, M. and Alnsour, Y. (2019) “The determinants of M-health 
adoption in developing countries: An empirical investigation,” Applied Clinical 
Informatics, 10(05), pp. 820–840. Available at: https://doi.org/10.1055/s-0039-
1697906.  

Alam, M. M. D., Alam, M. Z., Rahman, S. A., and Taghizadeh, S. K. (2020) 
“Factors influencing the adoption of mHealth services in a developing country: A 
patient-centric study,” International Journal of Information Management, 50, pp. 
128–143. Available at: https://doi.org/10.1016/j.ijinfomgt.2019.04.016.  

Alam, M., Banwell, C., Olsen, A. and Lokuge, K. (2019) “Patients’ and doctors’ 
perceptions of a mobile phone–based consultation service for maternal, 
neonatal, and infant health care in Bangladesh: A mixed-methods study,” JMIR 
mHealth and uHealth, 7(4). p.11842.Available at: https://doi.org/10.2196/11842. 

Albert, C. and Vargas, M. J.C. (2010) “Planning-based approaches for 
supporting sustainable landscape development,” Landscape Online, 19, pp. 1–9. 
Available at: https://doi.org/10.3097/lo.201019.  

https://doi.org/10.1080/08870446.2011.613995
https://doi.org/10.2196/11842


262 
 

 

Alegría, M., NeMoyer, A., Falgàs Bagué, I., Wang, Y. and Alvarez, K.(2018) 
“Social Determinants of Mental Health: Where we are and where we need to go,” 
Current Psychiatry Reports, 20(11). pp.1-13.Available at: 
https://doi.org/10.1007/s11920-018-0969-9.  

Alhraiwil, N.J., Al-Aqeel, S., AlFaleh, A.F., AlAgeel, A.A., AlAbed, M.A. and Al-
Shroby, W.A. (2022) “Impact of covid-19 on the 937-telephone medical 
consultation service in Saudi Arabia,” International Journal of Telemedicine and 
Applications, pp. 1–6. Available at: https://doi.org/10.1155/2022/4181322. 

Ali, B.J., Anwer, D.R. and Anwar, G. (2021) “Private hospitals’ service quality 
dimensions: The impact of service quality dimensions on patients’ satisfaction,” 
International Journal of Medical, Pharmacy and Drug Research, 5(3), pp. 7–19. 
Available at: https://doi.org/10.22161/ijmpd.5.3.2.  

Ali, R., Leifu, G., Yasir, R. M. and Hassan, M. (2015) “Role of perceived value, 
customer expectation, corporate image and perceived service quality on the 
customer satisfaction,” Journal of Applied Business Research (JABR), 31(4), p. 
1425. Available at: https://doi.org/10.19030/jabr.v31i4.9328. 

Alireza, F., Fatemeh, B. and Pegah, M. (2011) “How after-sales service quality 
dimensions affect customer satisfaction,” African Journal of Business 
Management, 5(17), pp. 7658–7664. Available at: 
https://doi.org/10.5897/ajbm11.351.  

Aljaberi, M.A., Juni, M.H., Al-Maqtari, R.A., Lye, M.S., Saeed, M.A., Al-Dubai, 
S.A.R. and Shahar, H.K. (2018) “Relationships among perceived quality of 
healthcare services, satisfaction and behavioural intentions of international 
students in Kuala Lumpur, Malaysia: A cross-sectional study,” BMJ Open, 8(9). 
Available at: https://doi.org/10.1136/bmjopen-2017-021180. 

Al-Jabri, F.Y., Turunen, H. and Kvist, T. (2021) “Patients’ perceptions of 
healthcare quality at hospitals measured by the Revised Humane Caring Scale,” 
Journal of Patient Experience, 8, p. 237437352110652. Available at: 
https://doi.org/10.1177/23743735211065265.  

Alkhalifah, T. (2022) “A structural equation modelling of governing factors 
influencing patient acceptance of mobile health in Saudi Arabia,” International 
Journal of E-Services and Mobile Applications, 14(1), pp. 1–17. Available at: 
https://doi.org/10.4018/ijesma.295963.  

Almalki, S. (2016) “Integrating quantitative and qualitative data in mixed methods 
research—challenges and benefits,” Journal of Education and Learning, 5(3), 
pp.288-296. Available at: https://doi.org/10.5539/jel.v5n3p288.  

Almetere, E.S., Kelana, B.W. and Mansor, N.N. (2020) “Using UTAUT model to 
determine factors affecting internet of things acceptance in public universities,” 
International Journal of Academic Research in Business and Social Sciences, 
10(2). Available at: https://doi.org/10.6007/ijarbss/v10-i2/6915. 

https://doi.org/10.1007/s11920-018-0969-9
https://doi.org/10.5897/ajbm11.351
https://doi.org/10.1136/bmjopen-2017-021180
https://doi.org/10.6007/ijarbss/v10-i2/6915


263 
 

 

AlOmari, F. (2021), "Measuring gaps in healthcare quality using SERVQUAL 
model: challenges and opportunities in developing countries", Measuring 
Business Excellence, 25 (4), pp. 407-420.  Available at: 
https://doi.org/10.1108/MBE-11-2019-0104. 

Alzahrani, A. I., Al-Samarraie, H., Eldenfria, A., Dodoo, J. E., and Alalwan, N. 
(2022) ‘Users' intention to continue using mHealth services: A DEMATEL 
approach during the COVID-19 pandemic’, Technology in society, 68, p.101862. 
Available at: https://doi.org/10.1016/j.techsoc.2022.101862 

Al-Zubayer, M.A., Shanto, H.H., Kumkum, R., Alam, S.T. and Ahammed, B. 
(2023) “Prevalence and socioeconomic determinants of awareness and visitation 
of Community Clinic among ever married women: Evidence from Bangladesh 
Demographic and health survey, 2017–2018,” BMJ Open, 13(2). Available at: 
https://doi.org/10.1136/bmjopen-2022-067823. 

Amanah, D., Hurriyati, R., Disman, D. and Harahap, D.A. (2018) “Service quality 
towards Lazada's customer satisfaction based on importance performance 
analysis methods and customer satisfaction index,” Proceedings of the 4th 
Sriwijaya Economics, Accounting, and Business Conference, pp. 153-160. 
Available at: https://doi.org/10.5220/0008437801520160. 

Amarat, M., Akbolat, M. and Dizlek, K. (2022) “The mediating role of patient 
satisfaction in the effect of corporate reputation on patient loyalty,” International 
Journal of Health Management and Tourism, 7(1), pp.64-75.Available at: 
https://doi.org/10.31201/ijhmt.1076913.  

Amboko, B., Stepniewska, K., Macharia, P.M., Machini, B., Bejon, P., Snow, 
R.W. and Zurovac, D. (2020) “Trends in health workers’ compliance with 
outpatient malaria case-management guidelines across malaria epidemiological 
zones in Kenya, 2010–2016,” Malaria Journal, 19(1), pp.1-14. Available at: 
https://doi.org/10.1186/s12936-020-03479-z. 

Amin, R., Hossain, M.A., Uddin, M.M., Jony, M.T.I. and Kim, M. (2022) “Stimuli 
influencing engagement, satisfaction, and intention to use telemedicine services: 
An integrative model,” Healthcare, 10(7), p. 1327. Available at: 
https://doi.org/10.3390/healthcare10071327. 

Andermann, A. (2016) “Taking action on the social determinants of Health in 
Clinical Practice: A Framework for Health Professionals,” Canadian Medical 
Association Journal, 188(17-18), pp.474-483. Available at: 
https://doi.org/10.1503/cmaj.160177.  

Andreatta, P., Debpuur, D., Danquah, A. and Perosky, J. (2011) “Using cell 
phones to collect postpartum hemorrhage outcome data in rural Ghana,” 
International Journal of Gynecology & Obstetrics, 113(2), pp. 148–151. Available 
at: https://doi.org/10.1016/j.ijgo.2010.11.020. 

Arain, M., Nicholl, J. and Campbell, M. (2013) “Patients’ experience and 
satisfaction with GP led walk-in centres in the UK; a Cross Sectional Study,” 

https://doi.org/10.1016/j.techsoc.2022.101862
https://doi.org/10.31201/ijhmt.1076913
https://doi.org/10.1186/s12936-020-03479-z
https://doi.org/10.1016/j.ijgo.2010.11.020


264 
 

 

BMC Health Services Research, 13(1), pp.1-9. Available at: 
https://doi.org/10.1186/1472-6963-13-142.  

Aranda, J. C.B., Mohutsiwa, D. N. and Loukanova, S. (2014) “Systematic review 
on what works, what does not work and why of implementation of mobile health 
(mhealth) projects in Africa,” BMC Public Health, 14(1), pp.1-15. Available at: 
https://doi.org/10.1186/1471-2458-14-188.  

Arnab, R. (2017) “Multistage sampling,” Survey Sampling Theory and 
Applications, pp. 423–452. Available at: https://doi.org/10.1016/b978-0-12-
811848-1.00013-3.  

Arrogante, O. (2022) “Sampling techniques and sample size calculation: How 
and how many participants should I select for my research?”, Enfermería 
Intensiva (English ed.), 33(1), pp. 44–47. Available at: 
https://doi.org/10.1016/j.enfie.2021.03.004.  

Arslan, P. (2016) “Research strategies for mobile healthcare,” Mobile 
Technologies as a Health Care Tool, pp. 43–55. Available at: 
https://doi.org/10.1007/978-3-319-05918-1_3.  

Arvola, A., Vassallo, M., Dean, M., Lampila, P., Saba, A., Lähteenmäki, L., and 
Shepherd, R. (2008) “ Predicting intentions to purchase organic food: the role of 
affective and moral attitudes in the Theory of Planned Behaviour”, Appetite, 
50(2-3),pp. 443–454.  Available at: https://doi.org/10.1016/j.appet.2007.09.010.  

Asadullah, M.N. and Bhattacharjee, A. (2022) “Digital Divide or digital provide? 
technology, time use and learning loss during COVID-19,” The Journal of 
Development Studies, 58(10), pp.1934-1957.Available at: 
https://doi.org/10.2139/ssrn.4143226.  

Asadzadeh, A. and Kalankesh, L.R. (2021) “A scope of mobile health solutions in 
COVID-19 pandemics,” Informatics in Medicine Unlocked, 23, p. 100558. 
Available at: https://doi.org/10.1016/j.imu.2021.100558.  

Atangana, E. (2022) “With the continuing increase in Sub-Saharan African 
countries, will sustainable development of Goal 1 ever be achieved by 2030?” 
Sustainability, 14(16), p. 10304. Available at: 
https://doi.org/10.3390/su141610304.  

Athanasakis, E. (2016) “Systematic reviews,” Nursing Standard, 30(50), pp. 64–
65. Available at: https://doi.org/10.7748/ns.30.50.64.s45.  

Atinc, G., Simmering, M.J. and Kroll, M.J. (2011) “Control variable use and 
reporting in Macro and Micro Management Research,” Organizational Research 
Methods, 15(1), pp. 57–74. Available at: 
https://doi.org/10.1177/1094428110397773.  

Atulkar, S. and Kesari, B. (2017) “Satisfaction, loyalty and repatronage 
intentions: Role of hedonic shopping values,” Journal of Retailing and Consumer 

https://doi.org/10.1016/b978-0-12-811848-1.00013-3
https://doi.org/10.1016/b978-0-12-811848-1.00013-3
https://doi.org/10.2139/ssrn.4143226
https://doi.org/10.1016/j.imu.2021.100558
https://doi.org/10.3390/su141610304


265 
 

 

Services, 39, pp. 23–34. Available at: 
https://doi.org/10.1016/j.jretconser.2017.06.013.  

Avkiran, N.K. (2018) “Rise of the partial least squares structural equation 
modeling: An application in banking,” Partial Least Squares Structural Equation 
Modeling, pp. 1–29. Available at: https://doi.org/10.1007/978-3-319-71691-6_1.  

Awoonor, W.J.K. (2013) “The Mobile Technology for Community Health 
(MOTECH) initiative:an M-health system pilot in a Rural District of Northern 
Ghana,” Value in Health, 16(3). pp.270-271.Available at: 
https://doi.org/10.1016/j.jval.2013.03.1393.  

Azevedo, M.J. (2017) “The State of Health System(s) in Africa: Challenges and 
opportunities,” Historical Perspectives on the State of Health and Health 
Systems in Africa, 2, pp. 1–73. Available at: https://doi.org/10.1007/978-3-319-
32564-4_1.  

Baabdullah, A.M., Alalwan, A.A., Rana, N.P., Kizgin, H. and Patil, P.(2019) 
“Consumer use of Mobile Banking (M-banking) in Saudi Arabia: Towards an 
integrated model,” International Journal of Information Management, 44, pp. 38–
52. Available at: https://doi.org/10.1016/j.ijinfomgt.2018.09.002.  

Baah, F.O., Teitelman, A.M. and Riegel, B. (2018) “Marginalization: 
Conceptualizing patient vulnerabilities in the framework of Social Determinants of 
health-an Integrative Review,” Nursing Inquiry, 26(1). Available at: 
https://doi.org/10.1111/nin.12268. 

Baccini, L. (2018) “Economic reform and service liberalization in developing 
countries,” Handbook of International Trade Agreements, pp. 101–111. Available 
at: https://doi.org/10.4324/9781351046954-10.  

Backes, C., Moyano, C., Rimaud, C., Bienvenu, C. and Schneider, M.P. (2021) 
“Digital medication adherence support: Could healthcare providers recommend 
Mobile Health Apps?,” Frontiers in Medical Technology, 2, p.616242.Available at: 
https://doi.org/10.3389/fmedt.2020.616242. 

Bader, M., Jobst, L.J. and Moshagen, M. (2022) “Sample size requirements for 
Bifactor models,” Structural Equation Modeling: A Multidisciplinary Journal, 
29(5), pp. 772–783. Available at: 
https://doi.org/10.1080/10705511.2021.2019587. 

Bagenal, J. (2022) “The delivery plan for tackling the COVID-19 backlog of 
elective care falls short,” BMJ, 377.Available at: 
https://doi.org/10.1136/bmj.o995.  

Bagozzi, R.P. (2011) “Measurement and meaning in information systems and 
organizational research: Methodological and Philosophical Foundations,” MIS 
Quarterly, 35(2), pp.261-292.Available at: https://doi.org/10.2307/23044044.  

Bagozzi, R.P. and Lee, N. (2017) “Philosophical Foundations of Neuroscience in 
organizational research: Functional and nonfunctional approaches,” 

https://doi.org/10.1016/j.jval.2013.03.1393
https://doi.org/10.1007/978-3-319-32564-4_1
https://doi.org/10.1007/978-3-319-32564-4_1
https://doi.org/10.4324/9781351046954-10
https://doi.org/10.3389/fmedt.2020.616242
https://doi.org/10.2307/23044044


266 
 

 

Organizational Research Methods, 22(1), pp. 299–331. Available at: 
https://doi.org/10.1177/1094428117697042.  

Bai, G. and Bai, Y. (2020) “Voluntary or forced: Different effects of personal and 
social norms on urban residents’ Environmental Protection Behavior,” 
International Journal of Environmental Research and Public Health, 17(10), p. 
3525. Available at: https://doi.org/10.3390/ijerph17103525.  

Bailey, S., Boddy, K., Briscoe, S. and Morris, C. (2014) “Involving disabled 
children and young people as partners in research: A systematic review,” Child: 
Care, Health and Development, 41(4), pp. 505–514. Available at: 
https://doi.org/10.1111/cch.12197. 

Bain, R., Johnston, R., Mitis, F., Chatterley, C. and Slaymaker, T. (2018) 
“Establishing Sustainable Development goal baselines for household drinking 
water, sanitation and hygiene services,” Water, 10(12), p. 1711. Available at: 
https://doi.org/10.3390/w10121711.  

Baker, W.A. and Harvey, J. (2018) “Benefits and barriers to telehealth 
credentialing by proxy,” Telemedicine and e-Health, 24(11), pp. 922–926. 
Available at: https://doi.org/10.1089/tmj.2017.0129.  

Balarabe , K.S. (2015) “Qualitative and quantitative approaches to the study of 
poverty: Taming the tensions and appreciating the complementarities,” The 
Qualitative Report, 17,p.34. Available at: https://doi.org/10.46743/2160-
3715/2012.1773.  

Baldwin, A.S., Rochefort, C. and Geary, B. (2022) “Understanding health 
behaviour change: Guiding theoretical models,” Understanding Health Behaviour 
Change: Guiding Theoretical Models. Available at: 
https://doi.org/10.4324/9780367198459-reprw69-1.  

Bally, E.L. and Cesuroglu, T. (2020) “Toward integration of mHealth in primary 
care in the Netherlands: A qualitative analysis of stakeholder perspectives,” 
Frontiers in Public Health, 7, p.407. Available at: 
https://doi.org/10.3389/fpubh.2019.00407.  

Bamberg, S., Hunecke, M. and Blöbaum, A. (2007) “Social context, personal 
norms and the use of public transportation: Two field studies,” Journal of 
Environmental Psychology, 27(3), pp. 190–203. Available at: 
https://doi.org/10.1016/j.jenvp.2007.04.001.  

Bandura, A. (1997) “Editorial,” American Journal of Health Promotion, 12(1), pp. 
8–10. Available at: https://doi.org/10.4278/0890-1171-12.1.8.  

Banerjee, A., Chitnis, U. B., Jadhav, S. L., Bhawalkar, J. S., & Chaudhury, S. 
(2009) ‘Hypothesis testing, type I and type II errors’, Industrial psychiatry journal, 
18(2), pp.127–131. Available at: https://doi.org/10.4103/0972-6748.62274. 

https://doi.org/10.1177/1094428117697042
https://doi.org/10.4324/9780367198459-reprw69-1


267 
 

 

Bangladesh Bureau of Statistics (2022) Population and Housing Census 2022 
Preliminary Report. Available at: http://www.bbs.gov.bd/ (Accessed: 13 April 
2021). 

Banglapedia (2023) Dhaka Division. Available at: 
https://en.banglapedia.org/index.php/Dhaka_Division (Accessed: April 4, 2023). 

Banglapedia (2023) Rajshahi Division. Available at: 
https://en.banglapedia.org/index.php/Rajshahi_Division (Accessed: April 4, 
2023). 

Barber, R.M., Fullman, N., Sorensen, R.J., Bollyky, T., McKee, M., Nolte, E., 
Abajobir, A.A., Abate, K.H., Abbafati, C., Abbas, K.M. and Abd-Allah, F. (2017) 
“Healthcare Access and Quality Index based on mortality from causes amenable 
to personal health care in 195 countries and territories, 1990–2015: a novel 
analysis from the Global Burden of Disease Study 2015”, The 
lancet, 390(10091), pp.231-266. 

Barbu, A. and Militaru, G. (2019) “Value co-creation between manufacturing 
companies and customers. the role of Information Technology competency,” 
Procedia Manufacturing, 32, pp. 1069–1076. Available at: 
https://doi.org/10.1016/j.promfg.2019.02.323.  

Barnes, S.J.(2003) “Location-based services: The state of the art,” e-Service 
Journal, 2(3), pp.59-70. Available at: https://doi.org/10.2979/esj.2003.2.3.59.  

Baron, R.M. and Kenny, D.A. (1986) “The moderator–mediator variable 
distinction in social psychological research: Conceptual, strategic, and statistical 
considerations.,” Journal of Personality and Social Psychology, 51(6), pp. 1173–
1182. Available at: https://doi.org/10.1037/0022-3514.51.6.1173.  

Baron, S. and Harris, K. (1995) “Perceived service quality and customer 
satisfaction,” Services Marketing, pp. 158–189. Available at: 
https://doi.org/10.1007/978-1-349-24174-3_7.  

Bashshur, R., Shannon, G., Krupinski, E., and Grigsby, J. (2011) ‘the taxonomy 
of telemedicine. Telemedicine journal and e-health’, The official journal of the 
American Telemedicine Association, 17(6), pp.484–494.  Available at: 
https://doi.org/10.1089/tmj.2011.0103. 

Bassi, A., John, O., Praveen, D., Maulik, P.K., Panda, R. and Jha, V. (2018) 
“Current status and future directions of mhealth interventions for health system 
strengthening in India: Systematic review,” JMIR mHealth and uHealth, 6(10). 
Available at: https://doi.org/10.2196/11440. 

Baxter, C., Carroll, J.A., Keogh, B. and Vandelanotte, C. (2020) “Assessment of 
Mobile Health apps using built-in smartphone sensors for diagnosis and 
treatment: Systematic survey of apps listed in international curated Health App 
Libraries,” JMIR mHealth and uHealth, 8(2). Available at: 
https://doi.org/10.2196/16741. 

https://doi.org/10.1089/tmj.2011.0103
https://doi.org/10.2196/11440


268 
 

 

Beaudry, A. and Pinsonneault, A. (2010) “The other side of acceptance: Studying 
the direct and indirect effects of emotions on information technology use,” MIS 
Quarterly, 34(4), 689-710.Available at: https://doi.org/10.2307/25750701.  

Becker, L. and Jaakkola, E. (2020) “Customer experience: Fundamental 
premises and implications for research,” Journal of the Academy of Marketing 
Science, 48(4), pp. 630–648. Available at: https://doi.org/10.1007/s11747-019-
00718-x.  

Beer, P. and Mulder, R.H. (2020) “The effects of technological developments on 
work and their implications for continuous vocational education and training: A 
systematic review,” Frontiers in Psychology, 11. p.918.Available at: 
https://doi.org/10.3389/fpsyg.2020.00918.  

Beldad, A.D. and Hegner, S.M. (2017) “Expanding the technology acceptance 
model with the inclusion of trust, social influence, and health valuation to 
determine the predictors of German users’ willingness to continue using a fitness 
app: A structural equation modeling approach,” International Journal of Human–
Computer Interaction, 34(9), pp. 882–893. Available at: 
https://doi.org/10.1080/10447318.2017.1403220.  

Benitez, J., Henseler, J., Castillo, A. and Schuberth, F. (2020) “How to perform 
and report an impactful analysis using partial least squares: Guidelines for 
confirmatory and explanatory is research,” Information & Management, 57(2), p. 
103168. Available at: https://doi.org/10.1016/j.im.2019.05.003. 

Bennett, C.C. and Srinivasan, U. (2020) “Chapter 10: Digital Health Transforming 
Health Care in rural and remote Australia,” Technology and Global Public Health, 
pp. 161–178. Available at: https://doi.org/10.1007/978-3-030-46355-7_15.  

Ben-Zeev, D., Schueller, S.M., Begale, M., Duffecy, J., Kane, J.M. and Mohr, 
D.C. (2014) “Strategies for mhealth research: Lessons from 3 mobile intervention 
studies,” Administration and Policy in Mental Health and Mental Health Services 
Research, 42(2), pp. 157–167. Available at: https://doi.org/10.1007/s10488-014-
0556-2. 

Beratarrechea, A., Lee, A.G., Willner, J.M., Jahangir, E., Ciapponi, A. and 
Rubinstein, A.(2014) “The impact of mobile health interventions on chronic 
disease outcomes in developing countries: A systematic review,” Telemedicine 
and e-Health, 20(1), pp. 75–82. Available at: 
https://doi.org/10.1089/tmj.2012.0328.  

Berners, P. and Martin, A. (2022) “Why is customer satisfaction important?” The 
Practical Guide to Achieving Customer Satisfaction in Events and Hotels, pp. 
30–51. Available at: https://doi.org/10.4324/9781003154600-3.  

Bernhardt, C. and King, C. (2022) “Telehealth and food insecurity screenings: 
Challenges and lessons learned,” mHealth, 8, pp. 10–10. Available at: 
https://doi.org/10.21037/mhealth-21-31.  

https://doi.org/10.3389/fpsyg.2020.00918
https://doi.org/10.1016/j.im.2019.05.003


269 
 

 

Bettiga, D., Bianchi, A.M., Lamberti, L. and Noci, G. (2020) “Consumers 
emotional responses to functional and hedonic products: A neuroscience 
research,” Frontiers in Psychology, 11. Available at: 
https://doi.org/10.3389/fpsyg.2020.559779.  

Bevir, M. and Blakely, J. (2018) “Synchronic Empirical Research,” Interpretive 
Social Science, pp. 115–134. Available at: 
https://doi.org/10.1093/oso/9780198832942.003.0006.  

Bhanot, S.P. (2021) “Isolating the effect of injunctive norms on conservation 
behavior: New evidence from a field experiment in California,” Organizational 
Behavior and Human Decision Processes, 163, pp. 30–42. Available at: 
https://doi.org/10.1016/j.obhdp.2018.11.002.  

Bhaskar, S., Bradley, S., Chattu, V.K., Adisesh, A., Nurtazina, A., Kyrykbayeva, 
S., Sakhamuri, S., Moguilner, S., Pandya, S., Schroeder, S. and Banach, M. 
(2020) “Telemedicine as the New Outpatient Clinic Gone Digital: Position paper 
from the Pandemic Health System Resilience Program (REPROGRAM) 
International Consortium (Part 2),” Frontiers in Public Health, 8,p-410. Available 
at: https://doi.org/10.3389/fpubh.2020.00410. 

Bhattacherjee, A. (2001) “Understanding Information Systems Continuance: An 
expectation-confirmation model,” MIS Quarterly, 25(3), pp. 351-370.Available at: 
https://doi.org/10.2307/3250921.  

Bhuiyan, N., Puzia, M., Stecher, C. and Huberty, J., (2020) “Associations 
between rural or urban status, health outcomes and behaviors, and covid-19 
perceptions among meditation app users: Longitudinal Survey Study.” 
9(5).Available at: https://doi.org/10.2196/preprints.26037. 

Bichler, B.F., Pikkemaat, B. and Peters, M. (2020) “Exploring the role of service 
quality, atmosphere and food for revisits in restaurants by using a E-mystery 
guest approach,” Journal of Hospitality and Tourism Insights, 4(3), pp. 351–369. 
Available at: https://doi.org/10.1108/jhti-04-2020-0048.  

Bientzle, M., Cress, U. and Kimmerle, J. (2019) “Development of domain-specific 
epistemological beliefs of physiotherapists: A longitudinal study”, BMC Medical 
Education, 19, pp.1-7. Available at: https://doi.org/10.21203/rs.2.9685/v3.  

Bilgihan, A. (2016) “Gen Y customer loyalty in online shopping: An integrated 
model of trust, user experience and branding,” Computers in Human Behavior, 
61, pp. 103–113. Available at: https://doi.org/10.1016/j.chb.2016.03.014.  

Birkhäuer, G., Kossowsky, H. and Krummenacher, W., Gerger. (2017) “Trust in 
the health care professional and health outcome: A meta-analysis,” PLOS ONE, 
12(2). Available at: https://doi.org/10.1371/journal.pone.0170988. 

Bitner, M.J. (1990) “Evaluating service encounters: The effects of physical 
surroundings and employee responses,” Journal of Marketing, 54(2), p. 69. 
Available at: https://doi.org/10.2307/1251871.  

https://doi.org/10.3389/fpubh.2020.00410


270 
 

 

Blaschke, S., O’Callaghan, C.C. and Schofield, P. (2018) “Nature-based 
supportive care opportunities: A conceptual framework,” BMJ Supportive & 
Palliative Care, 10(1), pp. 36–44. Available at: https://doi.org/10.1136/bmjspcare-
2017-001465. 

Blimpo, M.P. (2019) “Electricity access in Sub-Saharan Africa: Taking stock and 
looking forward,” Electricity Access in Sub-Saharan Africa: Uptake, Reliability, 
and Complementary Factors for Economic Impact, pp. 11–38. Available at: 
https://doi.org/10.1596/978-1-4648-1361-0_ch1.  

Blut, M. (2016) “E-service quality: Development of a hierarchical model,” Journal 
of Retailing, 92(4), pp. 500–517. Available at: 
https://doi.org/10.1016/j.jretai.2016.09.002.  

Blut, M., Beatty, S.E., Evanschitzky, H. and Brock, C. (2014) “The impact of 
service characteristics on the switching costs–customer loyalty link,” Journal of 
Retailing, 90(2), pp. 275–290. Available at: 
https://doi.org/10.1016/j.jretai.2014.04.003. 

Blut, M., Heirati, N. and Schoefer, K. (2019) “The Dark Side of customer 
participation: When customer participation in service co-development leads to 
role stress,” Journal of Service Research, 23(2), pp. 156–173. Available at: 
https://doi.org/10.1177/1094670519894643.  

Bonache, J. and Festing, M. (2020) “Research paradigms in International Human 
Resource Management: An epistemological systematisation of the field,” 
German Journal of Human Resource Management: Zeitschrift für 
Personalforschung, 34(2), pp. 99–123. Available at: 
https://doi.org/10.1177/2397002220909780.  

Boncy, J. (2020) “Developing a national public health laboratories policy and 
strategy,” European Journal of Public Health, 30(5),pp- 165-254. Available at: 
https://doi.org/10.1093/eurpub/ckaa165.254.  

Booker, Q.S., Austin, J.D. and Balasubramanian, B.A. (2021) “Survey strategies 
to increase participant response rates in primary care research studies,” Family 
Practice, 38(5), pp. 699–702. Available at: 
https://doi.org/10.1093/fampra/cmab070.  

Boudon, R. (2003) “Beyond rational choice theory,” Annual Review of Sociology, 
29(1), pp. 1–21. Available at: 
https://doi.org/10.1146/annurev.soc.29.010202.100213.  

Bouvatier, V. and El Ouardi, S. (2023) “Credit gaps as banking crisis predictors: 
A different tune for middle- and low-income countries,” Emerging Markets 
Review, 54, p. 101001. Available at: 
https://doi.org/10.1016/j.ememar.2023.101001.  

Brady, M. K., and Cronin, J., Jr. (2001) “Some new thoughts on conceptualizing 
perceived service quality: A hierarchical approach”, Journal of Marketing, 
65(3),pp. 34–49. Available at: https://doi.org/10.1509/jmkg.65.3.34.18334 

https://doi.org/10.1136/bmjspcare-2017-001465
https://doi.org/10.1136/bmjspcare-2017-001465
https://doi.org/10.1016/j.jretai.2014.04.003


271 
 

 

Braganza, O. (2022) “Proxy economics, a theory and model of proxy-based 
competition and cultural evolution,” Royal Society Open Science, 9(2), p. 
211030. Available at: https://doi.org/10.1098/rsos.211030.  

Brinkel, J., Krämer, A., Krumkamp, R., May, J. and Fobil, J. (2014) “Mobile 
phone-based mHealth Approaches for public health surveillance in Sub-Saharan 
Africa: A systematic review,” International Journal of Environmental Research 
and Public Health, 11(11), pp. 11559–11582. Available at: 
https://doi.org/10.3390/ijerph111111559. 

Broomhead, S. and Mars, M. (2012) “Retrospective return on investment 
analysis of an electronic treatment adherence device piloted in the Northern 
Cape Province,” Telemedicine and e-Health, 18(1), pp. 24–31. Available at: 
https://doi.org/10.1089/tmj.2011.0143.  

Brown, T.J., Ham, S.H. and Hughes, M. (2010) “Picking up litter: An application 
of theory-based communication to influence tourist behaviour in protected 
areas,” Journal of Sustainable Tourism, 18(7), pp. 879–900. Available at: 
https://doi.org/10.1080/09669581003721281.  

Bruno, A., Dell’Aversana, G. and Zunino, A. (2017) “Customer orientation and 
leadership in the Health Service Sector: The role of Workplace Social Support,” 
Frontiers in Psychology, 8. Available at: 
https://doi.org/10.3389/fpsyg.2017.01920.  

Brydges, C.R. (2019) “Effect size guidelines, sample size calculations, and 
statistical power in gerontology,” Innovation in Aging, 3(4). Available at: 
https://doi.org/10.1093/geroni/igz036.  

Buchwald, A., Letner, A., Urbach, N., and Entreß-Fürsteneck, M.V. (2018) 
“Insights into Personal ICT Use: Understanding continuance and Discontinuance 
of Wearable Self-tracking Devices,” European Conference on Information 
Systems. Available at: http://hdl.handle.net/20.500.12127/6455 

Buckle, S. (2015) “Impact of cultural diversity in Inter professional practice and 
patient centred care,” Journal of Anesthesia & Critical Care: Open Access, 3(5). 
Available at: https://doi.org/10.15406/jaccoa.2015.03.00111.  

Burch, J. and Bunt, C. (2020) “What are Health Workers' perceptions and 
experiences of using mHealth technologies to deliver primary healthcare 
services?,” Cochrane Clinical Answers, (3). Available at: 
https://doi.org/10.1002/cca.3094.  

Burke, N.J., Joseph, G., Pasick, R.J. and Barker, J.C. (2009) “Theorizing social 
context: Rethinking behavioral theory,” Health Education & Behavior, 36(5), 
pp.55-70.Available at: https://doi.org/10.1177/1090198109335338.  

Burns, H. (2020) “Deaths of despair – causes and possible cures,” Local 
Authorities and the Social Determinants of Health, pp. 17–32. Available at: 
https://doi.org/10.1332/policypress/9781447356233.003.0002. 

https://doi.org/10.3390/ijerph111111559
https://doi.org/10.1093/geroni/igz036
http://hdl.handle.net/20.500.12127/6455
https://doi.org/10.1177/1090198109335338
https://doi.org/10.1332/policypress/9781447356233.003.0002


272 
 

 

Burns, T.R., Roszkowska, E., Machado Des Johansson, N. and Corte, U. (2018) 
“Paradigm shift in game theory: Sociological re-conceptualization of human 
agency, Social Structure, and agents’ cognitive-normative frameworks and action 
determination modalities,” Social Sciences, 7(3), p. 40. Available at: 
https://doi.org/10.3390/socsci7030040. 

Busetto, L., Wick, W. and Gumbinger, C. (2020) “How to use and assess 
qualitative research methods,” Neurological Research and Practice, 2(1),pp.1-
10. Available at: https://doi.org/10.1186/s42466-020-00059-z.  

Buswell, J., Williams, C. and Sutton, C. (2017) “Measuring service quality and 
satisfaction.,” Service quality in leisure, events, tourism and sport, pp. 250–269. 
Available at: https://doi.org/10.1079/9781780645445.0250.  

Buttle, F. (1996) “Servqual: Review, Critique, research agenda,” European 
Journal of Marketing, 30(1), pp. 8–32. Available at: 
https://doi.org/10.1108/03090569610105762.  

Cajita, M. I., Hodgson, N. A., Lam, K. W., Yoo, S., and Han, H. R. (2018) 
“Facilitators of and barriers to mhealth adoption in older adults with heart failure,” 
CIN: Computers, Informatics, Nursing, 36(8), pp. 376–382. Available at: 
https://doi.org/10.1097/cin.0000000000000442.  

Calgua, E. (2022) “Covid-19: Data Collection and transparency among 
countries,” COVID-19 Pandemic, pp. 163–172. Available at: 
https://doi.org/10.1016/b978-0-323-82860-4.00020-3.  

Campbell, S.M., Roland, M.O. and Buetow, S.A. (2000) “Defining quality of care,” 
Social Science & Medicine, 51(11), pp. 1611–1625. Available at: 
https://doi.org/10.1016/s0277-9536(00)00057-5.  

Campos, A. C. (2018) “How to develop a bibliographic search strategy,” 
Enfermería Intensiva (English ed.), 29(4), pp. 182–186. Available at: 
https://doi.org/10.1016/j.enfie.2018.09.001. 

Cao, L., Chongsuvivatwong, V. and McNeil, E.B. (2022) “The association 
between mhealth app use and healthcare satisfaction among clients at outpatient 
clinics: A cross-sectional study in Inner Mongolia, China,” International Journal of 
Environmental Research and Public Health, 19(11), p. 6916. Available at: 
https://doi.org/10.3390/ijerph19116916.  

Caprara, M., Gerbino, M., Mebane, M.E. and Ramirez-Uclés, I.M. (2022) “Self-
efficacy beliefs in managing positive emotions: Associations with positive affect, 
negative affect, and life satisfaction across gender and ages,” Frontiers in 
Human Neuroscience, 16. Available at: 
https://doi.org/10.3389/fnhum.2022.927648. 

Carlsson, B. (2006) “Internationalization of Innovation Systems: A survey of the 
literature,” Research Policy, 35(1), pp. 56–67. Available at: 
https://doi.org/10.1016/j.respol.2005.08.003.  

https://doi.org/10.3390/socsci7030040
https://doi.org/10.1097/cin.0000000000000442
https://doi.org/10.1016/j.enfie.2018.09.001
https://doi.org/10.3389/fnhum.2022.927648


273 
 

 

Carrión, G.C., Nitzl, C. and Roldán, J.L. (2017) “Mediation analyses in partial 
least squares structural equation modeling: Guidelines and empirical examples,” 
Partial Least Squares Path Modeling, pp. 173–195. Available at: 
https://doi.org/10.1007/978-3-319-64069-3_8.  

Cathy, M. (2022) “Shaping the future of healthcare through blockchain-powered 
technology,” Blockchain in Healthcare Today. Available at: 
https://doi.org/10.30953/tmt.v7.209.  

Cenfetelli, R. (2004) “Inhibitors and enablers as dual factor concepts in 
technology usage,” Journal of the Association for Information Systems, 5(11), pp. 
472–492. Available at: https://doi.org/10.17705/1jais.00059.  

Cenfetelli, R.T. and Schwarz, A. (2011) “Identifying and testing the inhibitors of 
technology usage intentions,” Information Systems Research, 22(4), pp. 808–
823. Available at: https://doi.org/10.1287/isre.1100.0295.  

Cenfetelli, R.T., Benbasat, I. and Al-Natour, S. (2008) “Addressing the what and 
how of online services: Positioning supporting-services functionality and service 
quality for business-to-consumer success,” Information Systems Research, 
19(2), pp. 161–181. Available at: https://doi.org/10.1287/isre.1070.0163.  

Česnavičienė, J., and Gudinski, V. (2014) “Theoretical models for development 
competence of health protection and promotion”, SHS Web of Conferences, 10, 
p.00006. Available at: 10.10.1051/shsconf/20141000006. 

Champin, D., Ramírez-Soto, M.C. and Vargas-Herrera, J. (2021) “Use of 
smartphones for the detection of uterine cervical cancer: A systematic review,” 
Cancers, 13(23), p. 6047. Available at: https://doi.org/10.3390/cancers13236047.  

Chandon, P., Morwitz, V.G. and Reinartz, W.J. (2005) “Do intentions really 
predict behavior? self-generated validity effects in survey research,” Journal of 
Marketing, 69(2), pp. 1–14. Available at: 
https://doi.org/10.1509/jmkg.69.2.1.60755.  

Chandrashekar, P. (2018) “Do mental health mobile apps work: Evidence and 
recommendations for designing high-efficacy mental health mobile apps,” 
mHealth, 4, pp. 6–6. Available at: https://doi.org/10.21037/mhealth.2018.03.02.  

Chang, A.Y., Ghose, S., Littman-Quinn, R., Anolik, R.B., Kyer, A., Mazhani, L., 
Seymour, A.K. and Kovarik, C.L. (2012) “Use of mobile learning by resident 
physicians in Botswana,” Telemedicine and e-Health, 18(1), pp. 11–13. Available 
at: https://doi.org/10.1089/tmj.2011.0050. 

Chang, C.C. and Chin, Y.C. (2011) “Comparing consumer complaint responses 
to online and offline environment,” Internet Research, 21(2), pp. 124–137. 
Available at: https://doi.org/10.1108/10662241111123720.  

Changizi, M. and Kaveh, M.H. (2017) “Effectiveness of the mHealth technology 
in improvement of healthy behaviors in an elderly population—a systematic 

https://doi.org/10.1089/tmj.2011.0050


274 
 

 

review,” mHealth, 3, p.51.Available at: 
https://doi.org/10.21037/mhealth.2017.08.06.  

Chao, C.M. (2019) “Factors determining the behavioral intention to use mobile 
learning: An application and extension of the UTAUT model,” Frontiers in 
Psychology, 10, p. 1652. Available at: https://doi.org/10.3389/fpsyg.2019.01652.  

Chaphalkar, N.B. and Sandbhor, S. (2016) “Sample sufficiency for principle 
component analysis in real property valuation,” 2016 SAI Computing 
Conference, pp.507-512.Available at: https://doi.org/10.1109/sai.2016.7556028.  

Chatterjee, S., Chakraborty, S., Sarker, S., Sarker, S. and Lau, F.Y.(2009) 
“Examining the success factors for mobile work in healthcare: A deductive 
study,” Decision Support Systems, 46(3), pp. 620–633. Available at: 
https://doi.org/10.1016/j.dss.2008.11.003.  

Chatterjee, S., Rana, N.P. and Dwivedi, Y.K. (2021) “Assessing consumers’ co‐
production and future participation on Value Co‐creation and business benefit: 
An F-P-C-B model perspective,” Information Systems Frontiers, 24(3), pp. 945–
964. Available at: https://doi.org/10.1007/s10796-021-10104-0.  

Chavez, L., Ruiz, C., Curras, R. and Hernandez, B. (2020) “The role of travel 
motivations and social media use in Consumer Interactive Behaviour: A uses 
and Gratifications Perspective,” Sustainability, 12(21), p. 8789. Available at: 
https://doi.org/10.3390/su12218789. 

Chavez, S., Long, B., Koyfman, A. and Liang, S.Y. (2021) “Coronavirus disease 
(covid-19): A Primer for Emergency Physicians,” The American Journal of 
Emergency Medicine, 44, pp. 220–229. Available at: 
https://doi.org/10.1016/j.ajem.2020.03.036. 

Cheah, J.H., Amaro, S. and Roldán, J.L. (2023) “Multigroup analysis of more 
than two groups in PLS-SEM: A review, illustration, and recommendations,” 
Journal of Business Research, 156, p. 113539. Available at: 
https://doi.org/10.1016/j.jbusres.2022.113539.  

Cheah, J.H., Ting, H., Ramayah, T., Memon, M.A., Cham, T.H. and Ciavolino, E. 
(2018) “A comparison of five reflective–formative estimation approaches: 
Reconsideration and recommendations for tourism research,” Quality & Quantity, 
53(3), pp. 1421–1458. Available at: https://doi.org/10.1007/s11135-018-0821-7. 

Chen, M. (2018) “How to make money in Telehealth,” Telehealth and Medicine 
Today, 1(3). Available at: https://doi.org/10.30953/tmt.v1.83.  

Chen, S. and Hung, H.F. (2015) “Formative measurement test of supplier 
evaluation indicators and weight models,” Journal of Testing and Evaluation, 
44(3), p. 20140426. Available at: https://doi.org/10.1520/jte20140426.  

Chen, S.L., Chen, J.H. and Lee, Y. (2018) “A comparison of competing models 
for understanding industrial organization’s acceptance of Cloud Services,” 
Sustainability, 10(3), p. 673. Available at: https://doi.org/10.3390/su10030673.  

https://doi.org/10.1007/s11135-018-0821-7


275 
 

 

Chen, Y.F. and Wang, R.Y. (2015) “Are humans rational? exploring factors 
influencing impulse buying intention and continuous impulse buying intention,” 
Journal of Consumer Behaviour, 15(2), pp. 186–197. Available at: 
https://doi.org/10.1002/cb.1563.  

Chen, Z., Qi, H. and Wang, L. (2021) “Study on the types of elderly intelligent 
health management technology and the influencing factors of its adoption,” 
Healthcare, 9(11), p. 1494. Available at: 
https://doi.org/10.3390/healthcare9111494.  

Chevance, G., Baretta, D., Heino, M., Perski, O., Olthof, M., Klasnja, P., Hekler, 
E. and Godino, J. (2020) “Characterizing and predicting person-specific, day-to-
day, fluctuations in walking behavior,” Plos one, 16(5).Available at: 
https://doi.org/10.31236/osf.io/bzj6s. 

Chhabra, N. (2022) “Measurement of consumer's perception of service quality in 
organized retail using SERVQUAL instrument,” Management Dynamics, 13(1), 
pp. 70–82. Available at: https://doi.org/10.57198/2583-4932.1119. 

Chiang, N., Guo, M., Amico, K.R., Atkins, L. and Lester, R.T. (2018) “Interactive 
two-way mhealth interventions for improving medication adherence: An 
evaluation using the Behaviour Change Wheel framework,” JMIR mHealth and 
uHealth, 6(4). Available at: https://doi.org/10.2196/mhealth.9187. 

Chib, A. (2010) “The aceh besar midwives with Mobile Phones Project: Design 
and Evaluation Perspectives using the information and Communication 
Technologies for Healthcare Development Model,” Journal of Computer-
Mediated Communication, 15(3), pp. 500–525. Available at: 
https://doi.org/10.1111/j.1083-6101.2010.01515.x.  

Chiu, N.C., Chi, H., Tai, Y.L., Peng, C.C., Tseng, C.Y., Chen, C.C., Tan, B.F. and 
Lin, C.Y. (2020) “Impact of wearing masks, hand hygiene, and social distancing 
on influenza, enterovirus, and all-cause pneumonia during the coronavirus 
pandemic: Retrospective National Epidemiological Surveillance Study,” Journal 
of Medical Internet Research, 22(8). Available at: https://doi.org/10.2196/21257. 

Chopdar, P. K., Korfiatis, N., Sivakumar, V. J., and Lytras, M. D. (2018) “Mobile 
shopping apps adoption and perceived risks: A cross-country perspective 
utilizing the unified theory of acceptance and use of Technology,” Computers in 
Human Behavior, 86, pp. 109–128. Available at: 
https://doi.org/10.1016/j.chb.2018.04.017. 

Choudhry, F.R., Mani, V., Ming, L.C. and Khan, T.M. (2016) “Beliefs and 
perception about mental health issues: A meta-synthesis,” Neuropsychiatric 
Disease and Treatment, 12, pp. 2807–2818. Available at: 
https://doi.org/10.2147/ndt.s111543. 

Choudhury, A. and Choudhury, M. (2022) “Mobile for mothers mhealth 
intervention to augment maternal health awareness and behavior of pregnant 
women in Tribal Societies: Randomized quasi-controlled study,” JMIR mHealth 
and uHealth, 10(9). Available at: https://doi.org/10.2196/38368.  

https://doi.org/10.57198/2583-4932.1119
https://doi.org/10.2196/mhealth.9187
https://doi.org/10.1016/j.chb.2018.04.017
https://doi.org/10.2147/ndt.s111543


276 
 

 

Chowdhury, A.H., Hanifi, S.M.A., Mia, M.N. and Bhuiya, A. (2017) 
“Socioeconomic inequalities in under-five mortality in rural Bangladesh: Evidence 
from seven national surveys spreading over 20 years,” International Journal for 
Equity in Health, 16(1), pp.1-7. Available at: https://doi.org/10.1186/s12939-017-
0693-9.  

Chowdhury, M., and S. Jahan. (2014) “Applicability of mHealth for healthcare 
management in developing countries: a study in Bangladesh,” International 
Journal of Bio-Science and Bio-Technology, 6 (4), pp. 113–122. Available at: 
https://doi:10.14257/ijbsbt.2014.6.4.11. 

Christiansen, L., Sanmartin Berglund, J., Anderberg, P., Cellek, S., Zhang, J., 
Lemmens, E., Garolera, M., Mayoral-Cleries, F. and Skär, L. (2021) 
“Associations between Mobile Health Technology use and self-rated quality of 
life: A cross-sectional study on older adults with cognitive impairment,” 
Gerontology and Geriatric Medicine, 7, p. 233372142110189. Available at: 
https://doi.org/10.1177/23337214211018924.  

Chukhare, M. and Jadhav, S. (2019) “Awareness of students regarding the effect 
of mobile phone usage on health at an Indian University,” Indian Journal of 
Public Health Research & Development, 10(7), p. 1472. Available at: 
https://doi.org/10.5958/0976-5506.201  

Chun,T.Y., Birks, M. and Francis, K. (2019) “Grounded Theory Research: A 
design framework for novice researchers,” SAGE Open Medicine, 7, p. 
205031211882292. Available at: https://doi.org/10.1177/2050312118822927.  

Cislaghi, B. and Heise, L. (2018) “Using social norms theory for health promotion 
in low-income countries,” Health Promotion International, 34(3), pp. 616–623. 
Available at: https://doi.org/10.1093/heapro/day017.  

Clark, L.A. and Watson, D. (2019) “Constructing validity: New developments in 
creating objective measuring instruments.,” Psychological Assessment, 31(12), 
pp. 1412–1427. Available at: https://doi.org/10.1037/pas0000626.  

Clarkson, J., Dean, J., Ward, J., Komashie, A. and Bashford, T. (2018) “A 
systems approach to healthcare: From thinking to practice,” Future Healthcare 
Journal, 5(3), pp. 151–155. Available at: https://doi.org/10.7861/futurehosp.5-3-
151. 

Cocosila, M. (2012) “Role of user a priori attitude in the acceptance of Mobile 
Health: An Empirical Investigation,” Electronic Markets, 23(1), pp. 15–27. 
Available at: https://doi.org/10.1007/s12525-012-0111-5.  

Cohen, J. (1988) Statistical Power Analysis for the Behavioral Sciences.2nd edn. 
New York: Lawrence Erlbaum Associates. 

Cohen, T. and Durrant, D. (2019) “Public engagement and consultation: Decide, 
announce and defend?,” Transport Matters, pp. 251–278. Available at: 
https://doi.org/10.1332/policypress/9781447329558.003.0011.  



277 
 

 

Coles, E., Anderson, J., Maxwell, M., Harris, F.M., Gray, N.M., Milner, G. and 
MacGillivray, S. (2020) “The influence of contextual factors on Healthcare Quality 
Improvement Initiatives: A realist review,” Systematic Reviews, 9(1), pp.1-22. 
Available at: https://doi.org/10.1186/s13643-020-01344-3. 

Conner, M. and Armitage, C.J. (1998) “Extending the theory of planned behavior: 
A review and avenues for further research,” Journal of Applied Social 
Psychology, 28(15), pp. 1429–1464. Available at: https://doi.org/10.1111/j.1559-
1816.1998.tb01685.x.  

Conner, M. and Norman, P. (2022) “Understanding the intention-behavior gap: 
The role of intention strength,” Frontiers in Psychology, 13,p- 4249. Available at: 
https://doi.org/10.3389/fpsyg.2022.923464.  

Conner, M., Wilding, S., Prestwich, A., Hutter, R., Hurling, R., Harreveld, F.V., 
Abraham, C. and Sheeran, P. (2022) “Goal prioritization and behavior change: 
Evaluation of an intervention for multiple health behaviors.,” Health Psychology, 
41(5), pp. 356–365. Available at: https://doi.org/10.1037/hea0001149. 

Connolly, R., Scott, M. and DeLone, W. (2016) ‘Corporate social media: 
Understanding the impact of service quality & social value on customer 
behavior’, The Journal of Social Media in Society, 5(2), pp.44-74. 

Constantinides, E. and Holleschovsky, N.I. (2016) “Impact of online product 
reviews on purchasing decisions,” In International Conference on Web 
Information Systems and Technologies,2, pp.271-278. Available at: 
https://doi.org/10.5220/0005861002710278.  

Cooper, J., Murphy, E., Webb, R., Hawton, K., Bergen, H., Waters, K. and Kapur, 
N. (2010) “Ethnic differences in self-harm, rates, characteristics and service 
provision: Three-city cohort study,” British Journal of Psychiatry, 197(3), pp. 212–
218. Available at: https://doi.org/10.1192/bjp.bp.109.072637. 

Crayen, C., Geiser, C., Scheithauer, H. and Eid, M. (2011) “Evaluating 
interventions with multimethod data: A structural equation modeling approach,” 
Structural Equation Modeling: A Multidisciplinary Journal, 18(4), pp. 497–524. 
Available at: https://doi.org/10.1080/10705511.2011.607068.  

Crico, C., Renzi, C., Graf, N., Buyx, A., Kondylakis, H., Koumakis, L. and 
Pravettoni, G. (2018) “MHealth and telemedicine apps: In search of a common 
regulation,” Ecancermedicalscience, 12 (853). Available at: 
https://doi.org/10.3332/ecancer.2018.853. 

Crocetta, C., Antonucci, L., Cataldo, R., Galasso, R., Grassia, M.G., Lauro, C.N. 
and Marino, M. (2020) “Higher-order PLS-PM approach for different types of 
constructs,” Social Indicators Research, 154(2), pp. 725–754. Available at: 
https://doi.org/10.1007/s11205-020-02563-w. 

Cropet, C., Abboud, P., Mosnier, E., Epelboin, L., Djossou, F., Schrooten, W., 
Sobesky, M. and Nacher, M. (2021) “Relationship between influenza and dengue 
outbreaks, and subsequent bacterial sepsis in French Guiana: A time series 

https://doi.org/10.1186/s13643-020-01344-3
https://doi.org/10.1192/bjp.bp.109.072637


278 
 

 

analysis,” Journal of Public Health Research, 10(1). Available at: 
https://doi.org/10.4081/jphr.2021.1768. 

Cuervo, J. (2016) “Review: A remarkable journey: The story of evolution by R. 
Paul Thompson,” The American Biology Teacher, 78(6), pp. 526–527. Available 
at: https://doi.org/10.1525/abt.2016.78.6.526b.  

Curdy, N., Kopolow, A., Mercado, S.E. and Schrimmer, K. (2017) “NAHQ leads 
in defining the competencies for the healthcare quality profession,” Journal for 
Healthcare Quality, 39(1), pp. 1–2. Available at: 
https://doi.org/10.1097/jhq.0000000000000079. 

Dabholkar, P.A., Thorpe, D.I. and Rentz, J.O. (1996) “A measure of service 
quality for retail stores: Scale Development and validation,” Journal of the 
Academy of Marketing Science, 24(1), pp. 3–16. Available at: 
https://doi.org/10.1007/bf02893933.  

Dagger, T. S., Sweeney, J. C., and Johnson, L. W. (2007) “A Hierarchical Model 
of Health Service Quality: Scale Development and Investigation of an Integrated 
Model”, Journal of Service Research, 10(2), pp.123–142. Available at: 
https://doi.org/10.1177/1094670507309594. 

Dalaba, M.A., Welaga, P. and Matsubara, C. (2017) “Cost of delivering health 
care services at Primary Health Facilities in Ghana,” BMC Health Services 
Research, 17(1), pp.1-11. Available at: https://doi.org/10.1186/s12913-017-2676-
3.  

Dandis, A.O., Wright, L.T., Wallace,W. D.M., Mukattash, I., Al Haj Eid, M. and 
Cai, H. (2021) “Enhancing consumers’ self-reported loyalty intentions in Islamic 
banks: The relationship between service quality and the mediating role of 
customer satisfaction,” Cogent Business & Management, 8(1). Available at: 
https://doi.org/10.1080/23311975.2021.1892256.  

Darbeda, S. (2017) “Doctor-patient relationship : The impact of mindfulness on 
empathy,” European Psychiatry, 41(1), p.774.Available at: 
https://doi.org/10.26226/morressier.5885d714d462b8028d8919b6.  

Dardari, D. (2017) “Ultra-wideband positioning and tracking,” Mobile Positioning 
and Tracking, pp. 225–260. Available at: 
https://doi.org/10.1002/9781119068846.ch9.  

Dash, S., Shakyawar, S.K., Sharma, M. and Kaushik, S.  (2019) “Big Data in 
Healthcare: Management, analysis and future prospects,” Journal of Big Data, 
6(1).pp.1-25. Available at: https://doi.org/10.1186/s40537-019-0217-0.  

Davis, F.D. (1989) “Perceived usefulness, perceived ease of use, and user 
acceptance of Information Technology,” MIS Quarterly, 13(3), pp.319-340. 
Available at: https://doi.org/10.2307/249008.  

De’, R., Pandey, N. and Pal, A. (2020) “Impact of digital surge during covid-19 
pandemic: A viewpoint on research and Practice,” International Journal of 

https://doi.org/10.1097/jhq.0000000000000079
https://doi.org/10.1007/bf02893933
https://doi.org/10.26226/morressier.5885d714d462b8028d8919b6


279 
 

 

Information Management, 55, p. 102171. Available at: 
https://doi.org/10.1016/j.ijinfomgt.2020.102171.  

Degain, C. and Maurer, A. (2015) “Implications of global value chains for Trade 
Statistics and Trade policy,” Uncovering Value Added in Trade, pp. 9–45. 
Available at: https://doi.org/10.1142/9789814656368_0002.  

Degner, N. R., Wang, J. Y., Golub, J. E., and Karakousis, P. C. (2018) 
“Metformin Use Reverses the Increased Mortality Associated with Diabetes 
Mellitus during Tuberculosis Treatment”, Clinical Infectious Diseases, 66(2), 
pp.198-205. Available at: https://doi.org/10.1093/cid/cix819 

Dehling, T., Gao, F., Schneider, S. and Sunyaev, A. (2015) “Exploring the far 
side of Mobile Health: Information Security and privacy of Mobile Health Apps on 
IOS and Android,” JMIR mHealth and uHealth, 3(1). Available at: 
https://doi.org/10.2196/mhealth.3672.  

Deitelhoff, N. and Wolf, K.D. (2013) “Business and human rights,” The Persistent 
Power of Human Rights, pp. 222–238. Available at: 
https://doi.org/10.1017/cbo9781139237161.017.  

De-Korte, E. M., Wiezer, N., Janssen, J. H., Vink, P., and Kraaij, W. (2018) 
“Evaluating an mHealth App for Health and Well-Being at Work: Mixed-Method 
Qualitative Study”, JMIR mHealth and uHealth, 6(3).Available at: 
https://doi.org/10.2196/mhealth.6335 

Della, V.Y. and Paulino, S.R. (2018) “The sustainability of services: 
Considerations on the materiality of accommodation services from the concept of 
life cycle thinking,” Journal of Cleaner Production, 192, pp. 327–334. Available 
at: https://doi.org/10.1016/j.jclepro.2018.04.166.  

DeLone, W.H. and McLean, E.R. (2003) “The DeLone and McLean model of 
information systems success: a ten-year update”, Journal of management 
information systems, 19(4), pp.9-30.Available at: 
https://doi.org/10.1080/07421222.2003.11045748.  

Demissie, M.G., Phithakkitnukoon, S., Kattan, L. and Farhan, A. (2019) 
“Understanding human mobility patterns in a developing country using mobile 
phone data,” Data Science Journal, 18 (1). Available at: 
https://doi.org/10.5334/dsj-2019-001. 

Deng, Z., Hong, Z., Ren, C., Zhang, W. and Xiang, F. (2018) “What predicts 
patients’ adoption intention toward mHealth services in China: Empirical study,” 
JMIR mHealth and uHealth, 6(8). Available at: 
https://doi.org/10.2196/mhealth.9316.  

Deng, Z., Mo, X. and Liu, S. (2014) “Comparison of the middle-aged and older 
users’ adoption of Mobile Health Services in China,” International Journal of 
Medical Informatics, 83(3), pp. 210–224. Available at: 
https://doi.org/10.1016/j.ijmedinf.2013.12.002.  

https://doi.org/10.2196/mhealth.6335


280 
 

 

Derisi, M., Mohseny, M., Mirzaei, H., Zamani, A. and Jarrahi, A.M. (2020) 
“Evaluation of service quality from the patients’ viewpoint in the oncology setting 
of a University Hospital in Iran,” International Journal of Cancer Management, 
13(7). Available at: https://doi.org/10.5812/ijcm.102519. 

DeSouza, N. (2017) “The metaphysical and epistemological foundations of 
Herder’s philosophical anthropology,” Oxford Scholarship Online. Available at: 
https://doi.org/10.1093/oso/9780198779650.003.0004.  

DGHS (2019). Health Bulletin 2019. Available at: 
https://old.dghs.gov.bd/images/docs/Publicaations/Health%20Bulletin%202019%
20Print%20Version%20(2)-Final.pdf (Accessed: 19 February 2023). 

Diero, L., Rotich, J.K., Bii, J., Mamlin, B.W., Einterz, R.M., Kalamai, I.Z. and 
Tierney, W.M.(2006) “A computer-based medical record system and personal 
digital assistants to assess and follow patients with respiratory tract infections 
visiting a rural Kenyan Health Centre,” BMC Medical Informatics and Decision 
Making, 6(1), pp.1-7.Available at: https://doi.org/10.1186/1472-6947-6-21.  

Directorate General of Health Services (DGHS) (2020) Health Service through 
Mobile Phone. Available at: https://old.dghs.gov.bd/index.php/en/e-health/our-
ehealth-eservices/84-english-root/ehealth-eservice/105-health-service-through-
mobile-phone (Accessed: 16 August 2020) 

Docherty, I. (2018) “New governance challenges in the era of ‘smart’ mobility,” 
Governance of the Smart Mobility Transition, pp. 19–32. Available at: 
https://doi.org/10.1108/978-1-78754-317-120181002.  

Doran, R. and Larsen, S. (2015) “The relative importance of social and personal 
norms in explaining intentions to choose eco‐friendly travel options,” International 
Journal of Tourism Research, 18(2), pp. 159–166. Available at: 
https://doi.org/10.1002/jtr.2042.  

Dorodnykh, E. (2017) “Economic and social benefits of increased food self-
reliance,” Economic and Social Impacts of Food Self-Reliance in the Caribbean, 
pp. 35–55. Available at: https://doi.org/10.1007/978-3-319-50188-8_4.  

Dou, K., Yu, P., Deng, N., Liu, F., Guan, Y., Li, Z., Ji, Y., Du, N., Lu, X. and 
Duan, H., 2017. Patients’ Acceptance of Smartphone Health Technology for 
Chronic Disease Management: A Theoretical Model and Empirical Test. JMIR 
mHealth and uHealth, 5(12), p.177. 

Douglas, H. (2022) “Sampling techniques for qualitative research,” Principles of 
Social Research Methodology, pp. 415–426. Available at: 
https://doi.org/10.1007/978-981-19-5441-2_29.  

Doyle, C., Lennox, L. and Bell, D. (2013) “A systematic review of evidence on the 
links between patient experience and clinical safety and effectiveness,” BMJ 
Open, 3(1). Available at: https://doi.org/10.1136/bmjopen-2012-001570.  



281 
 

 

Duarte, P. and Pinho, J.C. (2019) “A mixed methods UTAUT2-based approach 
to assess mobile health adoption,” Journal of Business Research, 102, pp. 140–
150. Available at: https://doi.org/10.1016/j.jbusres.2019.05.022.  

Dwivedi, Y.K., Shareef, M.A., Simintiras, A.C., Lal, B. and Weerakkody, V.(2016) 
“A generalised adoption model for services: A cross-country Comparison of 
Mobile Health (M-health),” Government Information Quarterly, 33(1), pp. 174–
187. Available at: https://doi.org/10.1016/j.giq.2015.06.003.  

Earth Institute (2010) Barriers and gaps affecting mHealth in low- and middle-
income countries: a policy white paper. Available at: http://www.globalproblems-
globalsolutions-files.org/pdfs/mhealth_barriers_white_paper.pdf (Accessed: 30 
Nov 2022).  

Edem, E.N. (2021) “Coronavirus disease (covid-19) infection and innate immune 
response: Pathway to eradicating the pandemic,” Virology & Immunology 
Journal, 5(1), pp. 1–8. Available at: https://doi.org/10.23880/vij-16000270.  

El-Rashidy, N., El-Sappagh, S., Islam, S.R., M. El-Bakry, H. and Abdelrazek, S. 
(2021) ‘Mobile health in remote patient monitoring for chronic diseases: 
Principles, trends, and challenges’, Diagnostics, 11(4), p.607. Available at: 
https://doi.org/10.3390/diagnostics11040607 

Enam, A., Dreyer, H.C. and De-Boer, L. (2022) “Impact of distance monitoring 
service in managing healthcare demand: A case study through the lens of 
cocreation,” BMC Health Services Research, 22(1). Available at: 
https://doi.org/10.1186/s12913-022-08164-2.  

Erkan, I. and Evans, C. (2016) “The influence of ewom in social media on 
consumers’ purchase intentions: An extended approach to information adoption,” 
Computers in Human Behavior, 61, pp. 47–55. Available at: 
https://doi.org/10.1016/j.chb.2016.03.003.  

Essel, K. (2022) “Social Determinants of Health Part 3: Promoting health equity,” 
Pediatric Collections: Social Determinants of Health (Part 3: Promoting Health 
Equity), 3(1), pp.1-10. Available at: https://doi.org/10.1542/9781610026390-
part03-promoting_health_equity.  

Estrada, M., Schultz, P.W., Silva-Send, N. and Boudrias, M.A. (2017) “The role 
of social influences on pro-environment behaviors in the San Diego region,” 
Journal of Urban Health, 94(2), pp. 170–179. Available at: 
https://doi.org/10.1007/s11524-017-0139-0.  

Eva, N., Robin, M., Sendjaya, S., van Dierendonck, D. and Liden, R.C. (2019) 
“Servant leadership: A systematic review and call for future research,” The 
Leadership Quarterly, 30(1), pp. 111–132. Available at: 
https://doi.org/10.1016/j.leaqua.2018.07.004.  

Evans, J.M., Gilbert, J.E., Bacola, J., Hagens, V., Simanovski, V., Holm, P., 
Harvey, R., Blake, P.G. and Matheson, G. (2021) “What do end-users want to 
know about managing the performance of Healthcare Delivery Systems? co-

https://doi.org/10.1016/j.giq.2015.06.003
https://doi.org/10.3390/diagnostics11040607
https://doi.org/10.1016/j.chb.2016.03.003


282 
 

 

designing a context-specific and practice-relevant research agenda,” Health 
Research Policy and Systems, 19(1). Available at: 
https://doi.org/10.1186/s12961-021-00779-x. 

Evans, T. (2022) “A new framework for developing and evaluating complex 
interventions: Webinar review and reflections on the updated MRC guidance,” 
Health Psychology Update, 31(2), pp. 24–25. Available at: 
https://doi.org/10.53841/bpshpu.2022.31.2.24.  

Eze, E., Gleasure, R. and Heavin, C. (2022) “Worlds apart: A socio-material 
exploration of mHealth in rural areas of developing countries,” Information 
Technology & People, 35(8), pp. 99–141. Available at: https://doi.org/10.1108/itp-
04-2020-0228.  

Fan, X., Jiang, X., Deng, N., Dong, X. and Lin, Y. (2020) “Does role conflict 
influence discontinuous usage intentions? privacy concerns, social media fatigue 
and self-esteem,” Information Technology & People, 34(3), pp. 1152–1174. 
Available at: https://doi.org/10.1108/itp-08-2019-0416. 

Fang, W.T., Ng, E., Wang, C.M. and Hsu, M.L. (2017) “Normative beliefs, 
attitudes, and social norms: People reduce waste as an index of social 
relationships when spending leisure time,” Sustainability, 9(10), p. 1696. 
Available at: https://doi.org/10.3390/su9101696.  

Faries M. D. (2016) “Why We Don't "Just Do It": Understanding the Intention-
Behavior Gap in Lifestyle Medicine”,American journal of lifestyle medicine, 10(5), 
pp.322–329. Available at: https://doi.org/10.1177/1559827616638017 

Farquhar, J.D. and Meidan, A. (2010) “Marketing and financial services: An 
overview,” Marketing Financial Services, pp. 5–28. Available at: 
https://doi.org/10.1007/978-1-349-92401-1_2.  

Fassnacht, M. and Koese, I. (2006) “Quality of electronic services,” Journal of 
Service Research, 9(1), pp. 19–37. Available at: 
https://doi.org/10.1177/1094670506289531.  

Fattah, A.S.Z.A. (2021) “Determining the effect of banking service quality on 
customer loyalty using customer satisfaction as a mediating variable: An applied 
study on the Jordanian Commercial Banking Sector,” International Business 
Research, 14(4), pp.1-58. Available at: https://doi.org/10.5539/ibr.v14n4p58.  

Febrilia, I. and Warokka, A. (2021) “Consumer traits and situational factors: 
Exploring the consumer's online impulse buying in the pandemic time,” Social 
Sciences & Humanities Open, 4(1), p. 100182. Available at: 
https://doi.org/10.1016/j.ssaho.2021.100182.  

Feder, J.L. (2010) “Cell-phone medicine brings care to patients in developing 
nations,” Health Affairs, 29(2), pp. 259–263. Available at: 
https://doi.org/10.1377/hlthaff.2009.1046.  

https://doi.org/10.53841/bpshpu.2022.31.2.24
https://doi.org/10.1177/1559827616638017


283 
 

 

Feldman, C. (2018) “Faculty opinions recommendation of estimates of the 
Global, regional, and national morbidity, mortality, and aetiologies of lower 
respiratory tract infections in 195 countries: A systematic analysis for the global 
burden of disease study 2015.,” Faculty Opinions – Post-Publication Peer 
Review of the Biomedical Literature, 13(1), pp.63-77. Available at: 
https://doi.org/10.3410/f.729280930.793548187.  

Feroz, A., Jabeen, R. and Saleem, S. (2020) “Using mobile phones to improve 
community health workers performance in low-and-middle-income countries,” 
BMC Public Health, 20(1),pp.1-6. Available at: https://doi.org/10.1186/s12889-
020-8173-3.  

Feroz, A., Kadir, M.M. and Saleem, S. (2018) “Health Systems Readiness for 
adopting mhealth interventions for addressing non-communicable diseases in 
low- and middle-income countries: A current debate,” Global Health Action, 
11(1), p. 1496887. Available at: https://doi.org/10.1080/16549716.2018.1496887.  

Fishbein, M., and Ajzen, I. (2009) Predicting and Changing Behavior: The 
Reasoned Action Approach. 1st edn. New York: Psychology Press.   

Fønhus, M.S., Dalsbø, T.K., Johansen, M., Fretheim, A., Skirbekk, H. and 
Flottorp, S.A. (2016) “Patient-mediated interventions to improve professional 
practice,” Cochrane Database of Systematic Reviews, (9).Available at: 
https://doi.org/10.1002/14651858.cd012472.  

Foroudi, P., Gupta, S., Sivarajah, U. and Broderick, A. (2018) “Investigating the 
effects of smart technology on customer dynamics and customer experience,” 
Computers in Human Behavior, 80, pp. 271–282. Available at: 
https://doi.org/10.1016/j.chb.2017.11.014. 

Fotiadis, A., Stylos, N. and Vassiliadis, C.A. (2020) “Travelling to compete: 
Antecedents of individuals’ involvement in small-scale sports events,” Tourism 
Recreation Research, 46(4), pp. 531–547. Available at: 
https://doi.org/10.1080/02508281.2020.1808934.  

Francioni, B., Savelli, E. and Cioppi, M. (2018) “Store satisfaction and store 
loyalty: The moderating role of store atmosphere,” Journal of Retailing and 
Consumer Services, 43, pp. 333–341. Available at: 
https://doi.org/10.1016/j.jretconser.2018.05.005.  

Free, C., Phillips, G., Galli, L., Watson, L., Felix, L., Edwards, P., Patel, V. and 
Haines, A. (2013) “The effectiveness of mobile-health technology-based health 
behaviour change or disease management interventions for health care 
consumers: A systematic review,” PLoS Medicine, 10(1). Available at: 
https://doi.org/10.1371/journal.pmed.1001362.  

Freifeld, C.C., Chunara, R., Mekaru, S.R., Chan, E.H., Kass-Hout, T., Ayala 
Iacucci, A. and Brownstein, J.S.(2010) “Participatory epidemiology: Use of 
mobile phones for community-based Health Reporting,” PLoS Medicine, 7(12). 
Available at: https://doi.org/10.1371/journal.pmed.1000376.  

https://doi.org/10.3410/f.729280930.793548187
https://doi.org/10.1016/j.chb.2017.11.014
https://doi.org/10.1371/journal.pmed.1001362


284 
 

 

French, C. and Stavropoulou, C. (2015) “Specialist nurses’ perceptions of the 
barriers and facilitators to inviting adult NHS patients to participate in Clinical 
Research Studies: A qualitative descriptive study,” Trials, 16(2), pp.1-1.Available 
at: https://doi.org/10.1186/1745-6215-16-s2-p94.  

Frommeyer, B., Wagner, E., Hossiep, C.R. and Schewe, G. (2022) “The utility of 
intention as a proxy for sustainable buying behavior – a necessary condition 
analysis,” Journal of Business Research, 143, pp. 201–213. Available at: 
https://doi.org/10.1016/j.jbusres.2022.01.041. 

Fu, M. and Li, S. (2020) “The effects of immediate and delayed corrective 
feedback on L2 development,” Studies in Second Language Acquisition, 44(1), 
pp. 2–34. Available at: https://doi.org/10.1017/s0272263120000388.  

Funder, D.C. and Ozer, D.J. (2019) “Evaluating effect size in psychological 
research: Sense and nonsense,” Advances in Methods and Practices in 
Psychological Science, 2(2), pp. 156–168. Available at: 
https://doi.org/10.1177/2515245919847202.  

Furner, C.P., Zinko, R. and Zhu, Z. (2016) “Electronic word-of-mouth and 
information overload in an experiential service industry,” Journal of Service 
Theory and Practice, 26(6), pp. 788–810. Available at: 
https://doi.org/10.1108/jstp-01-2015-0022.  

Gagnon, M.P., Ngangue, P., Payne, G. J. and Desmartis, M. (2015) “M-health 
adoption by Healthcare Professionals: A systematic review,” Journal of the 
American Medical Informatics Association, 23(1), pp. 212–220. Available at: 
https://doi.org/10.1093/jamia/ocv052. 

Galle, A., Semaan, A., Huysmans, E., Audet, C., Asefa, A., Delvaux, T., Afolabi, 
B.B., El Ayadi, A.M. and Benova, L. (2020) “A double-edged sword - 
telemedicine for maternal care during COVID-19: Findings from a global mixed 
methods study of healthcare providers,” BMJ global health, 6(2). Available at: 
https://doi.org/10.1101/2020.11.25.20238535. 

Gan, S.K.E. and Poon, J.K. (2016) “The world of biomedical apps: Their uses, 
Limitations, and potential,” Scientific Phone Apps and Mobile Devices, 2(1). 
Available at: https://doi.org/10.1186/s41070-016-0009-2.  

Gangurde, S. (2020) “Application of MADM techniques to develop customer 
oriented product,” Studies in Systems, Decision and Control, pp. 253–281. 
Available at: https://doi.org/10.1007/978-3-030-42188-5_14.  

Gannon, M., Taheri, B., Thompson, J., Rahimi, R. and Okumus, B.  (2022) 
“Investigating the effects of service recovery strategies on consumer forgiveness 
and post-trust in the Food Delivery Sector,” International Journal of Hospitality 
Management, 107, p. 103341. Available at: 
https://doi.org/10.1016/j.ijhm.2022.103341. 

Gao, M. and Huang, L. (2021) “Quality of channel integration and Customer 
Loyalty in Omnichannel Retailing: The mediating role of Customer Engagement 

https://doi.org/10.1101/2020.11.25.20238535
https://doi.org/10.1016/j.ijhm.2022.103341


285 
 

 

and relationship program receptiveness,” Journal of Retailing and Consumer 
Services, 63, p. 102688. Available at: 
https://doi.org/10.1016/j.jretconser.2021.102688.  

Garchitorena, A., Ihantamalala, F.A., Révillion, C., Cordier, L.F., Randriamihaja, 
M., Razafinjato, B., Rafenoarivamalala, F.H., Finnegan, K.E., Andrianirinarison, 
J.C., Rakotonirina, J. and Herbreteau, V. (2020) “Geographic barriers to 
achieving universal health coverage in a rural district of Madagascar,” Health 
Policy and Planning, 36(10), pp.1659-1670. Available at: 
https://doi.org/10.1101/2020.07.15.20155002.  

García, D.B.S. M., Sarmiento, G. J.R. and Antonovica, A. (2022) “Application 
and extension of the UTAUT2 model for determining behavioral intention factors 
in use of the Artificial Intelligence Virtual assistants,” Frontiers in Psychology, 13. 
Available at: https://doi.org/10.3389/fpsyg.2022.993935.  

García, S. E.E. and Acevedo, D.Á. (2022) “Pervainconsa scale to measure the 
consumer behavior of online stores of msmes engaged in the sale of clothing,” 
Sustainability, 14(5), p. 2638. Available at: https://doi.org/10.3390/su14052638.  

Gardner, B. (2014) “A review and analysis of the use of ‘habit’ in understanding, 
predicting and influencing health-related behaviour,” Health Psychology Review, 
9(3), pp. 277–295. Available at: https://doi.org/10.1080/17437199.2013.876238.  

Geerligs, L., Rankin, N.M., Shepherd, H.L. and Butow, P. (2018) “Hospital-based 
interventions: A systematic review of staff-reported barriers and facilitators to 
Implementation Processes,” Implementation Science, 13(1). Available at: 
https://doi.org/10.1186/s13012-018-0726-9. 

Geetha, A. and Sreenath, N. (2017) “Cronbach alpha reliability factor based 
reputation mechanism for mitigating Byzantine attack in Manets,” Wireless 
Personal Communications, 96(3), pp. 4525–4541. Available at: 
https://doi.org/10.1007/s11277-017-4400-3.  

Gera, R. (2011) “A path analysis of perceived service quality, customer 
satisfaction, perceived value, and behavioural intentions in Indian Retail 
Banking,” International Journal of Financial Services Management, 5(1), p. 83. 
Available at: https://doi.org/10.1504/ijfsm.2011.038329.  

Giesbrecht, T., Schwabe, G. and Schenk, B. (2016) “Service encounter thinklets: 
How to empower service agents to put value co-creation into practice,” 
Information Systems Journal, 27(2), pp. 171–196. Available at: 
https://doi.org/10.1111/isj.12099.  

Giovanni, D.P. (2021) “Reflective vs. formative measurement models in Supply 
Chain Management Research,” SSRN Electronic Journal [Preprint]. Available at: 
https://doi.org/10.2139/ssrn.3916995.  

Girma, D., Abita, Z., Wale, A. and Tilahun, S.(2021) “Reliability and validity of 
Ethiopian amharic version of the PEDSQLTM 4.0 generic core scales and 
PedsQLTM 3.0 diabetes module,” Adolescent Health, Medicine and 

https://doi.org/10.1186/s13012-018-0726-9


286 
 

 

Therapeutics, Volume 12, pp. 77–89. Available at: 
https://doi.org/10.2147/ahmt.s312323.  

Girmenia, C. (2019) “Faculty opinions recommendation of Global, regional, and 
national cancer incidence, mortality, years of life lost, years lived with disability, 
and disability-adjusted life-years for 29 cancer groups, 1990 to 2016: A 
systematic analysis for the global burden of disease study,” JAMA 
oncology, 5(12), pp.1749–1768.Available at: 
https://doi.org/10.3410/f.733365235.793562611.  

Girum, T. and Wasie, A. (2017) “Correlates of maternal mortality in developing 
countries: An Ecological Study in 82 countries,” Maternal Health, Neonatology 
and Perinatology, 3(1). Available at: https://doi.org/10.1186/s40748-017-0059-8.  

Glazier, R. and Skurat, H. H. (2020) “Common traits of the best online and face-
to-face classes: Evidence from student surveys.” Available at: 
https://doi.org/10.33774/apsa-2020-n8fwf.  

Global Health Security (GHS) Index (2019) Building Collective Action and 
Accountability. Available at: https://www.ghsindex.org/wp-
content/uploads/2019/10/2019-Global-Health-Security-Index.pdf (Accessed: 02 
February 2023) 

Goldsmith, K.A., Chalder, T., White, P.D., Sharpe, M. and Pickles, A. (2016) 
“Measurement error, time lag, unmeasured confounding: Considerations for 
longitudinal estimation of the effect of a mediator in randomised clinical trials,” 
Statistical Methods in Medical Research, 27(6), pp. 1615–1633. Available at: 
https://doi.org/10.1177/0962280216666111. 

Gómez, Á., Tropp, L.R., Vázquez, A., Voci, A. and Hewstone, M. (2018) 
“Depersonalized extended contact and injunctive norms about cross-group 
friendship impact intergroup orientations,” Journal of Experimental Social 
Psychology, 76, pp. 356–370. Available at: 
https://doi.org/10.1016/j.jesp.2018.02.010. 

Gonçalves, B. D. C., J Maria, A. R., Ricci-Cabello, I., Villanueva, G., Fønhus, M. 
S., Glenton, C., Lewin, S., Henschke, N., Buckley, B. S., Mehl, G. L., Tamrat, T., 
and Shepperd, S. (2020) ‘Mobile technologies to support healthcare provider to 
healthcare provider communication and management of care’, The Cochrane 
database of systematic reviews, 8(8).Available at: 
https://doi.org/10.1002/14651858.CD012927.pub2 

Gopalakrishna, G., Ter Riet, G., Vink, G., Stoop, I., Wicherts, J. M., & Bouter, L. 
M. (2022) “Prevalence of questionable research practices, research misconduct 
and their potential explanatory factors: A survey among academic researchers in 
The Netherlands”, PloS one, 17(2). Available at: 
https://doi.org/10.1371/journal.pone.0263023 

Gopalkrishnan, N. (2018) “Cultural diversity and mental health: Considerations 
for policy and practice,” Frontiers in Public Health, 6. p.179.Available at: 
https://doi.org/10.3389/fpubh.2018.00179.  

https://doi.org/10.1177/0962280216666111
https://doi.org/10.1002/14651858.CD012927.pub2


287 
 

 

Goula, A., Stamouli, M.A., Alexandridou, M., Vorreakou, L., Galanakis, A., 
Theodorou, G., Stauropoulos, E., Kelesi, M. and Kaba, E. (2021) “Public Hospital 
Quality Assessment. Evidence from Greek Health Setting Using SERVQUAL 
Model”, International Journal of Environmental Research and Public Health, 
18(7), p.3418. Available at: https://doi.org/10.3390/ijerph18073418.  

Govindarajan, R., Kaur, H. and Yelam, A. (2019) “Tools and strategies for quality 
improvement and Patient Safety: A Primer for Healthcare Providers,” Improving 
Patient Safety, pp. 263–273. Available at: 
https://doi.org/10.1201/9781498785037-6.  

Grant, R., Gracy, D., Goldsmith, G., Sobelson, M. and Johnson, D. (2014) 
“Transportation barriers to child health care access remain after health reform,” 
JAMA Pediatrics, 168(4), p. 385. Available at: 
https://doi.org/10.1001/jamapediatrics.2013.4653. 

Griffin, J. and Patrick, M.E. (2014) “Nonresponse bias in a longitudinal 
measurement design examining substance use across the transition out of high 
school,” Drug and Alcohol Dependence, 143, pp. 232–238. Available at: 
https://doi.org/10.1016/j.drugalcdep.2014.07.039.  

Grills, S. and Prus, R. (2018) “Knowing, acting and interacting: The Symbolic 
Interactionist Tradition,” Management Motifs, pp. 43–78. Available at: 
https://doi.org/10.1007/978-3-319-93429-7_3.  

Grobler, L., Nagpal, S., Sudarsanam, T.D. and Sinclair, D. (2018) “Mobile-based 
technologies to support healthcare provider to healthcare provider 
communication and management of care,” Cochrane Database of Systematic 
Reviews.8.Available at: https://doi.org/10.1002/14651858.cd012927. 

Gromisch, E.S., Turner, A.P., Haselkorn, J.K., Lo, A.C. and Agresta, T (2020) 
“Mobile Health (mHealth) usage, barriers, and technological considerations in 
persons with multiple sclerosis: A literature review,” JAMIA Open, 4(3). Available 
at: https://doi.org/10.1093/jamiaopen/ooaa067. 

Grönroos, C. (1982) “An applied service marketing theory,” European Journal of 
Marketing, 16(7), pp. 30–41. Available at: 
https://doi.org/10.1108/eum0000000004859.  

Grönroos, C. (1984) “A service quality model and its marketing implications,” 
European Journal of Marketing, 18(4), pp. 36–44. Available at: 
https://doi.org/10.1108/eum0000000004784.  

Grönroos, C. and Gummerus, J. (2014) “The service revolution and its marketing 
implications: Service logic VS service-dominant logic,” Managing Service Quality, 
24(3), pp. 206–229. Available at: https://doi.org/10.1108/msq-03-2014-0042.  

Groot, D. J.I.M., Bondy, K. and Schuitema, G. (2021) “Listen to others or 
yourself? the role of personal norms on the effectiveness of social norm 
interventions to change pro-environmental behavior,” Journal of Environmental 

https://doi.org/10.1007/978-3-319-93429-7_3
https://doi.org/10.1002/14651858.cd012927


288 
 

 

Psychology, 78, p. 101688. Available at: 
https://doi.org/10.1016/j.jenvp.2021.101688.  

Gross, J.J., Uusberg, H. and Uusberg, A. (2019) “Mental illness and well‐being: 
An affect regulation perspective,” World Psychiatry, 18(2), pp. 130–139. 
Available at: https://doi.org/10.1002/wps.20618.  

GSMA (2020) The Mobile Gender Gap Report 2020. Available at: 
https://www.gsma.com/mobilefordevelopment/wp-
content/uploads/2020/05/GSMA-The-Mobile-Gender-Gap-Report-2020.pdf 
(Accessed: 02 June 2021) 

Gu, D., Humbatova, G., Xie, Y., Yang, X., Zolotarev, O. and Zhang, G. (2021) 
“Different roles of telehealth and telemedicine on medical tourism: An empirical 
study from Azerbaijan,” Healthcare, 9(8), p. 1073. Available at: 
https://doi.org/10.3390/healthcare9081073.  

Gu, D., Yang, X., Li, X., Jain, H.K. and Liang, C. (2018) “Understanding the role 
of mobile internet-based health services on patient satisfaction and word-of-
mouth,” International Journal of Environmental Research and Public Health, 
15(9), p. 1972. Available at: https://doi.org/10.3390/ijerph15091972.  

Gu, X. and Itoh, K. (2014) “Factors behind dialysis patient satisfaction: Exploring 
their effects on overall satisfaction,” Therapeutic Apheresis and Dialysis, 19(2), 
pp. 162–170. Available at: https://doi.org/10.1111/1744-9987.12246.  

Guclu, I. (2018) “Understanding information-seeking behavior for conducting 
tasks: An exploratory study,” International Information & Library Review, 50(4), 
pp. 265–275. Available at: https://doi.org/10.1080/10572317.2017.1399776.  

Guenole, N. and Brown, A. (2014) “The consequences of ignoring measurement 
invariance for path coefficients in structural equation models,” Frontiers in 
Psychology, 5. Available at: https://doi.org/10.3389/fpsyg.2014.00980.  

Guetterman, T.C. (2020) “Qualitative, quantitative, and mixed methods research 
sampling strategies,” Oxford University Press. Available at: 
https://doi.org/10.1093/obo/9780199756810-0241.  

Gunter, B. (2019) “Chapter 6 mobile phones and Children’s Social Lives,” 
Children and Mobile Phones: Adoption, Use, Impact, and Control, pp. 59–77. 
Available at: https://doi.org/10.1108/978-1-78973-035-720191009.  

Guo, X., Sun, Y., Wang, N., Peng, Z. and Yan, Z. (2012) “The dark side of 
elderly acceptance of preventive mobile health services in China,” Electronic 
Markets, 23(1), pp. 49–61. Available at: https://doi.org/10.1007/s12525-012-
0112-4.  

Guo, X., Zhang, X. and Sun, Y. (2016) “The privacy–personalization paradox in 
mhealth services acceptance of different age groups,” Electronic Commerce 
Research and Applications, 16, pp. 55–65. Available at: 
https://doi.org/10.1016/j.elerap.2015.11.001.  

https://doi.org/10.1093/obo/9780199756810-0241
https://doi.org/10.1007/s12525-012-0112-4
https://doi.org/10.1007/s12525-012-0112-4


289 
 

 

Gupta, K.K., Attri, J.P., Singh, A., Kaur, H. and Kaur, G. (2016) “Basic concepts 
for sample size calculation: Critical step for any clinical trials,” Saudi Journal of 
Anaesthesia, 10(3), p. 328. Available at: https://doi.org/10.4103/1658-
354x.174918. 

Gupta, N. and Chandan, C.L. (2020) “Influence of demography on satisfaction, 
trust and repurchase intention in online shopping,” Abhigyan, 38(2), pp. 41–49. 
Available at: https://doi.org/10.56401/abhigyan/38.2.2020.41-49.  

Gurupur, V.P. and Wan, T.T. (2017) “Challenges in implementing mhealth 
interventions: A technical perspective,” mHealth, 3, pp. 32–32. Available at: 
https://doi.org/10.21037/mhealth.2017.07.05.  

Gustavson, K., Røysamb, E. and Borren, I. (2019) “Preventing bias from 
selective non-response in population-based survey studies: Findings from a 
Monte Carlo Simulation Study,” BMC Medical Research Methodology, 19(1). 
Available at: https://doi.org/10.1186/s12874-019-0757-1.  

Guyon, H. (2018) “The fallacy of the theoretical meaning of formative constructs,” 
Frontiers in Psychology, 9. p.179.Available at: 
https://doi.org/10.3389/fpsyg.2018.00179.  

Hagger, M.S. (2019) “The reasoned action approach and the theories of 
reasoned action and planned behavior,” Psychology. Available at: 
https://doi.org/10.1093/obo/9780199828340-0240.  

Haig, B.D. (2018) “Exploratory factor analysis,” Method Matters in Psychology: 
Essays in Applied Philosophy of Science, pp.65-88.Available at: 
https://doi.org/10.1093/oso/9780190222055.003.0006.  

Hair, J.F., Risher, J.J., Sarstedt, M. and Ringle, C.M. (2019), "When to use and 
how to report the results of PLS-SEM", European Business Review, 31 (1), pp. 
2-24. Available at: https://doi.org/10.1108/EBR-11-2018-0203. 

Haleem, A., Javaid, M., Singh, R.P. and Suman, R. (2021) “Telemedicine for 
Healthcare: Capabilities, features, barriers, and applications,” Sensors 
International, 2, p. 100117. Available at: 
https://doi.org/10.1016/j.sintl.2021.100117. 

Halim, M.A. (2022) “The impact of e-commerce on consumer purchasing 
behavior for the coronavirus disease (covid-19),” Journal of Sustainable 
Business and Economics, 5(1). Available at: 
https://doi.org/10.30564/jsbe.v5i1.4283.  

Halvadia, N.B., Halvadia, S. and Purohit, R. (2022) “Using text mining to identify 
key dimensions of service quality for the Indian Public Sector Banks' Mobile 
Banking Apps.” Available at: https://doi.org/10.21203/rs.3.rs-1536236/v1.  

Ham, M., Jeger, M. and Frajman, I. A. (2015) “The role of subjective norms in 
forming the intention to purchase Green Food,” Economic Research-Ekonomska 

https://doi.org/10.4103/1658-354x.174918
https://doi.org/10.4103/1658-354x.174918
https://doi.org/10.1108/EBR-11-2018-0203
https://doi.org/10.21203/rs.3.rs-1536236/v1


290 
 

 

Istraživanja, 28(1), pp. 738–748. Available at: 
https://doi.org/10.1080/1331677x.2015.1083875.  

Hamaker, E.L., Mulder, J.D. and van-IJzendoorn, M.H. (2020) “Description, 
prediction and causation: Methodological challenges of studying child and 
adolescent development,” Developmental Cognitive Neuroscience, 46, p. 
100867. Available at: https://doi.org/10.1016/j.dcn.2020.100867.  

Hamid, A.M.R., Sami, W. and Mohmad, S.M.H. (2017) “Discriminant validity 
assessment: Use of Fornell & Larcker criterion versus HTMT criterion,” Journal of 
Physics: Conference Series, 890, p. 012163. Available at: 
https://doi.org/10.1088/1742-6596/890/1/012163.  

Hamine, S., Gerth-Guyette, E., Faulx, D., Green, B.B. and Ginsburg, A.S. (2015) 
“Impact of mhealth chronic disease management on treatment adherence and 
patient outcomes: A systematic review,” Journal of Medical Internet Research, 
17(2). Available at: https://doi.org/10.2196/jmir.3951. 

Han, S.M., Greenfield, G., Majeed, A. and Hayhoe, B. (2020) “Impact of remote 
consultations on antibiotic prescribing in primary health care: Systematic review,” 
Journal of Medical Internet Research, 22(11). Available at: 
https://doi.org/10.2196/23482. 

Handayani, P.W., Hidayanto, A.N., Sandhyaduhita, P.I. and Ayuningtyas, D. 
(2015) “Strategic Hospital Services Quality Analysis in Indonesia,” Expert 
Systems with Applications, 42(6), pp. 3067–3078. Available at: 
https://doi.org/10.1016/j.eswa.2014.11.065.  

Handayani, P.W., Meigasari, D.A., Pinem, A.A., Hidayanto, A.N. and 
Ayuningtyas, D. (2018) “Critical success factors for mobile health implementation 
in Indonesia,” Heliyon, 4(11). Available at: 
https://doi.org/10.1016/j.heliyon.2018.e00981.  

Hanefeld, J., Powell, J. T. and Balabanova, D. (2017) “Understanding and 
measuring quality of care: Dealing with complexity,” Bulletin of the World Health 
Organization, 95(5), pp. 368–374. Available at: 
https://doi.org/10.2471/blt.16.179309.  

Hanson, K. (2022) “Introducing the Lancet Global Health Commission on 
Financing Primary Health Care: Putting people at the centre,” The Lancet Global 
Health, 10(1),pp.20-21. Available at: https://doi.org/10.1016/s2214-
109x(21)00510-6.  

Harper, S.R. and White, C.D. (2013) “The impact of member emotional 
intelligence on psychological safety in work teams,” Journal of Behavioral and 
Applied Management, 15(1), pp.2-10. Available at: 
https://doi.org/10.21818/001c.17933.  

Harris, N. (2012) “Assessment: When does it help and when does it hinder? 
parents' experiences of the assessment process,” Child & Family Social Work, 

https://doi.org/10.1080/1331677x.2015.1083875
https://doi.org/10.1088/1742-6596/890/1/012163
https://doi.org/10.2196/jmir.3951
https://doi.org/10.1016/j.eswa.2014.11.065


291 
 

 

17(2), pp. 180–191. Available at: https://doi.org/10.1111/j.1365-
2206.2012.00836.x.  

Hart, J., Bull, P., Albers, K. and Sevilla, S. (2019) “Multiple‐use applications of 
distributed energy resources to meet customer needs and provide utility and grid 
services,” Natural Gas & Electricity, 36(1), pp. 19–28. Available at: 
https://doi.org/10.1002/gas.22132. 

Hartzler, A. and Wetter, T. (2014) “Engaging patients through mobile phones: 
Demonstrator services, Success Factors, and future opportunities in low and 
middle-income countries,” Yearbook of Medical Informatics, 23(01), pp. 182–194. 
Available at: https://doi.org/10.15265/iy-2014-0022.  

Hassan, H., Kofahi, M. and Mohamad, R. (2021) “Delone and McLean 
Information Systems Success Model: A Literature Review,” International Journal 
of Business Information Systems, 1(1), pp.1-1. Available at: 
https://doi.org/10.1504/ijbis.2021.10043520.  

Hatamvand, A., Khany, R. and Samaie, M. (2020) “Using PLS path modeling for 
assessing a language teacher observation scale,” International Journal of 
Applied Linguistics, 30(3), pp. 367–389. Available at: 
https://doi.org/10.1111/ijal.12288.  

Haveland, S. and Islam, S. (2022) “Key considerations in ensuring a safe 
regional telehealth care model: A systematic review,” Telemedicine and e-
Health, 28(5), pp. 602–612. Available at: https://doi.org/10.1089/tmj.2020.0580.  

Hayes, A.F. and Preacher, K.J. (2010) “Quantifying and testing indirect effects in 
simple mediation models when the constituent paths are nonlinear,” Multivariate 
Behavioral Research, 45(4), pp. 627–660. Available at: 
https://doi.org/10.1080/00273171.2010.498290.  

Hayes, T. (2021) “R-squared change in structural equation models with latent 
variables and missing data,” Behavior Research Methods, 53(5), pp. 2127–2157. 
Available at: https://doi.org/10.3758/s13428-020-01532-y.  

Heinonen, K. and Strandvik, T. (2020) “Customer-dominant service logic,” The 
Routledge Handbook of Service Research Insights and Ideas, pp. 69–89. 
Available at: https://doi.org/10.4324/9781351245234-4.  

Hemsley, B. J. and Alnawas, I. (2016) “Service Quality and Brand Loyalty,” 
International Journal of Contemporary Hospitality Management, 28(12), pp. 
2771–2794. Available at: https://doi.org/10.1108/ijchm-09-2015-0466.  

Henseler, J., Hubona, G. and Ray, P.A. (2017) “Partial least squares path 
modeling: Updated guidelines,” Partial Least Squares Path Modeling, pp. 19–39. 
Available at: https://doi.org/10.1007/978-3-319-64069-3_2.  

Henseler, J., Ringle, C.M. and Sarstedt, M. (2014) “A new criterion for assessing 
discriminant validity in variance-based structural equation modeling,” Journal of 

https://doi.org/10.1002/gas.22132
https://doi.org/10.15265/iy-2014-0022
https://doi.org/10.4324/9781351245234-4


292 
 

 

the Academy of Marketing Science, 43(1), pp. 115–135. Available at: 
https://doi.org/10.1007/s11747-014-0403-8.  

Henseler, J., Ringle, C.M. and Sinkovics, R.R. (2009) “The use of partial least 
squares path modeling in International Marketing,” Advances in International 
Marketing, pp. 277–319. Available at: https://doi.org/10.1108/s1474-
7979(2009)0000020014.  

Hermes, S., Riasanow, T., Clemons, E.K., Böhm, M. and Krcmar, H. (2020) “The 
digital transformation of the healthcare industry: Exploring the rise of emerging 
platform ecosystems and their influence on the role of patients,” Business 
Research, 13(3), pp. 1033–1069. Available at: https://doi.org/10.1007/s40685-
020-00125-x.  

Herrmann, L.K. and Blackstone, S.R. (2020) “Feasibility and outcomes from 
development and testing of a health behavior theory-based Fitness App,” Health 
Technology, 4, pp. 4–4. Available at: https://doi.org/10.21037/ht-20-17.  

Hinojosa, A.S., Gardner, W.L., Walker, H.J., Cogliser, C. and Gullifor, D. (2016) 
“A review of Cognitive Dissonance Theory in Management Research,” Journal of 
Management, 43(1), pp. 170–199. Available at: 
https://doi.org/10.1177/0149206316668236.  

Hirschman, E. C., and Holbrook, M. B. (1982) ‘Hedonic Consumption: Emerging 
Concepts, Methods and Propositions’, Journal of Marketing, 46(3), pp. 92–101. 
Available at: https://doi.org/10.2307/1251707 

Hlaiwah, M. and Lami, F. (2022) “Impact of covid-19 on the Noncommunicable 
Disease Programs provided in the primary health care centers in Al-Rusafa 
Directorate of Health, 2020,” Iproceedings, 8(1), p.36449.Available at: 
https://doi.org/10.2196/preprints.36449.  

Hoffman, S.J., Mansoor, Y., Natt, N., Sritharan, L., Belluz, J., Caulfield, T., 
Freedhoff, Y., Lavis, J.N. and Sharma, A.M. (2017) “Celebrities’ impact on 
health-related knowledge, attitudes, behaviors, and status outcomes: Protocol for 
a systematic review, meta-analysis, and meta-regression analysis,” Systematic 
Reviews, 6(1). pp.1-13. Available at: https://doi.org/10.1186/s13643-016-0395-1. 

Hofmann, E., Hartl, B., Gangl, K., Hartner-Tiefenthaler, M. and Kirchler, E. (2017) 
“Authorities' coercive and legitimate power: The impact on cognitions underlying 
cooperation,” Frontiers in Psychology, 8. Available at: 
https://doi.org/10.3389/fpsyg.2017.00005. 

Holden, R.J. (2012) “Social and personal normative influences on healthcare 
professionals to use information technology: Towards a more robust social 
ergonomics,” Theoretical Issues in Ergonomics Science, 13(5), pp. 546–569. 
Available at: https://doi.org/10.1080/1463922x.2010.549249.  

Holden, R.J. and Karsh, B.T. (2010) “The Technology Acceptance Model: Its 
Past and its future in Health Care,” Journal of Biomedical Informatics, 43(1), pp. 
159–172. Available at: https://doi.org/10.1016/j.jbi.2009.07.002.  

https://doi.org/10.2307/1251707
https://doi.org/10.1186/s13643-016-0395-1


293 
 

 

Homer, P.M. and Kahle, L.R. (1988) “A structural equation test of the value-
attitude-behavior hierarchy.,” Journal of Personality and Social Psychology, 
54(4), pp. 638–646. Available at: https://doi.org/10.1037/0022-3514.54.4.638.  

Hong, L., Yu, H. and Wang, T. (2020) “How to improve value creation by service 
interaction: The role of customer–environment fit and efficacy,” Frontiers in 
Psychology, 11, p.1231. Available at: https://doi.org/10.3389/fpsyg.2020.01231.  

Hoque, M.R. (2016) “An empirical study of mHealth adoption in a developing 
country: The moderating effect of gender concern,” BMC Medical Informatics and 
Decision Making, 16(1). pp.1-10.Available at: https://doi.org/10.1186/s12911-
016-0289-0.  

Hoque, M.R., Rahman, M.S., Nipa, N.J. and Hasan, M.R. (2020) “Mobile Health 
Interventions in developing countries: A systematic review,” Health Informatics 
Journal, 26(4), pp. 2792–2810. Available at: 
https://doi.org/10.1177/1460458220937102.  

Hoque, R. and Sorwar, G. (2017) “Understanding factors influencing the 
adoption of mHealth by the elderly: An extension of the UTAUT model,” 
International Journal of Medical Informatics, 101, pp. 75–84. Available at: 
https://doi.org/10.1016/j.ijmedinf.2017.02.002.  

Hossain, M. A. (2016) “Assessing m-Health success in Bangladesh,” Journal of 
Enterprise Information Management, 29 (5), pp. 774–796. Available at: 
https://doi:10.1108/JEIM-02-2014-0013. 

Hossain, M.J., Hossain, M.S., Bhuiyan, A.A., Rahman, A.F., Mashrelky, S.R. and 
Rahman, A. (2020) “Medical care-seeking behaviours among drowning 
casualties: Results from a National Survey conducted in Bangladesh,” Journal of 
Taibah University Medical Sciences, 15(5), pp. 374–379. Available at: 
https://doi.org/10.1016/j.jtumed.2020.07.008. 

Hossain, R. (2016) “Current status of health sector in Bangladesh,” Bangladesh 
Medical Journal, 44(1), pp. 46–50. Available at: 
https://doi.org/10.3329/bmj.v44i1.26356.  

Hossain, S.M., Rahman, S.M. and Amin, M.R. (2022) “Health workforce: A 
critical challenge in health system of Bangladesh,” Bangladesh Medical 
Research Council Bulletin, 48(1), pp. 1–2. Available at: 
https://doi.org/10.3329/bmrcb.v48i1.60653.  

Hossain, T.M.T., Akter, S., Kattiyapornpong, U. and Dwivedi, Y.K. (2019) 
“Multichannel Integration Quality: A systematic review and Agenda for Future 
Research,” Journal of Retailing and Consumer Services, 49, pp. 154–163. 
Available at: https://doi.org/10.1016/j.jretconser.2019.03.019.  

Howard, S. and Sommers, S.R. (2015) “Exploring the enigmatic link between 
religion and anti-black attitudes,” Social and Personality Psychology Compass, 
9(9), pp. 495–510. Available at: https://doi.org/10.1111/spc3.12195.  

https://doi:10.1108/JEIM-02-2014-0013


294 
 

 

Hsiao, J. L., and Chen, R. F. (2019) ‘Understanding Determinants of Health Care 
Professionals' Perspectives on Mobile Health Continuance and 
Performance’,JMIR medical informatics, 7(1), pp.12350.  Available at: 
https://doi.org/10.2196/12350 

Huang, C.K., Chen, C.D. and Liu, Y.T. (2019) “To stay or not to stay? 
discontinuance intention of Gamification Apps,” Information Technology & 
People, 32(6), pp. 1423–1445. Available at: https://doi.org/10.1108/itp-08-2017-
0271.  

Huang, D., Coghlan, A. and Jin, X. (2020) “Understanding the drivers of airbnb 
discontinuance,” Annals of Tourism Research, 80, p. 102798. Available at: 
https://doi.org/10.1016/j.annals.2019.102798.  

Huang, P.L., Lee, B.C.Y. and Chen, C.C. (2017) “The influence of service quality 
on customer satisfaction and loyalty in B2B Technology Service Industry,” Total 
Quality Management & Business Excellence, 30(13-14), pp. 1449–1465. 
Available at: https://doi.org/10.1080/14783363.2017.1372184.  

Hubona, G. and Belkhamza, Z. (2021) ‘Testing a moderated mediation in PLS-
SEM: A full latent growth approach’, Data Analysis Perspectives Journal, 2(4), 
pp.1-5.Available at:  
https://scriptwarp.com/dapj/2021_DAPJ_2_4/Hubona_Belkhamza_2021_DAPJ_
2_4_ModeratedMediation.pdf 

Huda, M., Uddin, H., Hasan, M., Malo, J.S., Duong, M. and Rahman, M.A. (2021) 
“Examining Bangladesh’s responses to covid-19 in light of Vietnam: Lessons 
learned,” Global Biosecurity, 3. Available at: https://doi.org/10.31646/gbio.123. 

Hudson, D.S. and Hudson, L. (2022) “Providing customer service through the 
Servicescape,” Customer Service for Hospitality and Tourism. Available at: 
https://doi.org/10.23912/9781915097132-5080.  

Hussain, N.M., Ishaq, M.I. and Ullah, A. (2014) “Assessing Social 
Entrepreneurship Initiatives: Journey of past, Present and future,” Advances in 
Social Sciences Research, 1(3), pp. 207–215. Available at: 
https://doi.org/10.14738/assrj.13.232.  

Hwang, C.G., Lee, Y.A. and Diddi, S. (2015) “Generation Y's moral obligation 
and purchase intentions for Organic, fair-trade, and recycled apparel products,” 
International Journal of Fashion Design, Technology and Education, 8(2), pp. 
97–107. Available at: https://doi.org/10.1080/17543266.2014.996917.  

Ibrahim, C. (2022) “Globalization and income inequality in developing countries: 
A GMM approach,” SN Business & Economics, 2(8). Available at: 
https://doi.org/10.1007/s43546-022-00280-9.  

Ieva, M. (2019) “Managing customer experience to foster customer loyalty,” 
Loyalty Management, pp. 125–153. Available at: 
https://doi.org/10.4324/9780429022661-6.  

https://scriptwarp.com/dapj/2021_DAPJ_2_4/Hubona_Belkhamza_2021_DAPJ_2_4_ModeratedMediation.pdf
https://scriptwarp.com/dapj/2021_DAPJ_2_4/Hubona_Belkhamza_2021_DAPJ_2_4_ModeratedMediation.pdf


295 
 

 

Islam, A. (2014) “Health System in Bangladesh: Challenges and opportunities,” 
American Journal of Health Research, 2(6), p. 366. Available at: 
https://doi.org/10.11648/j.ajhr.20140206.18.  

Islam, F., Rahman, A., Halim, A., Eriksson, C., Rahman, F. and Dalal, K. (2015) 
“Perceptions of health care providers and patients on quality of care in maternal 
and neonatal health in fourteen Bangladesh Government Healthcare Facilities: A 
mixed-method study,” BMC Health Services Research, 15(1). Available at: 
https://doi.org/10.1186/s12913-015-0918-9. 

Islam, M.K., Haque, M.R. and Hema, P.S. (2020) “Regional variations of 
contraceptive use in Bangladesh: A disaggregate analysis by place of 
residence,” PLOS ONE, 15(3). Available at: 
https://doi.org/10.1371/journal.pone.0230143.  

Islam, M.N. and Islam, A.K. (2020) “A systematic review of the digital 
interventions for fighting covid-19: The Bangladesh Perspective,” IEEE Access, 
8, pp. 114078–114087. Available at: 
https://doi.org/10.1109/access.2020.3002445.  

Islam, R., Ahmed, S. and Tarique, K.M. (2016) “Prioritisation of service quality 
dimensions for healthcare sector,” International Journal of Medical Engineering 
and Informatics, 8(2), p. 108. Available at: 
https://doi.org/10.1504/ijmei.2016.075751.  

Ismail, N., Kinchin, G. and Edwards, J.A. (2017) “Pilot study, does it really 
matter? learning lessons from conducting a pilot study for a qualitative Phd 
thesis,” International Journal of Social Science Research, 6(1), p. 1. Available at: 
https://doi.org/10.5296/ijssr.v6i1.11720.  

Istepanian, R.S. and Woodward, B. (2016) M-health: Fundamentals and 
Applications. 1st edn. John Wiley & Sons. 

Istepanian, R.S.H., Jovanov, E. and Zhang, Y.T. (2004) “Guest editorial 
introduction to the special section on M-health: Beyond seamless mobility and 
global wireless health-care connectivity,” IEEE Transactions on Information 
Technology in Biomedicine, 8(4), pp. 405–414. Available at: 
https://doi.org/10.1109/titb.2004.840019.  

Ivatury, G., Moore, J. and Bloch, A. (2009) “A doctor in your pocket: Health 
Hotlines in developing countries,” Innovations: Technology, Governance, 
Globalization, 4(1), pp. 119–153. Available at: 
https://doi.org/10.1162/itgg.2009.4.1.119.  

Ivinson, A.J. (2002) “Macroeconomics and health: Investing in health for 
Economic Development,” Nature Medicine, 8(6), pp. 551–552. Available at: 
https://doi.org/10.1038/nm0602-551b.  

Iyamu, T. (2022) “The evaluation of Big Data Analytics Tools for healthcare 
services,” Advancing Big Data Analytics for Healthcare Service Delivery, pp. 
175–187. Available at: https://doi.org/10.4324/9781003251064-12.  

https://doi.org/10.1504/ijmei.2016.075751
https://doi.org/10.1162/itgg.2009.4.1.119


296 
 

 

Jaakkola, E. and Terho, H. (2021) “Service journey quality: Conceptualization, 
measurement and customer outcomes,” Journal of Service Management, 32(6), 
pp. 1–27. Available at: https://doi.org/10.1108/josm-06-2020-0233.  

Jacob, C., Sanchez, V. A. and Ivory, C. (2020) “Understanding clinicians’ 
adoption of Mobile Health Tools: A qualitative review of the most used 
frameworks,” JMIR mHealth and uHealth, 8(7). Available at: 
https://doi.org/10.2196/18072.  

Jahan, N., Barbareschi, G., Jan, C.A., Mutuku, C.M., Rahman, N., Austin, V. and 
Holloway, C. (2020) “Inclusion and independence: The impact of mobile 
technology on the lives of persons with disabilities in Kenya and Bangladesh,” 
2020 IEEE Global Humanitarian Technology Conference (GHTC).pp-1-8. 
Available at: https://doi.org/10.1109/ghtc46280.2020.9342934. 

Jamaludin, H. (2020) “Perceived service quality, customer satisfaction, and 
customer loyalty in Takaful Industry,” European Proceedings of Social and 
Behavioural Sciences.100.Available at: 
https://doi.org/10.15405/epsbs.2020.12.05.83.  

James, J. (2018) “A sequential analysis of the welfare effects of mobile phones 
in Africa,” Institutions, Technology and Development in Africa, pp. 113–126. 
Available at: https://doi.org/10.4324/9781351001922-9.  

Janjua, M.B., Duranay, A.E. and Arslan, H. (2020) “Role of wireless 
communication in healthcare system to cater disaster situations under 6G 
vision,” Frontiers in Communications and Networks, 1. Available at: 
https://doi.org/10.3389/frcmn.2020.610879.  

Javaid, M., Haleem, A., Singh, R.P., Rab, S. and Suman, R. (2021) “Internet of 
behaviours (IOB) and its role in Customer Services,” Sensors International, 2, p. 
100122. Available at: https://doi.org/10.1016/j.sintl.2021.100122. 

Jebraeily, M., Rahimi, B., Fazlollahi, Z.Z. and Afshar, H.L. (2019) “Using 
SERVQUAL model to Assess Hospital Information System Service Quality,” 
Hormozgan Medical Journal, 23(1). Available at: 
https://doi.org/10.5812/hmj.86977. 

Jembai, J.V.J., Lin, Y., Wong, C., Bakhtiar, N.A.M.A., Lazim, S.N.M., Ling, H.S., 
Kuan, P.X. and Chua, P.F. (2022) “Mobile health applications: A cross-sectional 
study of awareness, attitudes, and practices among medical students in 
Malaysia.” Available at: https://doi.org/10.21203/rs.3.rs-1493720/v1. 

Jeong, H.W. and Lee, S., (2022) ‘Nurses' Perceptions of Using Personal Digital 
Assistants in Tertiary Hospitals’,CIN: Computers, Informatics, Nursing, 40(10), 
pp. 734–734. Available at: https://doi.org/10.1097/01.ncn.0000892412.96568.1c. 

Jigjidsuren, A. and Oyun, B. (2022) “Supporting health-care financing reform in 
mongolia: Experiences, lessons learned, and Future Directions.” Available at: 
https://doi.org/10.22617/wps220609-3.  

https://doi.org/10.1109/ghtc46280.2020.9342934


297 
 

 

Joanes, T. (2019) “Personal norms in a globalized world: Norm-activation 
processes and reduced clothing consumption,” Journal of Cleaner Production, 
212, pp. 941–949. Available at: https://doi.org/10.1016/j.jclepro.2018.11.191.  

Joarder, T., Chaudhury, T.Z. and Mannan, I. (2019) “Universal Health Coverage 
in Bangladesh: Activities, challenges, and suggestions,” Advances in Public 
Health, 2019, pp. 1–12. Available at: https://doi.org/10.1155/2019/4954095. 

Johansson, L. (2013) “Shared decision making and patient involvement in 
choosing home therapies,” Journal of Renal Care, 39(S1), pp. 9–15. Available at: 
https://doi.org/10.1111/j.1755-6686.2013.00337.x.  

Jomnonkwao, S. and Ratanavaraha, V. (2016) “Measurement modelling of the 
perceived service quality of a sightseeing bus service: An application of 
hierarchical confirmatory factor analysis,” Transport Policy, 45, pp. 240–252. 
Available at: https://doi.org/10.1016/j.tranpol.2015.04.001.  

Jonas, J.M. (2017) “The service-dominant logic perspective on service 
innovation in Service Systems,” Stakeholder Integration in Service Innovation, 
pp. 25–39. Available at: https://doi.org/10.1007/978-3-658-19463-5_3.  

Jonkisz, A., Karniej, P. and Krasowska, D. (2021) “Servqual method as an ‘old 
new’ tool for improving the quality of Medical Services: A literature review,” 
International Journal of Environmental Research and Public Health, 18(20), p. 
10758. Available at: https://doi.org/10.3390/ijerph182010758.  

Jonkisz, A., Karniej, P. and Krasowska, D. (2022) “The SERVQUAL method as 
an assessment tool of the quality of medical services in selected Asian 
countries,” International Journal of Environmental Research and Public Health, 
19(13), p. 7831. Available at: https://doi.org/10.3390/ijerph19137831.  

Joore, M., Pouwels, X. and Ramaekers, B. (2019) “Assessing costs and value for 
money,” Breast cancer: Global quality care, pp. 289–297. Available at: 
https://doi.org/10.1093/med/9780198839248.003.0027.  

Jöreskog, K.G. (1971) “Simultaneous factor analysis in several populations,” 
Psychometrika, 36(4), pp. 409–426. Available at: 
https://doi.org/10.1007/bf02291366.  

Joshi, Y. and Rahman, Z. (2015) “Factors affecting green purchase behaviour 
and future research directions,” International Strategic Management Review, 3(1-
2), pp. 128–143. Available at: https://doi.org/10.1016/j.ism.2015.04.001.  

Jung, S. and Park, J.H. (2018) “Consistent partial least squares path modeling 
via regularization,” Frontiers in Psychology, 9. P. 174. Available at: 
https://doi.org/10.3389/fpsyg.2018.00174.  

Kabachnik, P. (2012) “Nomads and mobile places: Disentangling place, space 
and Mobility,” Identities, 19(2), pp. 210–228. Available at: 
https://doi.org/10.1080/1070289x.2012.672855.  

https://doi.org/10.1155/2019/4954095


298 
 

 

Kabir, A., Karim, M.N. and Billah, B. (2022) “Health system challenges and 
opportunities in organizing non-communicable diseases services delivery at 
primary healthcare level in Bangladesh: A qualitative study,” Frontiers in Public 
Health, 10. Available at: https://doi.org/10.3389/fpubh.2022.1015245. 

Kabir, A., Karim, M.N. and Billah, B. (2023) “The capacity of primary healthcare 
facilities in Bangladesh to prevent and control non-communicable diseases,” 
BMC Primary Care, 24(1). Available at: https://doi.org/10.1186/s12875-023-
02016-6.  

Kahn, J. G., Yang, J. S., and Kahn, J. S. (2010) ‘'Mobile' health needs and 
opportunities in developing countries”, Health affairs (Project Hope), 29(2), 
pp.252–258. Available at: https://doi.org/10.1377/hlthaff.2009.0965. 

Kaiser, F. G., and Scheuthle, H. (2003) ‘Two challenges to a moral extension of 
the theory of planned behavior: Moral norms and just world beliefs in 
conservationism’, Personality and Individual Differences, 35(5), pp.1033–1048. 
Available at:  https://doi.org/10.1016/S0191-8869(02)00316-1 

Kaiser, F.G. (2006) “A moral extension of the theory of planned behavior: Norms 
and anticipated feelings of regret in conservationism,” Personality and Individual 
Differences, 41(1), pp. 71–81. Available at: 
https://doi.org/10.1016/j.paid.2005.11.028.  

Kaium, M.A., Bao, Y., Alam, M.Z. and Hoque, M.R. (2020) “Understanding 
continuance usage intention of mHealth in a developing country,” International 
Journal of Pharmaceutical and Healthcare Marketing, 14(2), pp. 251–272. 
Available at: https://doi.org/10.1108/ijphm-06-2019- 

Kalankesh, L.R., Nasiry, Z., Fein, R.A. and Damanabi, S. (2020) “Factors 
influencing user satisfaction with information systems: A systematic review,” 
Galen Medical Journal, 9. Available at: https://doi.org/10.31661/gmj.v9i0.1686. 

Kallgren, C. A., Reno, R. R., and Cialdini, R. B. (2000) ‘A Focus Theory of 
Normative Conduct: When Norms Do and Do not Affect Behavior, Personality 
and Social Psychology Bulletin, 26(8), 1002-1012. Available 
at:  https://doi.org/10.1177/01461672002610009. 

Kamble, A.A. and Sarangdhar, P. (2015) “Assessing service quality and 
customer satisfaction in management education using SERVQUAL model,” 
Journal of Commerce and Management Thought, 6(2), p. 369. Available at: 
https://doi.org/10.5958/0976-478x.2015.00023.3.  

Kanavos, P. and Wouters, O.J. (2016) “Health Care after the great recession: 
Financing options for sustainable and high-quality health systems,” Global 
Policy, 8, pp. 5–6. Available at: https://doi.org/10.1111/1758-5899.12389.  

Kang, G.D. (2006) “The hierarchical structure of service quality: Integration of 
technical and functional quality,” Managing Service Quality: An International 
Journal, 16(1), pp. 37–50. Available at: 
https://doi.org/10.1108/09604520610639955.  

https://doi.org/10.3389/fpubh.2022.1015245
https://doi.org/10.1377/hlthaff.2009.0965
https://doi.org/10.1177/01461672002610009


299 
 

 

Kang, H. and Ahn, J.W. (2021) “Model setting and interpretation of results in 
research using structural equation modeling: A checklist with Guiding Questions 
for Reporting,” Asian Nursing Research, 15(3), pp. 157–162. Available at: 
https://doi.org/10.1016/j.anr.2021.06.001.  

Karathanasis, K. and Nikita, K.S. (2017) “Emerging Technologies for Mobile 
Health,” New Directions in Wireless Communications Systems, pp. 469–517. 
Available at: https://doi.org/10.1201/9781315155821-14. 

Kassar, K., Roe, C. and Desimone, M. (2017) “Use of telemedicine for 
management of diabetes in Correctional Facilities,” Telemedicine and e-Health, 
23(1), pp. 55–59. Available at: https://doi.org/10.1089/tmj.2016.0036.  

Katarahweire, M., Bainomugisha, E., Mughal, K.A. and Ngubiri, J. (2021) “Form‐
based security in Mobile Health Data Collection Systems,” Security and Privacy, 
4(3). Available at: https://doi.org/10.1002/spy2.155. 

Kato, T. (2021) “Functional value vs emotional value: A comparative study of the 
values that contribute to a preference for a corporate brand,” International 
Journal of Information Management Data Insights, 1(2), p. 100024. Available at: 
https://doi.org/10.1016/j.jjimei.2021.100024.  

Kaushik, V. and Walsh, C.A. (2019) “Pragmatism as a research paradigm and its 
implications for Social Work Research,” Social Sciences, 8(9), p. 255. Available 
at: https://doi.org/10.3390/socsci8090255.  

Kelfve, S., Kivi, M., Johansson, B. and Lindwall, M. (2020) “Going web or staying 
paper? the use of web-surveys among older people,” BMC medical research 
methodology, 20, pp.1-12. Available at: https://doi.org/10.21203/rs.3.rs-
21136/v3. 

Kessel, K.A., Vogel, M.M., Schmidt-Graf, F. and Combs, S.E. (2016) “Mobile 
apps in Oncology: A survey on health care professionals’ attitude toward 
telemedicine, mHealth, and oncological apps,” Journal of Medical Internet 
Research, 18(11). Available at: https://doi.org/10.2196/jmir.6399. 

Ketchen, D.J. (2013) “A primer on partial least squares structural equation 
modeling,” Long Range Planning, 46(1-2), pp. 184–185. Available at: 
https://doi.org/10.1016/j.lrp.2013.01.002.  

Keynejad, R., Spagnolo, J. and Thornicroft, G. (2021) “Who mental health gap 
action programme (mhgap) intervention guide: Updated systematic review on 
Evidence and impact,” Evidence Based Mental Health, 24(3), pp. 124–130. 
Available at: https://doi.org/10.1136/ebmental-2021-300254.  

Khalequzzaman, M., Chiang, C., Hoque, B.A., Choudhury, S.R., Nizam, S., 
Yatsuya, H., Matsuyama, A., Hirakawa, Y., Islam, S.S., Iso, H. and Aoyama, A. 
(2017) “Population profile and residential environment of an urban poor 
community in Dhaka, Bangladesh,” Environmental Health and Preventive 
Medicine, 22(1). Available at: https://doi.org/10.1186/s12199-017-0610-2. 

https://doi.org/10.1201/9781315155821-14
https://doi.org/10.2196/jmir.6399
https://doi.org/10.1186/s12199-017-0610-2


300 
 

 

Khan, I. and Fatma, M. (2019) “Connecting the dots between CSR and Brand 
Loyalty: The mediating role of brand experience and Brand Trust,” International 
Journal of Business Excellence, 17(4), p. 439. Available at: 
https://doi.org/10.1504/ijbex.2019.099123.  

Khan, N., Naushad, M., Faisal, S. and Fahad, S. (2020) “Analysis of poverty of 
different countries of the world,” SSRN Electronic Journal. Available at: 
https://doi.org/10.2139/ssrn.3701329. 

Kharsany, A.B.M. and Karim, Q.A. (2016) “HIV infection and AIDS in Sub-
Saharan africa: Current status, challenges and opportunities,” The Open AIDS 
Journal, 10(1), pp. 34–48. Available at: 
https://doi.org/10.2174/1874613601610010034.  

Khattab, F. (2018) “Developing a service quality model for private higher 
education institutions in Lebanon,” GATR Journal of Management and Marketing 
Review, 3(1), pp. 24–33. Available at: https://doi.org/10.35609/jmmr.2018.3.1(4).  

Khatun, N., Mondal, M.N.I., Islam, M.R., Hossain, M.K., Parvin, M.N., Hossen, 
M.S., Haque, N., Karim, M.R. and Islam, M.S. (2022) “Factors associated with 
infertility among married women in Rajshahi City, Bangladesh,” Journal of Public 
Health and Development, 20(3), pp. 134–162. Available at: 
https://doi.org/10.55131/jphd/2022/200311. 

Khojasteh, J. (2019) “Review of psychometrics: An introduction,” Structural 
Equation Modeling: A Multidisciplinary Journal, 26(4), pp. 662–663. Available at: 
https://doi.org/10.1080/10705511.2019.1628646.  

Kim, J. (2021) “Platform quality factors influencing content providers’ loyalty,” 
Journal of Retailing and Consumer Services, 60, p. 102510. Available at: 
https://doi.org/10.1016/j.jretconser.2021.102510.  

Kim, K. A. and Byon, K.K. (2021) “Conceptualization of switching costs in fitness 
centers: A higher-order reflective-formative model,” Sport Management Review, 
24(4), pp. 543–566. Available at: 
https://doi.org/10.1080/14413523.2021.1879565.  

Kim, K.H., Kim, K. J., Lee, D.H., and Kim, M.G. (2019) “Identification of critical 
quality dimensions for continuance intention in mhealth services: Case study of 
onecare service,” International Journal of Information Management, 46, pp. 187–
197. Available at: https://doi.org/10.1016/j.ijinfomgt.2018.12.008.  

Kim, S.H. and Seock, Y.K. (2019) “The roles of values and social norm on 
personal norms and pro-environmentally friendly apparel product purchasing 
behavior: The mediating role of personal norms,” Journal of Retailing and 
Consumer Services, 51, pp. 83–90. Available at: 
https://doi.org/10.1016/j.jretconser.2019.05.023.  

Kivunja, C. and Kuyini, A.B. (2017) “Understanding and applying research 
paradigms in educational contexts,” International Journal of Higher Education, 
6(5), p. 26. Available at: https://doi.org/10.5430/ijhe.v6n5p26.  

https://doi.org/10.1080/10705511.2019.1628646


301 
 

 

Klaver, N.S., Van, D.K. J. and Askari, M. (2020) “Relationship between perceived 
risks of using mHealth applications and the intention to use them among older 
adults in the Netherlands: Cross-sectional study,” JMIR mHealth and 
uHealth, 9(8).Available at: https://doi.org/10.2196/preprints.26845. 

Knani, M. (2022) “What motivates tourism and hospitality employees to practice 
presenteeism?” Journal of Hospitality and Tourism Management, 52, pp. 198–
207. Available at: https://doi.org/10.1016/j.jhtm.2022.06.017.  

Knoll, J. and Matthes, J. (2016) “The effectiveness of celebrity endorsements: A 
Meta-analysis,” Journal of the Academy of Marketing Science, 45(1), pp. 55–75. 
Available at: https://doi.org/10.1007/s11747-016-0503-8.  

Ko, C.H. and Chou, C.M. (2020) “Apply the SERVQUAL instrument to measure 
service quality for the adaptation of ICT Technologies: A case study of nursing 
homes in Taiwan,” Healthcare, 8(2), p. 108. Available at: 
https://doi.org/10.3390/healthcare8020108.  

Kock, N. (2014) “Advanced mediating effects tests, multi-group analyses, and 
measurement model assessments in PLS-based Sem,” International Journal of 
e-Collaboration, 10(1), pp. 1–13. Available at: 
https://doi.org/10.4018/ijec.2014010101.  

Kock, N. (2015) “PLS-based SEM algorithms: The good neighbor assumption, 
collinearity, and nonlinearity,” Information Management and Business Review, 
7(2), pp. 113–130. Available at: https://doi.org/10.22610/imbr.v7i2.1146.  

Kock, N. (2019) “Withdrawn: Factor-based structural equation modeling with 
warppls,” Australasian marketing journal, 27(1), pp.57-63. Available at: 
https://doi.org/10.1016/j.ausmj.2018.12.002.  

Kock, N. (2020) ‘Full latent growth and its use in PLS-SEM: Testing moderating 
relationships’,Data Analysis Perspectives Journal, 1(1), pp.1-5. Available at: 
https://scriptwarp.com/dapj/2020_DAPJ_1_1/Kock_2020_DAPJ_1_1_FullLatGro
wth.pdf 

Kock, N. and Gaskins, L. (2016) “Simpson's paradox, moderation and the 
emergence of quadratic relationships in path models: An Information Systems 
Illustration,” International Journal of Applied Nonlinear Science, 2(3), p. 200. 
Available at: https://doi.org/10.1504/ijans.2016.077025.  

Kock, N. and Lynn, G. (2012) “Lateral collinearity and misleading results in 
variance-based SEM: An illustration and recommendations,” Journal of the 
Association for Information Systems, 13(7), pp. 546–580. Available at: 
https://doi.org/10.17705/1jais.00302.  

Kodelja, Z. (2016) “Equality of opportunity and equality of outcome,” Center for 
Educational Policy Studies Journal, 6(2), pp. 9–24. Available at: 
https://doi.org/10.26529/cepsj.85. 

https://doi.org/10.2196/preprints.26845
https://scriptwarp.com/dapj/2020_DAPJ_1_1/Kock_2020_DAPJ_1_1_FullLatGrowth.pdf
https://scriptwarp.com/dapj/2020_DAPJ_1_1/Kock_2020_DAPJ_1_1_FullLatGrowth.pdf
https://doi.org/10.26529/cepsj.85


302 
 

 

Koenig, L.R. and Li, M. (2021) “Achieving gender equality: Understanding gender 
equality and health among vulnerable adolescents in the sustainable 
development goals era,” Sustainable Human Development Across the Life 
Course, pp. 113–134. Available at: 
https://doi.org/10.1332/policypress/9781529204827.003.0006.  

Koghut, M. and AI-Tabbaa, O. (2021) “Exploring consumers’ discontinuance 
intention of remote mobile payments during post-adoption usage: An empirical 
study,” Administrative Sciences, 11(1), p. 18. Available at: 
https://doi.org/10.3390/admsci11010018.  

Kondo, M.C., Bream, K.D., Barg, F.K. and Branas, C.C. (2014) “A random spatial 
sampling method in a rural developing nation,” BMC Public Health, 14(1).pp.1-8. 
Available at: https://doi.org/10.1186/1471-2458-14-338. 

Kordi, G. E. (2017) “Explaining brand switching behavior using pull–push–
mooring theory and the theory of reasoned action,” Journal of Brand 
Management, 25(4), pp. 293–304. Available at: https://doi.org/10.1057/s41262-
017-0080-2.  

Korkmaz, S. (2017) “Study of positivist and post-positivist views based on 
instructional design models and learning approaches,” New Trends and Issues 
Proceedings on Humanities and Social Sciences, 3(3), pp. 137–147. Available 
at: https://doi.org/10.18844/gjhss.v3i3.1546. 

Kovach, M. (2020) “Leader influence: A research review of French & raven’s 
(1959) Power Dynamics,” Journal of Values-Based Leadership, 13(2),p-15. 
Available at: https://doi.org/10.22543/0733.132.1312.  

Kovalchuk, T. (2020) “Validation of the Ukrainian version of the pedsqltm 4.0 
generic core scales in children and adolescents with vasovagal syncope,” 
Pediatria Polska, 95(2), pp. 112–120. Available at: 
https://doi.org/10.5114/polp.2020.97102.  

Krasovska, O. (2021) “Modern features of Marketing Management of services of 
Tourism Business Entities,” Agrosvit, (7-8), p. 72. Available at: 
https://doi.org/10.32702/2306-6792.2021.7-8.72.  

Krettenauer, T. and Lefebvre, J.P. (2021) “Beyond subjective and personal: 
Endorsing pro-environmental norms as moral norms,” Journal of Environmental 
Psychology, 76, p. 101644. Available at: 
https://doi.org/10.1016/j.jenvp.2021.101644.  

Krieger, N. (2019) “A critical research agenda for social justice and public 
health,” Social Injustice and Public Health, pp. 531–552. Available at: 
https://doi.org/10.1093/oso/9780190914653.003.0026.  

Krist, A. H., Tong, S. T., Aycock, R. A., and Longo, D. R. (2017) “Engaging 
patients in decision-making and behavior change to promote prevention,” 
Information Services & Use, 37(2), pp. 105–122. Available at: 
https://doi.org/10.3233/isu-170826. 

https://doi.org/10.1186/1471-2458-14-338
https://doi.org/10.18844/gjhss.v3i3.1546
https://doi.org/10.32702/2306-6792.2021.7-8.72


303 
 

 

Kruahong, N. and Lachman, J.M. (2021) “What can good leadership do to 
support the Digital Revolution in health?”, Health Policy and Technology, 10(4), 
p. 100579. Available at: https://doi.org/10.1016/j.hlpt.2021.100579.  

Kuffo, L., Vaca, C., Izquierdo, E. and Bustamante, J.C. (2018) “Know your 
customer: Detection of customer experience (CX) in social platforms using text 
categorization,” 2018 IEEE International Conference on Big Data (Big Data), pp. 
4086-4094. Available at: https://doi.org/10.1109/bigdata.2018.8622556. 

Kühn, S. and Nieman, A. (2017) “CAN security vetting be extended to include the 
detection of financial misconduct?,” African Security Review, 26(4), pp. 413–433. 
Available at: https://doi.org/10.1080/10246029.2017.1294096.  

Kuijpers, L.M.F., Gryseels, C., Uk, S., Chung, P., Bory, S., Sreng, B., Parry, A., 
Jacobs, J. and Grietens, K.P. (2018) “Enteric fever in Cambodia: Community 
perceptions and practices concerning disease transmission and treatment,” The 
American Journal of Tropical Medicine and Hygiene, 99(6), pp. 1369–1377. 
Available at: https://doi.org/10.4269/ajtmh.18-0432. 

Kumar, S. (2013) “Faculty opinions recommendation of do self- reported 
intentions predict clinicians' behaviour: A systematic review.,” Faculty Opinions – 
Post-Publication Peer Review of the Biomedical Literature, 1(1). pp.1-10. 
Available at: https://doi.org/10.3410/f.718175414.793486816.  

Kutor, S.K., Raileanu, A. and Simandan, D. (2022) “Thinking geographically 
about how people become wiser: An analysis of the spatial dislocations and 
intercultural encounters of international migrants,” Social Sciences & Humanities 
Open, 6(1), p. 100288. Available at: https://doi.org/10.1016/j.ssaho.2022.100288.  

Kwahk, K.Y., Ahn, H. and Ryu, Y.U. (2018) “Understanding mandatory is use 
behavior: How outcome expectations affect Conative is use,” International 
Journal of Information Management, 38(1), pp. 64–76. Available at: 
https://doi.org/10.1016/j.ijinfomgt.2017.07.001.  

Kwame, A. and Petrucka, P.M. (2021) “A literature-based study of patient-
centered care and communication in nurse-patient interactions: Barriers, 
facilitators, and the way forward,” BMC Nursing, 20(1). Available at: 
https://doi.org/10.1186/s12912-021-00684-2.  

Kwasnicka, D., Dombrowski, S.U., White, M. and Sniehotta, F. (2016) 
“Theoretical explanations for maintenance of behaviour change: A systematic 
review of behaviour theories,” Health Psychology Review, 10(3), pp. 277–296. 
Available at: https://doi.org/10.1080/17437199.2016.1151372. 

Labrique, A.B., Vasudevan, L., Kochi, E., Fabricant, R. and Mehl, G. (2013) 
“MHealth innovations as health system strengthening tools: 12 common 
applications and a visual framework,” Global Health: Science and Practice, 1(2), 
pp. 160–171. Available at: https://doi.org/10.9745/ghsp-d-13-00031.  

https://doi.org/10.1016/j.hlpt.2021.100579
https://doi.org/10.1109/bigdata.2018.8622556
https://doi.org/10.1016/j.ijinfomgt.2017.07.001
https://doi.org/10.1080/17437199.2016.1151372


304 
 

 

Lafrenière, D. (2019) “What is customer experience?,” Delivering Fantastic 
Customer Experience, pp. 1–4. Available at: 
https://doi.org/10.4324/9780429328091-1.  

Lai, J., and Widmar, N. O. (2021) “Revisiting the Digital Divide in the COVID-19 
Era”, Applied economic perspectives and policy, 43(1), pp.458–464. Available 
at:https://doi.org/10.1002/aepp.13104 

Lakens, D. (2013) “Calculating and reporting effect sizes to facilitate cumulative 
science: A practical primer for T-tests and ANOVAS,” Frontiers in Psychology, 4. 
Available at: https://doi.org/10.3389/fpsyg.2013.00863.  

Latif, S., Rana, R., Qadir, J., Ali, A., Imran, M.A. and Younis, M.S. (2017) “Mobile 
Health in the developing world: Review of literature and lessons from a case 
study,” IEEE Access, 5, pp. 11540–11556. Available at: 
https://doi.org/10.1109/access.2017.2710800. 

Lau, M.M., Cheung, R., Lam, A.Y. and Chu, Y.T. (2013) “Measuring service 
quality in the banking industry: A Hong Kong based study,” Contemporary 
Management Research, 9(3), pp. 263–282. Available at: 
https://doi.org/10.7903/cmr.11060.  

Lauters, R. and Odom, M. (2018) “What methods are effective to reduce 
operative interventions and maternal morbidity in women during the second 
stage of Labor?,” Evidence-Based Practice, 21(1),pp-11-12. Available at: 
https://doi.org/10.1097/01.ebp.0000541949.20281.a0.  

Lavidge, R.J. and Steiner, G.A. (1961) “A model for predictive measurements of 
advertising effectiveness,” Journal of Marketing, 25(6), p. 59. Available at: 
https://doi.org/10.2307/1248516.  

Lee, D.H. (2018) “Strategies for technology-driven service encounters for patient 
experience satisfaction in Hospitals,” Technological Forecasting and Social 
Change, 137, pp. 118–127. Available at: 
https://doi.org/10.1016/j.techfore.2018.06.050.  

Lee, S.M. and Lee, D.H. (2020) “Healthcare wearable devices: An analysis of 
key factors for continuous use intention,” Service Business, 14(4), pp. 503–531. 
Available at: https://doi.org/10.1007/s11628-020-00428-3.  

Lee, V. and Landers, R.N. (2022) “Sampling strategies for quantitative and 
Qualitative Business Research,” Oxford Research Encyclopedia of Business and 
Management. Available at: 
https://doi.org/10.1093/acrefore/9780190224851.013.216.  

Lee, Y.H., Lee, S.H. and Chung, J.Y. (2019) “Research on how emotional 
expressions of emotional labor workers and perception of customer feedbacks 
affect turnover intentions: Emphasis on moderating effects of emotional 
intelligence,” Frontiers in Psychology, 9. Available at: 
https://doi.org/10.3389/fpsyg.2018.02526.  

https://doi.org/10.1109/access.2017.2710800


305 
 

 

Lee, Y.J., Arida, J.A. and Donovan, H.S. (2017) “The application of 
crowdsourcing approaches to cancer research: A systematic review,” Cancer 
Medicine, 6(11), pp. 2595–2605. Available at: https://doi.org/10.1002/cam4.1165.  

Legros, S. and Cislaghi, B. (2019) “Mapping the social-norms literature: An 
overview of reviews,” Perspectives on Psychological Science, 15(1), pp. 62–80. 
Available at: https://doi.org/10.1177/1745691619866455.  

Leong, Q.Y., Sridhar, S., Blasiak, A., Tadeo, X., Yeo, G., Remus, A. and Ho, D. 
(2021) “Characteristics of mobile health platforms for depression and anxiety: 
Content analysis through a systematic review of the literature and systematic 
search of two app stores”, Journal of medical Internet research, 24(2). Available 
at: https://doi.org/10.2196/preprints.27388.  

Levesque, J.F., Harris, M.F. and Russell, G. (2013) “Patient-centred access to 
health care: Conceptualising access at the interface of Health Systems and 
populations,” International Journal for Equity in Health, 12(1), p. 18. Available at: 
https://doi.org/10.1186/1475-9276-12-18.  

Levy, A.R. and Sobolev, B.G. (2019) “Challenges of measuring the performance 
of Health Systems,” Health Services Evaluation, pp. 391–402. Available at: 
https://doi.org/10.1007/978-1-4939-8715-3_19. 

Li, Y. and Shang, H. (2020) “Service quality, perceived value, and citizens’ 
continuous-use intention regarding e-government: Empirical evidence from 
China,” Information & Management, 57(3), p. 103197. Available at: 
https://doi.org/10.1016/j.im.2019.103197.  

Liang, C.C. and Shiau, W.L. (2018) “Moderating effect of privacy concerns and 
subjective norms between satisfaction and repurchase of airline e-ticket through 
airline-ticket vendors,” Asia Pacific Journal of Tourism Research, 23(12), pp. 
1142–1159. Available at: https://doi.org/10.1080/10941665.2018.1528290.  

Liao, C.H. (2022) “Applying the DEMATEL method to evaluate social media 
criteria in promoting sustainable health behavior—a case study of Vegetarian 
Diet Promotion by a non-profit organization,” Sustainability, 14(24), p. 16973. 
Available at: https://doi.org/10.3390/su142416973. 

Liao, S.H., Hu, D.C. and Chou, H.L. (2022) “Consumer perceived service quality 
and purchase intention: Two moderated mediation models investigation,” SAGE 
Open, 12(4), p. 215824402211394. Available at: 
https://doi.org/10.1177/21582440221139469.  

Liboreiro, C. (2013) “Quality Management: Important aspects for the food 
industry,” Food Industry, 9, pp-191-192.Available at: 
https://doi.org/10.5772/53162.  

Lim, C. and Kim, K.J. (2018) “Experience Design Board: A tool for visualizing 
and designing experience-centric service delivery processes,” Journal of 
Retailing and Consumer Services, 45, pp. 142–151. Available at: 
https://doi.org/10.1016/j.jretconser.2018.07.021.  

https://doi.org/10.1007/978-1-4939-8715-3_19
https://doi.org/10.1016/j.im.2019.103197
https://doi.org/10.1177/21582440221139469
https://doi.org/10.5772/53162


306 
 

 

Lin, X., Xu, Y., Pan, X., Xu, J., Ding, Y., Sun, X., Song, X., Ren, Y. and Shan, 
P.F. (2020) “Global, regional, and national burden and trend of diabetes in 195 
countries and territories: An analysis from 1990 to 2025,” Scientific Reports, 
10(1). Available at: https://doi.org/10.1038/s41598-020-71908-9. 

Liu, J., Wu, J.S. and Che, T. (2019) ‘Understanding perceived environment 
quality in affecting tourists’ environmentally responsible behaviours: A broken 
windows theory perspective’, Tourism Management Perspectives, 31, pp. 236–
244. Available at: https://doi.org/10.1016/j.tmp.2019.05.007.  

Liu, S., Tu, D. and Cai, Y. (2020) “Development and validation of an item bank 
for drug dependence measurement using computer adaptive testing,” Substance 
Use & Misuse, 55(14), pp. 2291–2304. Available at: 
https://doi.org/10.1080/10826084.2020.1801743.  

Liu, Y., Lu, X., Zhao, G., Li, C. and Shi, J. (2022) “Adoption of mobile health 
services using the unified theory of acceptance and use of technology model: 
Self-efficacy and privacy concerns,” Frontiers in Psychology, 13. Available at: 
https://doi.org/10.3389/fpsyg.2022.944976. 

Lohr, S.L. (2019) “Categorical Data Analysis in complex surveys,” Sampling, pp. 
401–428. Available at: https://doi.org/10.1201/9780429296284-10.  

Loomba, S., de Figueiredo, A., Piatek, S.J., de Graaf, K. and Larson, H.J. (2021) 
“Measuring the impact of COVID-19 vaccine misinformation on vaccination intent 
in the UK and USA,” Nature Human Behaviour, 5(3), pp. 337–348. Available at: 
https://doi.org/10.1038/s41562-021-01056-1. 

Lopes, M.A., Almeida, Á.S. and Almada, L. B. (2015) “Handling Healthcare 
Workforce Planning with care: Where do we stand?,” Human Resources for 
Health, 13(1).pp.1-19. Available at: https://doi.org/10.1186/s12960-015-0028-0. 

Lorin. P.P.E. (2019) “The impact of marketing strategies in Healthcare Systems,” 
Journal of Medicine and Life, 12(2), pp. 93–96. Available at: 
https://doi.org/10.25122/jml-2019-1003.  

Lotfi, F., Fatehi, K. and Badie, N. (2020) “An analysis of key factors to Mobile 
Health Adoption using Fuzzy AHP,” International Journal of Information 
Technology and Computer Science, 12(2), pp. 1–17. Available at: 
https://doi.org/10.5815/ijitcs.2020.02.01.  

Lu, Y., Zhang, L. and Wang, B. (2009) “A multidimensional and hierarchical 
model of mobile service quality,” Electronic Commerce Research and 
Applications, 8(5), pp. 228–240. Available at: 
https://doi.org/10.1016/j.elerap.2009.04.002.  

Lupton, D. (2017) “Digital Health now AND IN THE FUTURE: Findings from a 
Participatory Design Stakeholder Workshop,” DIGITAL HEALTH, 3, p. 
205520761774001. Available at: https://doi.org/10.1177/2055207617740018.  

https://doi.org/10.1038/s41598-020-71908-9
https://doi.org/10.3389/fpsyg.2022.944976
https://doi.org/10.1038/s41562-021-01056-1
https://doi.org/10.1186/s12960-015-0028-0
https://doi.org/10.25122/jml-2019-1003


307 
 

 

Mackert, M., Ball, J. and Lopez, N. (2011) “Health Literacy Awareness Training 
for healthcare workers: Improving knowledge and intentions to use clear 
communication techniques,” Patient Education and Counseling, 85(3). Available 
at: https://doi.org/10.1016/j.pec.2011.02.022.  

Macrotrends (2023) Dhaka, Bangladesh Metro Area Population 1950-2023. 
Available at: https://www.macrotrends.net/cities/20119/dhaka/population 
(Accessed 27 January 2023). 

Madan, M. and Jain, E. (2015) “Impact of service quality dimensions on 
customer satisfaction with reference to E – banking service,” Effulgence-A 
Management Journal, 13(2), p. 28. Available at: 
https://doi.org/10.33601/effulgence.rdias/v13/i2/2015/28-39.  

Madanian, S., Parry, D.T., Airehrour, D. and Cherrington, M. (2019) “MHealth 
and big-data integration: Promises for healthcare system in India,” BMJ Health & 
Care Informatics, 26(1). Available at: https://doi.org/10.1136/bmjhci-2019-
100071. 

Mahanta, K., Mohanty, D.M. and Prof P., G. (2018) “Perception of service quality 
in Tertiary Care Center Hospital in western odisha - through SERVQUAL model,” 
International Academic Journal of Business Management, 05(02), pp. 99–108. 
Available at: https://doi.org/10.9756/iajbm/v5i2/1810024.  

Mahmood, A., Kedia, S., Wyant, D.K., Ahn, S. and Bhuyan, S.S. (2019) “Use of 
mobile health applications for health-promoting behavior among individuals with 
chronic medical conditions,” DIGITAL HEALTH, 5, p. 205520761988218. 
Available at: https://doi.org/10.1177/2055207619882181.  

Mahmoud, H.I., Elkashif, M.E. and Elamin, O.M. (2018) “Effect of plant spacing 
and number of suckers on yield components and fruit quality of main crop and 
first four ratoons of banana clones in Central Sudan,” Acta Horticulturae, (1216), 
pp. 27–36. Available at: https://doi.org/10.17660/actahortic.2018.1216.4.  

Maidamwar, P., Saraf, P. and Chavhan, N. (2021) “Blockchain applications, 
challenges, and opportunities: A survey of a decade of research and future 
outlook,” 2021 International Conference on Computational Intelligence and 
Computing Applications (ICCICA) , pp. 1-5. Available at: 
https://doi.org/10.1109/iccica52458.2021.9697256.  

Maity, M., Bagchi, K., Shah, A. and Misra, A. (2019) “Explaining normative 
behavior in information technology use,” Information Technology & People, 
32(1), pp. 94–117. Available at: https://doi.org/10.1108/itp-11-2017-0384.  

Majid, S., Foo, S., Luyt, B., Zhang, X., Theng, Y.L., Chang, Y.K. and Mokhtar, 
I.A. (2011) “Adopting evidence-based practice in clinical decision making: 
Nurses' perceptions, knowledge, and barriers,” Journal of the Medical Library 
Association : JMLA, 99(3), pp. 229–236. Available at: 
https://doi.org/10.3163/1536-5050.99.3.010.  

https://doi.org/10.1136/bmjhci-2019-100071
https://doi.org/10.1136/bmjhci-2019-100071
https://doi.org/10.17660/actahortic.2018.1216.4


308 
 

 

Malvey, D.M. and Slovensky, D.J. (2017) “Global mhealth policy arena: Status 
check and future directions,” mHealth, 3, pp. 41–41. Available at: 
https://doi.org/10.21037/mhealth.2017.09.03.  

Mann, C.J. (2012) “Observational research methods—cohort studies, Cross 
Sectional Studies, and Case–Control Studies,” African Journal of Emergency 
Medicine, 2(1), pp. 38–46. Available at: 
https://doi.org/10.1016/j.afjem.2011.12.004.  

Mannakkara, S., Wilkinson, S. and Potangaroa, R. (2018) “Post disaster 
recovery and the need to build back better,” Resilient Post Disaster Recovery 
through Building Back Better, pp. 1–10. Available at: 
https://doi.org/10.1201/9781315099194-1.  

Mano, R. (2021) “Mobile health apps and Health Management Behaviors: Cost-
benefit modeling analysis,” JMIR Human Factors, 8(2). Available at: 
https://doi.org/10.2196/21251.  

Manyazewal, T. (2017) “Using the World Health Organization Health System 
Building Blocks through survey of healthcare professionals to determine the 
performance of Public Healthcare Facilities,” Archives of Public Health, 75(1). 
Available at: https://doi.org/10.1186/s13690-017-0221-9.  

Manzano, M. G., Paluzie, G., Gegúndez, M.D., Chabrera, C. (2023) “Usability of 
a mobile application for health professionals in home care services: A user-
centered approach,” Scientific Reports, 13(1). Available at: 
https://doi.org/10.1038/s41598-023-29640-7.  

Manzoor, F., Wei, L., Hussain, A., Asif, M. and Shah, S.I.A. (2019) “Patient 
satisfaction with health care services; an application of physician’s behavior as a 
moderator,” International Journal of Environmental Research and Public Health, 
16(18), p. 3318. Available at: https://doi.org/10.3390/ijerph16183318. 

Marcoulides, K.M. and Raykov, T. (2018) “Evaluation of variance inflation factors 
in regression models using latent variable modeling methods,” Educational and 
Psychological Measurement, 79(5), pp. 874–882. Available at: 
https://doi.org/10.1177/0013164418817803.  

Mariano, B. (2020) “Towards a global strategy on Digital Health,” Bulletin of the 
World Health Organization, 98(4). Available at: 
https://doi.org/10.2471/blt.20.253955.  

Marin, G.F.X., Vidal-Alaball, J., Poch, P.R., Sariola, C.J., Ferrer, R.T. and Peña, 
J.M. (2020) “Diagnosis of skin lesions using photographs taken with a mobile 
phone: An online survey of Primary Care Physicians,” Journal of Primary Care & 
Community Health, 11, p. 215013272093783. Available at: 
https://doi.org/10.1177/2150132720937831. 

Martínez, J.A. and Martínez, L. (2010) “Some insights on conceptualizing and 
measuring service quality,” Journal of Retailing and Consumer Services, 17(1), 
pp. 29–42. Available at: https://doi.org/10.1016/j.jretconser.2009.09.002.  

https://doi.org/10.1016/j.afjem.2011.12.004
https://doi.org/10.3390/ijerph16183318


309 
 

 

Martínez, M.J., González,C. D.A., Duquia, R.P., Bonamigo, R.R. and Bastos, J.L. 
(2016) “Sampling: How to select participants in My Research Study?,” Anais 
Brasileiros de Dermatologia, 91(3), pp. 326–330. Available at: 
https://doi.org/10.1590/abd1806-4841.20165254.  

Massa, L. (2019) “Transparency and affordability for consumers call for 
commitments from providers and insurers,” Frontiers of Health Services 
Management, 35(3), pp. 35–40. Available at: 
https://doi.org/10.1097/hap.0000000000000056.  

Mateja, K. K. , Irena, V., Domen, B., Barbara, C.(2014) “The study of perceived 
adverse effects of digital piracy and involvement: Insights from adult computer 
users”, Behaviour & Information Technology, 33,pp. 224-235. Available at: 
10.1080/0144929X.2012.753552. 

Mathijsen, A. and Mathijsen, F.P. (2020) “Diasporic Medical tourism: A scoping 
review of quantitative and qualitative evidence,” Globalization and Health, 16(1). 
Available at: https://doi.org/10.1186/s12992-020-00550-x.  

Matta, C. (2015) “Interpretivism and causal explanations,” Philosophy of the 
Social Sciences, 45(6), pp. 543–567. Available at: 
https://doi.org/10.1177/0048393115595961.  

Maunier, C. and Camelis, C. (2013) “Toward an identification of elements 
contributing to satisfaction with the Tourism Experience,” Journal of Vacation 
Marketing, 19(1), pp. 19–39. Available at: 
https://doi.org/10.1177/1356766712468733.  

Maupin, J.A. (2017) “Blockchains and the G20: building an inclusive, transparent 
and accountable digital economy,” SSRN Electronic Journal. Available at: 
https://doi.org/10.2139/ssrn.2935261.  

McAllister, M. (2016) “Shared decision making, Health Literacy, and patient 
empowerment,” Shared Decision Making in Health Care, pp. 234–238. Available 
at: https://doi.org/10.1093/acprof:oso/9780198723448.003.0036.  

McCool, J., Dobson, R., Whittaker, R. and Paton, C. (2022) “Mobile Health 
(mHealth) in low- and middle-income countries,” Annual Review of Public Health, 
43(1), pp. 525–539. Available at: https://doi.org/10.1146/annurev-publhealth-
052620-093850. 

McIntush, K. (2022) “A tale of two delivery methods: Comparing face-to-face and 
virtual professional development,” AERA 2022.Available at: 
https://doi.org/10.3102/ip.22.1891204.  

McMullen, T. (2020) “Chapter 14. people, don’t get ready: Improvisation, 
democracy, and hope,” People Get Ready, pp. 265–280. Available at: 
https://doi.org/10.1515/9780822399728-017.  

Mechtenberg, A., McLaughlin, B., DiGaetano, M., Awodele, A., Omeeboh, L., 
Etwalu, E., Nanjula, L., Musaazi, M., & Shrime, M. (2020). “Health care during 

https://doi.org/10.1177/0048393115595961


310 
 

 

electricity failure: The hidden costs,” PLOS ONE, 15(11). Available at: 
https://doi.org/10.1371/journal.pone.0235760.  

Meckawy, R., Stuckler, D., Mehta, A., Al-Ahdal, T. and Doebbeling, B.N. (2022) 
“Effectiveness of early warning systems in the detection of infectious diseases 
outbreaks: A systematic review,” BMC Public Health, 22(1). Available at: 
https://doi.org/10.1186/s12889-022-14625-4. 

Meesala, A. and Paul, J. (2018) “Service Quality, consumer satisfaction and 
loyalty in hospitals: Thinking for the future,” Journal of Retailing and Consumer 
Services, 40, pp. 261–269. Available at: 
https://doi.org/10.1016/j.jretconser.2016.10.011.  

Mehmetoglu, M. (2010) “Factors influencing the willingness to behave 
environmentally friendly at home and holiday settings,” Scandinavian Journal of 
Hospitality and Tourism, 10(4), pp. 430–447. Available at: 
https://doi.org/10.1080/15022250.2010.520861.  

Mehreen, K. and Roshan, R. (2021) “Impact of perceived risk on online buying 
behavior of females consumers residential status in e-tailing,” Research Journal 
for Societal Issues, 2(1), pp. 25–36. Available at: 
https://doi.org/10.56976/rjsi.v2i1.6.  

Meigounpoory, M. R., Sajadi, S. M., and Danehzan, I. (2014) ‘Conceptualization 
of the factors affecting the quality of mobile health services of active SMES in 
healthcare system’, International Journal of Management, Accounting and 
Economics, 1(4), pp.311. 

Melkamu, A. M., Gelaye, K.A., Matebe, Y.H., Lindgren, H. and Erlandsson, K. 
(2022) “Valid and reliable neonatal near-miss assessment scale in Ethiopia: A 
psychometric validation,” Global Health Action, 15(1). Available at: 
https://doi.org/10.1080/16549716.2022.2029334.  

Melo, G. and Toral, N. (2019) “P51 nutritional interventions for adolescents using 
e-health technologies (icts): A systematic review,” Final Oral/Poster 
Number.Available at: https://doi.org/10.1136/bmjpo-2019-rcpch-sahm.55.  

Memon, A., Taylor, K., Mohebati, L.M., Sundin, J., Cooper, M., Scanlon, T. and 
De Visser, R. (2016) “Perceived barriers to accessing mental health services 
among Black and Minority Ethnic (BME) communities: A qualitative study in 
southeast England,” BMJ Open, 6(11). Available at: 
https://doi.org/10.1136/bmjopen-2016-012337. 

Mendiola, M.F., Kalnicki, M. and Lindenauer, S. (2015) “Valuable features in 
mobile health apps for patients and consumers: Content analysis of apps and 
user ratings,” JMIR mHealth and uHealth, 3(2). Available at: 
https://doi.org/10.2196/mhealth.4283.  

Meng, F., Guo, X., Peng, Z., Lai, K.H. and Zhao, X. (2019) “Investigating the 
adoption of Mobile Health Services by elderly users: Trust Transfer Model and 

https://doi.org/10.2196/mhealth.4283


311 
 

 

Survey Study,” JMIR mHealth and uHealth, 7(1). Available at: 
https://doi.org/10.2196/12269.  

Mhajabin, S., Hossain, A.T., Nusrat, N., Jabeen, S., Ameen, S., Banik, G., 
Tahsina, T., Ahmed, A., Rahman, Q.S.U., Gurley, E.S. and Bari, S.(2022) 
“Indirect effects of the early phase of the COVID-19 pandemic on the coverage 
of essential maternal and newborn health services in a rural subdistrict in 
Bangladesh: Results from a cross-sectional household survey,” BMJ Open, 
12(2). Available at: https://doi.org/10.1136/bmjopen-2021-056951.  

Mia, M., Khatun, M. and Sarwar, A. (2020) “Survey on Asteraceae Weeds at 
Bangladesh Agricultural University campus and reviewed their ethno-botanical 
uses,” Journal of Bangladesh Agricultural University, 18. Available at: 
https://doi.org/10.5455/jbau.94728.  

Michael, A. and Carnochan, S. (2020) “What is practice research and why is it 
important,” Practice Research in the Human Services, pp. 1–25. Available at: 
https://doi.org/10.1093/oso/9780197518335.003.0001.  

Michie, S., Van, S. M.M. and West, R. (2011) “The behaviour change wheel: A 
new method for characterising and designing behaviour change interventions,” 
Implementation Science, 6(1). pp-1-12.Available at: https://doi.org/10.1186/1748-
5908-6-42.  

Miksza, P. and Elpus, K. (2018) “Exploratory and confirmatory factor analysis,” 
Oxford Scholarship Online. Available at: 
https://doi.org/10.1093/oso/9780199391905.003.0013.  

Miller, B. and Sujitparapitaya, S. (2010) “Campus climate in the twenty-first 
century: Estimating perceptions of discrimination at a racially mixed institution, 
1994-2006,” New Directions for Institutional Research, 2010(145), pp. 29–52. 
Available at: https://doi.org/10.1002/ir.321.  

Miller, S., Gilbert, S., Virani, V. and Wicks, P. (2020) “Patients’ utilization and 
perception of an artificial intelligence–based symptom assessment and advice 
technology in a british primary care waiting room: Exploratory pilot study,” JMIR 
Human Factors, 7(3). Available at: https://doi.org/10.2196/19713. 

Mirzoev, T. and Kane, S. (2017) “What is Health Systems Responsiveness? 
Review of existing knowledge and proposed conceptual framework,” BMJ Global 
Health, 2(4). Available at: https://doi.org/10.1136/bmjgh-2017-000486.  

Moeller, S. (2010) “Characteristics of services – a new approach uncovers their 
value,” Journal of Services Marketing, 24(5), pp. 359–368. Available at: 
https://doi.org/10.1108/08876041011060468.  

Moghaddasi, H., Haji, M.N., Sharif-Kashani, B. and Kazemi, A. (2021) “The 
impact of using mobile applications on health outcomes in patient self-
management of oral anticoagulation therapy.” Available at: 
https://doi.org/10.21203/rs.3.rs-179619/v1. 

https://doi.org/10.2196/19713
https://doi.org/10.1136/bmjgh-2017-000486
https://doi.org/10.21203/rs.3.rs-179619/v1


312 
 

 

Mohamed, B. and Azizan, N.A. (2015) “Perceived service quality’s effect on 
patient satisfaction and behavioural compliance,” International Journal of Health 
Care Quality Assurance, 28(3), pp. 300–314. Available at: 
https://doi.org/10.1108/ijhcqa-06-2014-0074.  

Mohanty, A., Kabi, A. and Mohanty, A.P. (2019) “Health Problems in healthcare 
workers: A Review,” Journal of Family Medicine and Primary Care, 8(8), p. 2568. 
Available at: https://doi.org/10.4103/jfmpc.jfmpc_431_19.  

Mojon, A. S.M., Kunz, A. and Mojon, D.S. (2010) “Strabismus and discrimination 
in children: Are children with strabismus invited to fewer birthday parties?,” 
British Journal of Ophthalmology, 95(4), pp. 473–476. Available at: 
https://doi.org/10.1136/bjo.2010.185793.  

Molina, M. J. and Gallo, E. J. (2020) “Impact of nurse-patient relationship on 
quality of care and patient autonomy in decision-making,” International Journal of 
Environmental Research and Public Health, 17(3), p. 835. Available at: 
https://doi.org/10.3390/ijerph17030835.  

Monaghesh, E. and Hajizadeh, A. (2020) “The role of telehealth during COVID-
19 outbreak: A systematic review based on current evidence.” Available at: 
https://doi.org/10.21203/rs.3.rs-23906/v3.  

Monden, C. (2014) “Subjective health and subjective well-being,” Encyclopedia 
of Quality of Life and Well-Being Research, pp. 6423–6426. Available at: 
https://doi.org/10.1007/978-94-007-0753-5_3957.  

Moon, Y.J. (2013) “The tangibility and intangibility of E-service quality,” 
International Journal of Smart Home, 7(5), pp. 91–102. Available at: 
https://doi.org/10.14257/ijsh.2013.7.5.10.  

Moqbel, M., Guduru, R., and Harun, A. (2020) “Testing mediation via indirect 
effects in PLS-SEM: A social networking site illustration”, Data Analysis 
Perspectives Journal, 1(3), pp 1-6. Available at: 
https://scriptwarp.com/dapj/2020_DAPJ_1_3/Moqbel_2020_etal_DAPJ_1_3_Indi
rectMediation.pdf 

Morgado, F.F., Meireles, J.F., Neves, C.M., Amaral, A. and Ferreira, M.E. (2017) 
“Scale development: Ten main limitations and recommendations to improve 
future research practices,” Psicologia: Reflexão e Crítica, 30(1). Available at: 
https://doi.org/10.1186/s41155-016-0057-1.  

Morikawa, M. (2023) “Productivity and wages of firms using COVID‐19‐related 
support policies,” Social Science Quarterly. Available at: 
https://doi.org/10.1111/ssqu.13241.  

Mosadeghrad, A.M. (2014) “Factors influencing healthcare service quality,” 
International Journal of Health Policy and Management, 3(2), pp. 77–89. 
Available at: https://doi.org/10.15171/ijhpm.2014.65.  

https://scriptwarp.com/dapj/2020_DAPJ_1_3/Moqbel_2020_etal_DAPJ_1_3_IndirectMediation.pdf
https://scriptwarp.com/dapj/2020_DAPJ_1_3/Moqbel_2020_etal_DAPJ_1_3_IndirectMediation.pdf


313 
 

 

Moses, J.C., Adibi, S., Shariful Islam, S.M., Wickramasinghe, N. and Nguyen, L. 
(2021) “Application of smartphone technologies in disease monitoring: A 
systematic review,” Healthcare, 9(7), p. 889. Available at: 
https://doi.org/10.3390/healthcare9070889. 

Mostafizur, R.M. and Sayedur, R. M. (2020) “Monitoring drought vulnerability at 
different time scales: A case study from Rajshahi District, Bangladesh,” 
International Journal of Advanced Research, 8(11), pp. 404–414. Available at: 
https://doi.org/10.21474/ijar01/12022.  

Mouakket, S. (2015) “Factors influencing continuance intention to use social 
network sites: The facebook case,” Computers in Human Behavior, 53, pp. 102–
110. Available at: https://doi.org/10.1016/j.chb.2015.06.045.  

Moudatsou, M., Stavropoulou, A., Philalithis, A. and Koukouli, S. (2020) “The role 
of empathy in health and Social Care Professionals,” Healthcare, 8(1), p. 26. 
Available at: https://doi.org/10.3390/healthcare8010026. 

Mpinganjira, M. (2014) “An investigation of perceived service quality in online 
shopping: A hierarchical approach,” Journal of Applied Business Research 
(JABR), 31(1), p.115. Available at: https://doi.org/10.19030/jabr.v31i1.9050.  

Mreła, A. and Sokołov, O. (2018) “Formal methods for assessing patient 
satisfaction in a patient-doctor relationship,” Advances in Healthcare Information 
Systems and Administration, pp. 201–219. Available at: 
https://doi.org/10.4018/978-1-5225-3946-9.ch011. 

Mridha, M.A. (2019) “Impact of digital technology on Child Health,” Bangladesh 
Journal of Child Health, 43(1), pp. 1–3. Available at: 
https://doi.org/10.3329/bjch.v43i1.41209.  

Mueller, D.K., Schertz, T.L., Martin, J.D. and Sandstrom, M.W. (2015) “Design, 
analysis, and interpretation of field quality-control data for water-sampling 
projects,” Techniques and Methods. Available at: https://doi.org/10.3133/tm4c4. 

Mugellini, G., Villeneuve, J.P. and Heide, M. (2021) “Monitoring Sustainable 
Development Goals and the quest for high‐quality indicators: Learning from a 
practical evaluation of data on corruption,” Sustainable Development, 29(6), pp. 
1257–1275. Available at: https://doi.org/10.1002/sd.2223.  

Muijs, D. (2012) “Surveys and sampling,” Research Methods in Educational 
Leadership & Management, pp. 140–154. Available at: 
https://doi.org/10.4135/9781473957695.n10.  

Mukherjee, J.S. (2017) “Universal Health Coverage,” Oxford Scholarship Online. 
Available at: https://doi.org/10.1093/oso/9780190662455.003.0011.  

Mukinda, F.K., Belle, S.V. and Schneider, H. (2019) “Perceptions and 
experiences of frontline health managers and providers on accountability in a 
south african health district,” 19(1), pp.1-11.Available at: 
https://doi.org/10.21203/rs.2.19739/v1.  

https://doi.org/10.3390/healthcare8010026
https://doi.org/10.4018/978-1-5225-3946-9.ch011
https://doi.org/10.3133/tm4c4


314 
 

 

Muller, A.E. and Berg, R.C. (2020) “A flexible protocol for a systematic review of 
Remote Patient Monitoring,” Primary Health Care Research & Development, 21. 
Available at: https://doi.org/10.1017/s1463423620000262.  

Mulligan, D.K., Koopman, C. and Doty, N. (2016) “Privacy is an essentially 
contested concept: A multi-dimensional analytic for mapping privacy,” 
Philosophical Transactions of the Royal Society A: Mathematical, Physical and 
Engineering Sciences, 374(2083), p. 20160118. Available at: 
https://doi.org/10.1098/rsta.2016.0118.  

Murphy, M., Scott, L.J., Salisbury, C., Turner, A., Scott, A., Denholm, R., Lewis, 
R., Iyer, G., Macleod, J. and Horwood, J. (2020) “The implementation of remote 
consulting in UK primary care following the COVID-19 pandemic: A mixed-
methods longitudinal study,” British Journal of General 
Practice, 71(704).Available at: https://doi.org/10.21203/rs.3.rs-94227/v1.  

Müthing, J., Brüngel, R. and Friedrich, C.M. (2019) “Server-focused security 
assessment of mobile health apps for popular mobile platforms,” Journal of 
Medical Internet Research, 21(1). Available at: https://doi.org/10.2196/jmir.9818.  

Nadeem, W., Juntunen, M., Shirazi, F. and Hajli, N. (2020) “Consumers’ value 
co-creation in sharing economy: The role of social support, consumers’ ethical 
perceptions and Relationship Quality,” Technological Forecasting and Social 
Change, 151, p. 119786. Available at: 
https://doi.org/10.1016/j.techfore.2019.119786. 

Nayna, N., Sajnani, P.D.M. and Shandliya, D.A. (2019) “An empirical study on 
customer perception & expectation on service quality of Select Hotels of 
Rajasthan: With reference to Servqual model,” Journal of Advanced Research in 
Dynamical and Control Systems, 11(11-SPECIAL ISSUE), pp. 01–05. Available 
at: https://doi.org/10.5373/jardcs/v11sp11/20192921.  

Naz, S., Siddiqi, R., Sheikh, H. and Sayeed, S.A. (2005) “Deterioration of olive, 
corn and soybean oils due to air, light, heat and deep-frying,” Food Research 
International, 38(2), pp. 127–134. Available at: 
https://doi.org/10.1016/j.foodres.2004.08.002. 

Ndlovu, K., Scott, R.E. and Mars, M. (2021) “Interoperability Opportunities and 
challenges in linking mhealth applications and eRecord systems: Botswana as 
an exemplar,”  BMC medical informatics and decision making, 21(1), pp.1-12. 
Available at: https://doi.org/10.21203/rs.3.rs-422167/v1.  

Nelson, E.E., Leibenluft, E., McClure, E.B. and Pine, D.S. (2005) “The social re-
orientation of adolescence: A Neuroscience perspective on the process and its 
relation to psychopathology,” Psychological Medicine, 35(2), pp. 163–174. 
Available at: https://doi.org/10.1017/s0033291704003915.  

Neville, F.G., Templeton, A., Smith, J.R. and Louis, W.R. (2021) “Social norms, 
social identities and the COVID-19 pandemic: Theory and recommendations,” 
Social and Personality Psychology Compass, 15(5).Available at: 
https://doi.org/10.31234/osf.io/m9afs. 

https://doi.org/10.1016/j.foodres.2004.08.002
https://doi.org/10.21203/rs.3.rs-422167/v1
https://doi.org/10.31234/osf.io/m9afs


315 
 

 

Newton, P.N., Bond, K.C., Adeyeye, M., Antignac, M., Ashenef, A., Awab, G.R., 
Bannenberg, W.J., Bower, J., Breman, J., Brock, A. and Caillet, C. (2020) 
“Covid-19 and risks to the supply and quality of tests, drugs, and vaccines,” The 
Lancet Global Health, 8(6). pp.754–755.Available at: 
https://doi.org/10.1016/s2214-109x(20)30136-4.  

Nglazi, M.D., Bekker, L.G., Wood, R., Hussey, G.D. and Wiysonge, C.S. (2013) 
“Mobile phone text messaging for promoting adherence to anti-tuberculosis 
treatment: A systematic review,” BMC Infectious Diseases, 13(1). Available at: 
https://doi.org/10.1186/1471-2334-13-566. 

Nguyen, H.N., Lasa, G., Iriarte, I., Atxa, A., Unamuno, G. and Galfarsoro, G. 
(2022) “Human-centered design for advanced services: A multidimensional 
design methodology,” Advanced Engineering Informatics, 53, p. 101720. 
Available at: https://doi.org/10.1016/j.aei.2022.101720.  

Nguyen, N.X., Tran, K. and Nguyen, T.A. (2021) “Impact of service quality on in-
patients’ satisfaction, perceived value, and customer loyalty: A mixed-methods 
study from a developing country,” Patient Preference and Adherence, Volume 
15, pp. 2523–2538. Available at: https://doi.org/10.2147/ppa.s333586.  

Niemiec, R.M., Champine, V., Vaske, J.J. and Mertens, A. (2020) “Does the 
impact of norms vary by type of norm and type of conservation behavior? A 
meta-analysis,” Society & Natural Resources, 33(8), pp. 1024–1040. Available 
at: https://doi.org/10.1080/08941920.2020.1729912. 

Nilsen, P., Seing, I., Ericsson, C., Birken, S.A. and Schildmeijer, K. (2020) 
“Characteristics of successful changes in health care organizations: An interview 
study with physicians, registered nurses and assistant nurses,” BMC Health 
Services Research, 20(1). Available at: https://doi.org/10.1186/s12913-020-
4999-8. 

Nisha, N., Iqbal, M., Rifat, A. and Idrish, S. (2016) “Mobile Health Services,” E-
Health and Telemedicine, pp. 1551–1567. Available at: 
https://doi.org/10.4018/978-1-4666-8756-1.ch078.  

Nitzl, C. (2018) “Management accounting and partial least squares-structural 
equation modelling (PLS-SEM): Some illustrative examples,” Partial Least 
Squares Structural Equation Modeling, pp. 211–229. Available at: 
https://doi.org/10.1007/978-3-319-71691-6_7.  

Niu, X.T., Yang, Y.C. and Wang, Y.C. (2021) “Does the economic growth 
improve public health? A cross-regional heterogeneous study in China,” 
Frontiers in Public Health, 9, p. p.704155.Available at: 
https://doi.org/10.3389/fpubh.2021.704155. 

Nketia, J., Amso, D. and Brito, N.H. (2021) “Towards a more inclusive and 
equitable developmental cognitive neuroscience,” Developmental cognitive 
neuroscience, 52, p.101014. Available at: https://doi.org/10.31219/osf.io/wdqvr.  

https://doi.org/10.1186/1471-2334-13-566
https://doi.org/10.3389/fpubh.2021.704155


316 
 

 

Noordam, A.C., Kuepper, B.M., Stekelenburg, J. and Milen, A. (2011) 
“Improvement of maternal health services through the use of mobile phones,” 
Tropical Medicine & International Health, 16(5), pp. 622–626. Available at: 
https://doi.org/10.1111/j.1365-3156.2011.02747.x. 

Nordlund, A.M. and Garvill, J. (2003) “Effects of values, problem awareness, and 
personal norm on willingness to reduce personal car use,” Journal of 
Environmental Psychology, 23(4), pp. 339–347. Available at: 
https://doi.org/10.1016/s0272-4944(03)00037-9.  

Nouri, R., R Niakan Kalhori, S., Ghazisaeedi, M., Marchand, G. and Yasini, M. 
(2018) “Criteria for assessing the quality of mHealth Apps: A systematic review,” 
Journal of the American Medical Informatics Association, 25(8), pp. 1089–1098. 
Available at: https://doi.org/10.1093/jamia/ocy050.  

Nowell, L. S., Norris, J. M., White, D. E., and Moules, N. J. (2017) “Thematic 
analysis,” International Journal of Qualitative Methods, 16(1), p. 
160940691773384. Available at: https://doi.org/10.1177/1609406917733847. 

Ntshoe, G., Shonhiwa, A.M., Govender, N. and Page, N. (2021) “A systematic 
review on mobile health applications for Foodborne Disease Outbreak 
Management,” BMC Public Health, 21(1). Available at: 
https://doi.org/10.1186/s12889-021-12283-6. 

Nysveen, H. (2005) “Intentions to use mobile services: Antecedents and cross-
service comparisons,” Journal of the Academy of Marketing Science, 33(3), pp. 
330–346. Available at: https://doi.org/10.1177/0092070305276149.  

O’Connor, Y., Andreev, P. and O’Reilly, P. (2020) “MHealth and perceived 
quality of care delivery: A conceptual model and validation,” BMC Medical 
Informatics and Decision Making, 20(1). Available at: 
https://doi.org/10.1186/s12911-020-1049-8.  

Ogundele, O.C. and Cilliers, L. (2020) “Factors influencing continued usage of 
wearable devices for physical activity and weight monitoring,” Metabolism, 104, 
p. 154062. Available at: https://doi.org/10.1016/j.metabol.2019.12.008.  

Ohannessian, R. and Yaghobian, S. (2020) “The practicality of telemedicine and 
telehealth during the COVID-19 global outbreak,” European Journal of Public 
Health, 30(Supplement_5). Available at: 
https://doi.org/10.1093/eurpub/ckaa165.069.  

Ojo, A.I. (2017) “Validation of the Delone and McLean Information Systems 
Success Model,” Healthcare Informatics Research, 23(1), p. 60. Available at: 
https://doi.org/10.4258/hir.2017.23.1.60.  

Okazaki, S. and Navarro, B. M.D.L.A., (2010) ‘The impact of ubiquitous context 
on information privacy concerns in a mobile-based promotion’, In: Proceedings of 
the EMAC Conference, Denmark, pp.1-7. 

https://doi.org/10.1111/j.1365-3156.2011.02747.x
https://doi.org/10.1177/1609406917733847


317 
 

 

Okazaki, S., Castañeda, J.A., Sanz, S. and Mukherji, P. (2016) “Physicians’ 
motivations to use Mobile Health Monitoring: A cross-country comparison,” 
Behaviour & Information Technology, pp. 1–12. Available at: 
https://doi.org/10.1080/0144929x.2016.1171395.  

Okwor, I. and Uzonna, J. (2016) “Social and economic burden of human 
leishmaniasis,” The American Journal of Tropical Medicine and Hygiene, 94(3), 
pp. 489–493. Available at: https://doi.org/10.4269/ajtmh.15-0408.  

Olesen, K., Cleal, B. and Willaing, I. (2020) “Discrimination and stigma among 
people with type 2 diabetes in the workplace: Prejudice against illness or 
obesity?,” Public Health, 180, pp. 100–101. Available at: 
https://doi.org/10.1016/j.puhe.2019.11.009.  

Olimpio, A. and Notargiacomo, P. (2020) “Heuristic usability evaluation applied to 
educational games,” Proceedings of the 7th International Conference on 
Educational Technologies 2020.Available at: 
https://doi.org/10.33965/icedutech2020_202002l004.  

Oliver, R. L. (2010) Satisfaction: A behavioral perspective on the customer. 2nd 
edn. New York: Routledge. 

Omachonu, V.K. and Einspruch, N.G. (2007) “Systems engineering in the 
Healthcare Service Industry,” International Journal of Healthcare Technology and 
Management, 8(1/2), p. 161. Available at: 
https://doi.org/10.1504/ijhtm.2007.012108.  

Omarini, A. (2015) “The customer-centric perspective and how to get it,” Retail 
Banking, pp. 61–103. Available at: https://doi.org/10.1057/9781137392558_3.  

Onwezen, M.C., Bartels, J. and Antonides, G. (2014) “Environmentally friendly 
consumer choices: Cultural differences in the self-regulatory function of 
anticipated pride and guilt,” Journal of Environmental Psychology, 40, pp. 239–
248. Available at: https://doi.org/10.1016/j.jenvp.2014.07.003.  

Oppong, E., Hinson, R.E., Adeola, O., Muritala, O. and Kosiba, J.P. (2018) “The 
effect of Mobile Health Service Quality on user satisfaction and continual usage,” 
Total Quality Management & Business Excellence, 32(1-2), pp. 177–198. 
Available at: https://doi.org/10.1080/14783363.2018.1541734. 

Oriade, A. and Schofield, P. (2019) “An examination of the role of service quality 
and perceived value in visitor attraction experience,” Journal of Destination 
Marketing & Management, 11, pp. 1–9. Available at: 
https://doi.org/10.1016/j.jdmm.2018.10.002.  

Osei, E., Kuupiel, D. and Mashamba, T. T.P. (2020) “Availability and use of 
mhealth for disease diagnosis and treatment support by health workers in sub-
Saharan africa: A scoping review protocol,” BMJ Open, 10(10). Available at: 
https://doi.org/10.1136/bmjopen-2019-036641.  



318 
 

 

Osheroff, J.A., Teich, J.M., Middleton, B., Steen, E.B., Wright, A. and Detmer, 
D.E.(2007) “A roadmap for National Action on Clinical Decision Support,” Journal 
of the American Medical Informatics Association, 14(2), pp. 141–145. Available 
at: https://doi.org/10.1197/jamia.m2334.  

Oskooii, N. and Albonaiemi, E. (2017) “Measuring the customer satisfaction 
based on SERVQUAL model (case study: Mellat bank in Tehran City),” 
Innovative Marketing, 13(2), pp. 13–22. Available at: 
https://doi.org/10.21511/im.13(2).2017.02.  

Othman, N.K. and Buang, N.A. (2021) “Quality of service and Homestay 
customer satisfaction using the SERVQUAL model,” Advanced International 
Journal of Business, Entrepreneurship and SMEs, 3(7), pp. 59–74. Available at: 
https://doi.org/10.35631/aijbes.37006.  

Ottar, O.S. and Grunert, K.G. (2010) “The role of satisfaction, norms and conflict 
in families' eating behaviour,” European Journal of Marketing, 44(7/8), pp. 1165–
1181. Available at: https://doi.org/10.1108/03090561011047571.  

Ottersen, T. and Norheim, O.F. (2014) “Making fair choices on the path to 
Universal Health Coverage,” Bulletin of the World Health Organization, 92(6), pp. 
389–389. Available at: https://doi.org/10.2471/blt.14.139139.  

Ozili, P.K. (2023) “The acceptable R-square in Empirical Modelling for Social 
Science Research,” Social Research Methodology and Publishing Results, pp. 
134–143. Available at: https://doi.org/10.4018/978-1-6684-6859-3.ch009.  

Pablos, M.A., Cavanaugh, K. and Ly, C. (2016) “The New Era of Health Goals: 
Universal Health Coverage as a pathway to the Sustainable Development 
Goals,” Health Systems & Reform, 2(1), pp. 15–17. Available at: 
https://doi.org/10.1080/23288604.2015.1120377.  

Pacileo, G., Morando, V., Banks, H., Ferrara, L., Cattelan, A., Luzzati, R., 
Manfrin, V. and Tozzi, V.D. (2022) “DM management in HIV patients: The 
adoption of Population Health Management to transform the chronic 
management of HIV,” European Journal of Public Health, 32(6), pp. 942–947. 
Available at: https://doi.org/10.1093/eurpub/ckac120. 

Pagliari, C., Sloan, D., Gregor, P., Sullivan, F., Detmer, D., Kahan, J.P., Oortwijn, 
W. and MacGillivray, S. (2005) “What is eHealth (4): A scoping exercise to map 
the field,” Journal of Medical Internet Research, 7(1). Available at: 
https://doi.org/10.2196/jmir.7.1.e9.  

Pai, R.R. and Alathur, S. (2019) “Assessing awareness and use of mobile phone 
technology for Health and Wellness: Insights from India,” Health Policy and 
Technology, 8(3), pp. 221–227. Available at: 
https://doi.org/10.1016/j.hlpt.2019.05.011.  

Pai, Y.P., Chary, S.T. and Pai, R.Y. (2018) “Patient-perceived hospital service 
quality: An empirical assessment,” International Journal of Health Care Quality 

https://doi.org/10.35631/aijbes.37006
https://doi.org/10.2471/blt.14.139139
https://doi.org/10.1093/eurpub/ckac120
https://doi.org/10.2196/jmir.7.1.e9


319 
 

 

Assurance, 31(1), pp. 76–91. Available at: https://doi.org/10.1108/ijhcqa-04-
2017-0064.  

Pakurár, M., Haddad, H., Nagy, J., Popp, J. and Oláh, J. (2019) “The service 
quality dimensions that affect customer satisfaction in the Jordanian banking 
sector,” Sustainability, 11(4), p. 1113. Available at: 
https://doi.org/10.3390/su11041113.  

Palací, F., Salcedo, A. and Topa, G. (2019) “Cognitive and affective antecedents 
of consumers’ satisfaction: A systematic review of two research approaches,” 
Sustainability, 11(2), p. 431. Available at: https://doi.org/10.3390/su11020431.  

Palas, J., Sorwar, G., Hoque, M.R., Achchuthan, S. (2022) “Factors influencing 
the elderly’s adoption of mHealth: an empirical study using extended UTAUT2 
model”, BMC Med Inform Decis Mak , 22(1), pp.1-21.Available at: 
https://doi.org/10.1186/s12911-022-01917-3 

Palinkas, L.A., Horwitz, S.M., Green, C.A., Wisdom, J.P., Duan, N. and 
Hoagwood, K. (2013) “Purposeful sampling for qualitative data collection and 
analysis in Mixed Method Implementation Research,” Administration and Policy 
in Mental Health and Mental Health Services Research, 42(5), pp. 533–544. 
Available at: https://doi.org/10.1007/s10488-013-0528-y. 

Pan, X. (2020) “Technology acceptance, technological self-efficacy, and attitude 
toward technology-based self-directed learning: Learning motivation as a 
mediator,” Frontiers in Psychology, 11. Available at: 
https://doi.org/10.3389/fpsyg.2020.564294.  

Panadero, E. (2017) “A review of self-regulated learning: Six models and four 
directions for Research,” Frontiers in Psychology, 8. Available at: 
https://doi.org/10.3389/fpsyg.2017.00422.  

Panday, P.K. (2020) “Urbanization and urban poverty in Bangladesh,” The Face 
of Urbanization and Urban Poverty in Bangladesh, pp. 43–55. Available at: 
https://doi.org/10.1007/978-981-15-3332-7_3.  

Parasuraman, A., Zeithaml, V. A., and Berry, L. L. (1988) “SERVQUAL: A 
multiple-item scale for measuring consumer perceptions of service quality”, 
Journal of Retailing, 64(1), 12–40. Available at: https://doi.org/10.1037/t09264-
000. 

Parasuraman, A., Zeithaml, V.A. and Berry, L.L. (1985) “A conceptual model of 
service quality and its implications for future research,” Journal of Marketing, 
49(4), pp. 41–50. Available at: https://doi.org/10.1177/002224298504900403.  

Parasuraman, A., Zeithaml, V.A. and Malhotra, A. (2005) “E-S-QUAL,” Journal of 
Service Research, 7(3), pp. 213–233. Available at: 
https://doi.org/10.1177/1094670504271156.  

Parida, V. and Jovanovic, M. (2021) “Servitization in global markets: Role 
alignment in global service networks for advanced service provision,” R&D 

https://doi.org/10.1186/s12911-022-01917-3


320 
 

 

Management, 52(3), pp. 577–592. Available at: 
https://doi.org/10.1111/radm.12505.  

Paroda, R.S. (2018) “Future challenges and opportunities in agriculture.,” 
Reorienting Indian agriculture: challenges and opportunities, pp. 287–291. 
Available at: https://doi.org/10.1079/9781786395177.0287.  

Parthasarathy, M. and Bhattacherjee, A. (1998) “Understanding post-adoption 
behavior in the context of online services,” Information Systems Research, 9(4), 
pp. 362–379. Available at: https://doi.org/10.1287/isre.9.4.362.  

Patankar, N., Fuller, T., Johnson, M.J., Galasso, J. and Smith, A.(2020) “1236: 
Multidisciplinary collaboration helps a community children’s hospital fight sepsis,” 
Critical Care Medicine, 49(1), pp. 622–622. Available at: 
https://doi.org/10.1097/01.ccm.0000730832.15872.bd. 

Pathan, A. (2020) “Urgent health challenges for the next decade 2030: World 
Health Organization,” NeuroPharmac Journal, pp. 113–117. Available at: 
https://doi.org/10.37881/1.512.  

Pedersen, E.R., Osilla, K.C., Miles, J.N., Tucker, J.S., Ewing, B.A., Shih, R.A. 
and D’Amico, E.J. (2017) “The role of perceived injunctive alcohol norms in 
adolescent drinking behavior,” Addictive Behaviors, 67, pp. 1–7. Available at: 
https://doi.org/10.1016/j.addbeh.2016.11.022. 

Peek, S.T., Wouters, E.J., Van Hoof, J., Luijkx, K.G., Boeije, H.R. and Vrijhoef, 
H.J. (2014) “Factors influencing acceptance of technology for aging in place: A 
systematic review,” International Journal of Medical Informatics, 83(4), pp. 235–
248. Available at: https://doi.org/10.1016/j.ijmedinf.2014.01.004. 

Peña, G.N., Gil-Saura, I., Rodríguez-Orejuela, A. and Siqueira-Junior, J.R. 
(2020) “Purchase intention and purchase behavior online: A cross-cultural 
approach,” Heliyon, 6(6). Available at: 
https://doi.org/10.1016/j.heliyon.2020.e04284. 

Peprah, P., Abalo, E.M., Agyemang-Duah, W., Budu, H.I., Appiah-Brempong, E., 
Morgan, A.K. and Akwasi, A.G. (2020) “Lessening barriers to healthcare in rural 
Ghana: Providers and users’ perspectives on the role of mHealth technology. A 
qualitative exploration,” BMC Medical Informatics and Decision Making, 20(1). 
Available at: https://doi.org/10.1186/s12911-020-1040-4.  

Perdue, C.L. (2016) “Possible solutions for sustainable surveillance systems,” 
Disease Surveillance, pp. 111–130. Available at: https://doi.org/10.1201/b19506-
8.  

Pérez, I. E., Correa, G. J.M. and Chaves, G.E. (2022) “Revisiting the ethics of 
Basque educational ethnographic research based on a post-qualitative inquiry: A 
proposal for inclusive ethics,” Ethics, Ethnography and Education, pp. 67–86. 
Available at: https://doi.org/10.1108/s1529-210x20220000019005.  

https://doi.org/10.1097/01.ccm.0000730832.15872.bd


321 
 

 

Perreira, T.A., Perrier, L., Prokopy, M., Neves-Mera, L. and Persaud, D.D. (2019) 
“physician engagement: A concept analysis,” Journal of Healthcare Leadership, 
11, pp. 101–113. Available at: https://doi.org/10.2147/jhl.s214765. 

Perrotta, D., Tizzoni, M. and Paolotti, D. (2017) “Using participatory web-based 
surveillance data to improve seasonal influenza forecasting in Italy,” Proceedings 
of the 26th International Conference on World Wide Web, pp.303-310.Available 
at: https://doi.org/10.1145/3038912.3052670.  

Pesando, L.M. and Rotondi, V. (2021) “Mobile Technology and gender equality,” 
Encyclopedia of the UN Sustainable Development Goals, pp. 909–921. Available 
at: https://doi.org/10.1007/978-3-319-95687-9_140.  

Petnji ,Y. L.H., Marimon, F. and Casadesus, M. (2014) “The mechanisms 
through which certain variables influence customer loyalty: The mediating roles 
of perceived value and satisfaction,” Human Factors and Ergonomics in 
Manufacturing & Service Industries, 25(6), pp. 627–637. Available at: 
https://doi.org/10.1002/hfm.20578.  

Petrarca, F., Russolillo, G. and Trinchera, L. (2017) “Integrating non-metric data 
in partial least squares path models: Methods and application,” Partial Least 
Squares Path Modeling, pp. 259–279. Available at: https://doi.org/10.1007/978-
3-319-64069-3_12.  

Phillips, P.A., Page, S.J. and Sebu, J. (2020) “Achieving research impact in 
tourism: Modelling and evaluating outcomes from the UKS research excellence 
framework,” Tourism Management, 78, p. 104072. Available at: 
https://doi.org/10.1016/j.tourman.2019.104072.  

Plebani, P. and Ramoni, F. (2012) “A Quality Driven Web service selection 
model,” Handbook of Research on Service-Oriented Systems and Non-
Functional Properties, pp. 142–164. Available at: https://doi.org/10.4018/978-1-
61350-432-1.ch007.  

Pohontsch, N.J., Stark, A., Ehrhardt, M., Kötter, T. and Scherer, M. (2018) 
“Influences on students’ empathy in medical education: An exploratory interview 
study with medical students in their third and last year,” BMC Medical Education, 
18(1). Available at: https://doi.org/10.1186/s12909-018-1335-7. 

Polyakova, O. and Mirza, M. (2015) “Perceived service quality models: Are they 
still relevant?,” The Marketing Review, 15(1), pp. 59–82. Available at: 
https://doi.org/10.1362/146934715x14267608178721.  

Ponto, J. (2015) “Understanding and evaluating survey research,” Journal of the 
Advanced Practitioner in Oncology, 6(2), 168–171.Available at: 
https://doi.org/10.6004/jadpro.2015.6.2.9.  

Porter, T. (2018) “A physician’s perspective on what works (and doesn’t) for 
telemedicine,” Telehealth and Medicine Today, 1(4). Available at: 
https://doi.org/10.30953/tmt.v1.90.  

https://doi.org/10.2147/jhl.s214765
https://doi.org/10.1186/s12909-018-1335-7


322 
 

 

Prameka, A.S., Do, B.R. and Rofiq, A. (2016) “How brand trust is influenced by 
perceived value and service quality: Mediated by Hotel Customer Satisfaction,” 
Asia Pacific Management and Business Application, 5(2), pp. 72–84. Available 
at: https://doi.org/10.21776/ub.apmba.2016.005.02.2.  

Prazeres, F. and Santiago, L. (2016) “Relationship between health-related 
quality of life, perceived family support and unmet health needs in adult patients 
with multimorbidity attending primary care in Portugal: A multicentre cross-
sectional study,” Health and Quality of Life Outcomes, 14(1). Available at: 
https://doi.org/10.1186/s12955-016-0559-7.  

Preacher, K.J. and Hayes, A.F. (2004) “SPSS and SAS procedures for 
estimating indirect effects in simple mediation models,” Behavior Research 
Methods, Instruments, & Computers, 36(4), pp. 717–731. Available at: 
https://doi.org/10.3758/bf03206553.  

Prgomet, M., Georgiou, A. and Westbrook, J.I. (2009) “The impact of mobile 
handheld technology on hospital physicians' work practices and patient care: A 
systematic review,” Journal of the American Medical Informatics Association, 
16(6), pp. 792–801. Available at: https://doi.org/10.1197/jamia.m3215.  

Punukollu, M. and Marques, M. (2019) “Use of mobile apps and technologies in 
Child and adolescent mental health: A systematic review,” Evidence Based 
Mental Health, 22(4), pp. 161–166. Available at: 
https://doi.org/10.1136/ebmental-2019-300093.  

Purohit, S., Paul, J. and Mishra, R. (2021) “Rethinking the bottom of the pyramid: 
Towards a new marketing mix,” Journal of Retailing and Consumer Services, 58, 
p. 102275. Available at: https://doi.org/10.1016/j.jretconser.2020.102275.  

Quinley, K.E., Gormley, R.H., Ratcliffe, S.J., Shih, T., Szep, Z., Steiner, A., 
Ramogola-Masire, D. and Kovarik, C.L. (2011) “Use of mobile telemedicine for 
cervical cancer screening,” Journal of Telemedicine and Telecare, 17(4), pp. 
203–209. Available at: https://doi.org/10.1258/jtt.2011.101008. 

Raddats, C., Kowalkowski, C., Benedettini, O., Burton, J., and Gebauer, H 
“Servitization: A Contemporary Thematic Review of four major research 
streams,” Industrial Marketing Management, 83, pp. 207–223. Available at: 
https://doi.org/10.1016/j.indmarman.2019.03.015.  

Rademaker, L.L. and Polush, E.Y. (2022) “Qualitative data collection and 
Quantitative Data Collection,” Evaluation and Action Research, pp. 60–77. 
Available at: https://doi.org/10.1093/oso/9780197620823.003.0004.  

Radhika, M. (2017) “Privacy preservation for preventing data over-collection in 
smart phones using mobile-cloud framework,” International Journal for Research 
in Applied Science and Engineering Technology, 5(4), pp. 1154–1158. Available 
at: https://doi.org/10.22214/ijraset.2017.4206.  

https://doi.org/10.1258/jtt.2011.101008


323 
 

 

Radu, M., Radu, G., Condurache, A. and Purcărea, V.L. (2018) “The influence of 
digital media on the success of a Health Care Unit,” Journal of Medicine and Life, 
11(3), pp. 254–256. Available at: https://doi.org/10.25122/jml-2018-0064. 

Ragelienė, T. and Grønhøj, A. (2020) “Preadolescents’ healthy eating behavior: 
Peeping through the social norms approach,” BMC Public Health, 20(1),  pp.1-
14.Available at: https://doi.org/10.1186/s12889-020-09366-1.  

Raghupathi, V. and Raghupathi, W. (2020) “Healthcare expenditure and 
Economic Performance: Insights from the United States Data,” Frontiers in Public 
Health, 8,p.156. Available at: https://doi.org/10.3389/fpubh.2020.00156.  

Rahi, S. (2017) “Research design and methods: A systematic review of research 
paradigms, sampling issues and instruments development,” International Journal 
of Economics & Management Sciences, 06(02). Available at: 
https://doi.org/10.4172/2162-6359.1000403.  

Rahman, Q.M., Sikder, M.T., Talha, M.T.U.S., Banik, R. and Pranta, M.U.R. 
(2022) “Perception regarding health and barriers to seeking healthcare services 
among rural rickshaw pullers in Bangladesh: A qualitative exploration,” Heliyon, 
8(10). Available at: https://doi.org/10.1016/j.heliyon.2022.e11152.  

Rahman, S.A., Didarul Alam, M.M. and Taghizadeh, S.K. (2019) “DO mobile 
financial services ensure the subjective well-being of micro-entrepreneurs? an 
investigation applying UTAUT2 model,” Information Technology for 
Development, 26(2), pp. 421–444. Available at: 
https://doi.org/10.1080/02681102.2019.1643278.  

Rahmani, A., Mak, M. and Carney, C. (2022) “Efficacy of digital CBT-I 
smartphone applications: A systematic review of the current literature.,” Sleep 
Medicine, 100. Available at: https://doi.org/10.1016/j.sleep.2022.05.327.  

Rai, A., Chen, L., Pye, J. and Baird, A. (2013) “Understanding determinants of 
consumer mobile health usage intentions, assimilation, and Channel 
preferences,” Journal of Medical Internet Research, 15(8). Available at: 
https://doi.org/10.2196/jmir.2635.  

Rana, M.S., Asghar, R.J., Usman, M., Ikram, A., Salman, M., Umair, M., Zaidi, 
S.S.Z., Anas, M. and Ullah, N. (2022) “The resurgence of wild poliovirus in 
Pakistan and Afghanistan: A new setback for polio eradication,” Journal of 
Infection, 85(3), pp. 334–363. Available at: 
https://doi.org/10.1016/j.jinf.2022.05.038. 

Rana, V.S. and Bathla, G. (2020) “The difference between the perception and 
expectations of the hotel management students with reference to benefits and 
challenges during internship,” International Journal of Psychosocial 
Rehabilitation, 24(03), pp. 1970–1977. Available at: 
https://doi.org/10.37200/ijpr/v24i3/pr200944.  

https://doi.org/10.1016/j.jinf.2022.05.038
https://doi.org/10.37200/ijpr/v24i3/pr200944


324 
 

 

Randazzo, K.D. and Solmon, M. (2017) “Exploring social norms as a framework 
to understand decisions to be physically active,” Quest, 70(1), pp. 64–80. 
Available at: https://doi.org/10.1080/00336297.2017.1335646.  

Ratanawong, J.P., Naslund, J.A., Mikal, J.P. and Grande, S.W. (2022) 
“Achieving the potential of mHealth in medicine requires challenging the ethos of 
care delivery,” Primary Health Care Research & Development, 23. Available at: 
https://doi.org/10.1017/s1463423622000068.  

Ratchakit,N. R., Nedsuwan, S., Sawadna, V., Chaiyasirinroje, B., Bupachat, S., 
Ngamwithayapong-Yanai, J., Kantima, T., Luangjina, S., Boonyamanonukul, P., 
Wongyai, J. and Thawthong, S. (2019) “Ensuring tuberculosis treatment 
adherence with a mobile-based CARE-call system in Thailand: a pilot study,” 
Infectious Diseases, 52(2), pp. 121–129. Available at: 
https://doi.org/10.1080/23744235.2019.1688862. 

Rattanamahattana, M. and Rungsa, P. (2019) “Analysis of mobile applications 
for diabetes self-management in Thailand,” Proceedings of the 11th International 
Conference on e-Health 2019. Available at: 
https://doi.org/10.33965/eh2019_201910p035.  

Ravallion, M. (2017) “Global inequality when unequal countries create unequal 
people,” European Economic Review, 111, pp.85-97.Available at: 
https://doi.org/10.3386/w24177.  

Ravindrane, R. and Patel, J. (2021) “The environmental impacts of telemedicine 
in place of face-to-face patient care: A systematic review,” Future Healthcare 
Journal, 9(1), pp. 28–33. Available at: https://doi.org/10.7861/fhj.2021-0148. 

Recker, J. (2016) “Toward a design theory for Green Information Systems,” 2016 
49th Hawaii International Conference on System Sciences (HICSS), pp. 4474-
4483.Available at: https://doi.org/10.1109/hicss.2016.556.  

Reddy, L.K.V., Madithati, P., Narapureddy, B.R., Ravula, S.R., Vaddamanu, 
S.K., Alhamoudi, F.H., Minervini, G. and Chaturvedi, S. (2022) “Perception about 
health applications (apps) in smartphones towards telemedicine during COVID-
19: A cross-sectional study,” Journal of Personalized Medicine, 12(11), p. 1920. 
Available at: https://doi.org/10.3390/jpm12111920.  

Reinartz, W., Wiegand, N. and Imschloss, M. (2019) “The impact of digital 
transformation on the retailing value chain”, International Journal of Research in 
Marketing, 36(3), pp.350-366. Available at: https://doi.org/10.2139/ssrn.3299669. 

Remenyi, D. (2022) “Case study research: The quick guide series.” Available at: 
https://doi.org/10.36615/9781776413409.  

Ricciardi, W. (2019) “Assessing the impact of digital transformation of health 
services: Opinion by the expert panel on effective ways of investing in Health 
(EXPH),” European Journal of Public Health, 29(4), pp.185-769.Available at: 
https://doi.org/10.1093/eurpub/ckz185.769.  

https://doi.org/10.1080/00336297.2017.1335646
https://doi.org/10.1017/s1463423622000068
https://doi.org/10.1080/23744235.2019.1688862
https://doi.org/10.7861/fhj.2021-0148


325 
 

 

Richter, I., Thøgersen, J. and Klöckner, C. (2018) “A social norms intervention 
going wrong: Boomerang effects from descriptive norms information,” 
Sustainability, 10(8), p. 2848. Available at: https://doi.org/10.3390/su10082848.  

Rifqi, V.A. and Endratno, H. (2015) “Pengaruh perceived quality, perceived 
sacrifice, perceived value, Dan Price fairness terhadap customer satisfaction 
Taman Sari rasa waterpark cilacap,” Media Ekonomi, 15(2), p. 89. Available at: 
https://doi.org/10.30595/medek.v15i2.1292. 

Rigdon, E.E., Sarstedt, M. and Ringle, C.M. (2017) “On comparing results from 
CB-SEM and PLS-SEM: Five perspectives and five recommendations,” 
Marketing ZFP, 39(3), pp. 4–16. Available at: https://doi.org/10.15358/0344-
1369-2017-3-4.  

Riggs, K.W. and Morales, D.L. (2019) “Providing mechanical support to children 
size and anatomical considerations,” Mechanical Circulatory Support, pp. 246–
254. Available at: https://doi.org/10.1093/med/9780190909291.003.0030.  

Rindfleisch, A., Malter, A.J., Ganesan, S. and Moorman, C. (2008) “Cross-
sectional versus longitudinal survey research: Concepts, findings, and 
Guidelines,” Journal of Marketing Research, 45(3), pp. 261–279. Available at: 
https://doi.org/10.1509/jmkr.45.3.261.  

Rinke N., von Gösseln I., Kochkine V., Schweitzer J., Berkhahn V., Berner F., 
Kutterer H., Neumann I., Schwieger V. (2017) “Simulating quality assurance and 
efficiency analysis between Construction Management and engineering 
geodesy,” Automation in Construction, 76, pp. 24–35. Available at: 
https://doi.org/10.1016/j.autcon.2017.01.009. 

Rishi, B. and Popli, S. (2021) “Getting into the customers, shoes: Customer 
Journey Management,” Crafting Customer Experience Strategy, pp. 21–45. 
Available at: https://doi.org/10.1108/978-1-83909-710-220211002.  

Rita, P., Oliveira, T. and Farisa, A. (2019) “The impact of E-service quality and 
customer satisfaction on customer behavior in online shopping,” Heliyon, 5(10). 
Available at: https://doi.org/10.1016/j.heliyon.2019.e02690.  

Rivillas, J.C. and Colonia, F.D. (2017) “Reducing causes of inequity: Policies 
focused on social determinants of health during generational transitions in 
Colombia,” Global Health Action, 10(1), p. 1349238. Available at: 
https://doi.org/10.1080/16549716.2017.1349238.  

Roberts, R., Flin, R., Millar, D. and Corradi, L., (2021) “Psychological factors 
influencing technology adoption: A case study from the oil and Gas Industry,” 
Technovation, 102, p. 102219. Available at: 
https://doi.org/10.1016/j.technovation.2020.102219. 

Robinson, M. and Ross, E.L. (2013) “Gender and sexual minorities: Intersecting 
inequalities and health,” Ethnicity and Inequalities in Health and Social Care, 
6(4), pp. 91–96. Available at: https://doi.org/10.1108/eihsc-01-2014-0003.  

https://doi.org/10.30595/medek.v15i2.1292
https://doi.org/10.1016/j.autcon.2017.01.009
https://doi.org/10.1080/16549716.2017.1349238
https://doi.org/10.1016/j.technovation.2020.102219


326 
 

 

Roco, M.C. (2020) “Principles of convergence in nature and society and their 
application: From nanoscale, digits, and logic steps to Global Progress,” Journal 
of Nanoparticle Research, 22(11). Available at: https://doi.org/10.1007/s11051-
020-05032-0.  

Rodis, J., Aungst, T.D., Brown, N.V., Cui, Y. and Tam, L. (2016) “Enhancing 
pharmacy student learning and perceptions of medical apps,” JMIR mHealth and 
uHealth, 4(2). Available at: https://doi.org/10.2196/mhealth.4843. 

Roelofs, L. (2016) “The unity of consciousness, within subjects and between 
subjects,” Philosophical Studies, 173(12), pp. 3199–3221. Available at: 
https://doi.org/10.1007/s11098-016-0658-7.  

Roldán, J.L. (2021) “Review of composite-based structural equation modeling: 
Analyzing latent and emergent variables,” Structural Equation Modeling: A 
Multidisciplinary Journal, 28(5), pp. 823–825. Available at: 
https://doi.org/10.1080/10705511.2021.1910038.  

Romiti, A. and Sarti, D. (2016) “Service quality experience and customers’ 
behavioural intentions in active sport tourism,” Modern Economy, 07(12), pp. 
1361–1384. Available at: https://doi.org/10.4236/me.2016.712127.  

Rosewell, A., Shearman, P., Ramamurthy, S. and Akers, R. (2021) 
“Transforming the health information system using mobile and Geographic 
Information Technologies, Papua New Guinea,” Bulletin of the World Health 
Organization, 99(5). Available at: https://doi.org/10.2471/blt.20.267823.  

Ross, F. (2020) “A perspective on the application of Kapferer's brand identity 
prism in the branding process of hearing aid retail companies,” GATR Journal of 
Management and Marketing Review, 5(3), pp. 141–146. Available at: 
https://doi.org/10.35609/jmmr.2020.5.3(2).  

Roth, J., Steffens, M.C. and Vignoles, V.L. (2018) “Group membership, group 
change, and intergroup attitudes: A recategorization model based on cognitive 
consistency principles,” Frontiers in Psychology, 9,p.479. Available at: 
https://doi.org/10.3389/fpsyg.2018.00479.  

Rowbotham, M.C. and McDermott, M.P. (2019) “Ethical considerations in the 
design, execution, and analysis of clinical trials of chronic pain treatments,” PAIN 
Reports, 4(3). Available at: https://doi.org/10.1097/pr9.0000000000000646.  

Rowland, S.P., Fitzgerald, J.E., Holme, T., Powell, J. and McGregor, A. (2020) 
“What is the clinical value of mHealth for patients?,” npj Digital Medicine, 3(1). 
Available at: https://doi.org/10.1038/s41746-019-0206-x. 

Roy, D. (2018) “Women, gender and employment in rural West Bengal,” 
Employment, Poverty and Rights in India, pp. 138–165. Available at: 
https://doi.org/10.4324/9781351065429-6.  

Rudert, S.C. and Janke, S. (2021) “Following the crowd in times of crisis: 
Descriptive norms predict physical distancing, stockpiling, and Prosocial 

https://doi.org/10.1038/s41746-019-0206-x


327 
 

 

behavior during the COVID-19 pandemic.” Available at: 
https://doi.org/10.31234/osf.io/qmn2t.  

Ruggeri, K., Garcia-Garzon, E., Maguire, Á., Matz, S. and Huppert, F.A. (2020) 
“Well-being is more than happiness and life satisfaction: A multidimensional 
analysis of 21 countries,” Health and Quality of Life Outcomes, 18(1). Available 
at: https://doi.org/10.1186/s12955-020-01423-y. 

Ruslim, T.S., Rahardjo, M. and Widjaya, H. (2017) “Pengaruh subjective Norm 
Dan perceived behavioral control TERHADAP intention to commit digital piracy,” 
Jurnal Ekonomi, 22(3). Available at: https://doi.org/10.24912/je.v22i3.283.  

Rust, R.T. and Oliver, R.L. (1994) “Service quality: Insights and managerial 
implications from the Frontier,” Service Quality: New Directions in Theory and 
Practice, pp. 1–20. Available at: https://doi.org/10.4135/9781452229102.n1.  

Ryu, S. (2012) “Book review: Mhealth: New Horizons for Health Through Mobile 
Technologies: Based on the findings of the Second Global Survey on eHealth 
(Global Observatory for eHealth Series, Volume 3),” Healthcare Informatics 
Research, 18(3), p. 231. Available at: https://doi.org/10.4258/hir.2012.18.3.231. 

Sadabad, A.T. and Kama, N. (2014) “Action driven decision modeling framework 
towards formulating software project management tacit knowledge,” Journal of 
Software, 9(9). pp.2474-2483.Available at: https://doi.org/10.4304/jsw.9.9.2474-
2483.  

Safi, S., Thiessen, T. and Schmailzl, K.J.G. (2018) “Acceptance and resistance 
of new digital technologies in Medicine: Qualitative Study,” JMIR Research 
Protocols, 7(12). Available at: https://doi.org/10.2196/11072. 

Saha, A. and Das, R. (2022) “Relation Between Bank Capital and recession: 
Impact of COVID on Commercial Bank,” SSRN Electronic Journal [Preprint]. 
Available at: https://doi.org/10.2139/ssrn.4015721.  

Sahay, S., Sundararaman, T. and Braa, J. (2017) “Measuring progress towards 
Universal Health Coverage and post-2015 sustainable development 
goals,”  Oxford University Press, pp.7-17.Available at: 
https://doi.org/10.1093/med/9780198758778.003.0008.  

Said, M. and Mustaking, M. (2020) “The effect of perceived quality, perceived 
sacrifice and perceived risk on customers’ perception of product value for 
electronic product,” PINISI Discretion Review, 1(1), pp.225-242.Available at: 
https://doi.org/10.26858/pdr.v1i1.13658.  

Sajtos, L. and Magyar, B. (2016) “Auxiliary theories as translation mechanisms 
for measurement model specification,” Journal of Business Research, 69(8), pp. 
3186–3191. Available at: https://doi.org/10.1016/j.jbusres.2015.12.007.  

Sakaria, D., Maat, S.M. and Mohd, M. M.E. (2023) “Examining the optimal choice 
of Sem Statistical Software Packages for Sustainable Mathematics Education: A 

https://doi.org/10.4135/9781452229102.n1
https://doi.org/10.4258/hir.2012.18.3.231
https://doi.org/10.2196/11072
https://doi.org/10.1016/j.jbusres.2015.12.007


328 
 

 

systematic review,” Sustainability, 15(4), p. 3209. Available at: 
https://doi.org/10.3390/su15043209.  

Salazar, C.C. and Ramírez,C. P. (2021) “Predicting the intention to donate blood 
among blood donors using a decision tree algorithm,” Symmetry, 13(8), p. 1460. 
Available at: https://doi.org/10.3390/sym13081460.  

Saleeshya, P.G. and Harikumar, P. (2022) “An empirical investigation of 
performance assessment of Indian Healthcare Industry,” International Journal of 
Productivity and Performance Management. Available at: 
https://doi.org/10.1108/ijppm-05-2021-0263.  

Salihu, A., Metin, H., Hajrizi, E. and Ahmeti, M., (2019) ‘The effect of security and 
ease of use on reducing the problems/deficiencies of electronic banking 
services’, IFAC-PapersOnLine, 52(25), pp.159-163. Available at: 
https://doi.org/10.1016/j.ifacol.2019.12.465.  

Salleh, M.K., Othman, A.T. and Abdullah, A.G. (2021) “Specifying servant 
leadership as reflective-formative hierarchical component models (HCM) in the 
context of PLS-SEM,” International Journal of Academic Research in 
Progressive Education and Development, 10(2), pp.374-391.Available at: 
https://doi.org/10.6007/ijarped/v10-i2/9796.  

Salmons, J. and Denicolo, P. (2022) “Understanding the constructs of a selected 
theory,” Selecting and Developing Theoretical Frameworks [Preprint]. Available 
at: https://doi.org/10.4135/9781071881880.  

Salmons, J. and Denicolo, P. (2022) “Understanding the constructs of a selected 
theory,” Selecting and Developing Theoretical Frameworks [Preprint]. Available 
at: https://doi.org/10.4135/9781071881880.  

Samnani, A.A.B.A., Rizvi, N., Ali, T.S. and Abrejo, F. (2017) “Barriers or gaps in 
implementation of misoprostol use for post-abortion care and post-partum 
hemorrhage prevention in developing countries: A systematic review,” 
Reproductive Health, 14(1).pp-1-10. Available at: https://doi.org/10.1186/s12978-
017-0383-5. 

Samuelson, P. (2010) “What effects do legal rules have on Service Innovation?,” 
Handbook of Service Science, pp. 603–622. Available at: 
https://doi.org/10.1007/978-1-4419-1628-0_26.  

San, M. S., Prodanova, J. and Jiménez, N. (2015) “The impact of age in the 
generation of satisfaction and WOM in Mobile Shopping,” Journal of Retailing 
and Consumer Services, 23, pp. 1–8. Available at: 
https://doi.org/10.1016/j.jretconser.2014.11.001.  

Sanagorski, L.A. and Monaghan, P. (2014) “Using social norms to increase 
behavior change in sustainable landscaping,” EDIS, 2014(4). Available at: 
https://doi.org/10.32473/edis-wc158-2014.  

https://doi.org/10.1186/s12978-017-0383-5
https://doi.org/10.1186/s12978-017-0383-5


329 
 

 

Sanders, C., Rogers, A., Bowen, R., Bower, P., Hirani, S., Cartwright, M., 
Fitzpatrick, R., Knapp, M., Barlow, J., Hendy, J. and Chrysanthaki, T. (2012) 
“Exploring barriers to participation and adoption of telehealth and Telecare within 
the whole system demonstrator trial: A qualitative study,” BMC Health Services 
Research, 12(1). Available at: https://doi.org/10.1186/1472-6963-12-220. 

Santoro, M. (2022) “The Chinese are coming: China’s investments in Brazil,” 
Brazil–China Relations in the 21st Century, pp. 47–69. Available at: 
https://doi.org/10.1007/978-981-19-0353-3_3.  

Santos, V. M.L., Gómez-Rico, M., Molina-Collado, A. and Davison, R.M. (2022) 
“Building user engagement to mhealth apps from a learning perspective: 
Relationships among functional, emotional and social drivers of user value,” 
Journal of Retailing and Consumer Services, 66, p. 102956. Available at: 
https://doi.org/10.1016/j.jretconser.2022.102956. 

Santoso, B.S. and Siregar, S.L. (2018) “Factors affecting use behavior to use 
transportation services applications using unified theory of acceptance and use 
of Technology (UTAUT) 2 model,” Jurnal Ilmiah Informatika Komputer, 23(2), pp. 
80–94. Available at: https://doi.org/10.35760/ik.2018.v23i2.2350.  

Sarstedt, M., Hair, J.F., Ringle, C.M., Thiele, K.O. and Gudergan, S.P. (2016) 
“Estimation issues with PLS and CBSEM: Where the bias lies!,” Journal of 
Business Research, 69(10), pp. 3998–4010. Available at: 
https://doi.org/10.1016/j.jbusres.2016.06.007. 

Saunders, S.G., Barrington, D.J. and Sridharan, S. (2015) “Redefining social 
marketing: Beyond behavioural change,” Journal of Social Marketing, 5(2), pp. 
160–168. Available at: https://doi.org/10.1108/jsocm-03-2014-0021.  

Saut, M. and Bie, S. (2022) “Impact of service expectation, experiential quality, 
and perceived value on hotel customer satisfaction,” Journal of Quality 
Assurance in Hospitality & Tourism, pp. 1–29. Available at: 
https://doi.org/10.1080/1528008x.2022.2141414.  

Scherer, E.A., Ben, Z. D., Li, Z. and Kane, J.M. (2017) “Analyzing mhealth 
engagement: Joint models for intensively collected user engagement data,” JMIR 
mHealth and uHealth, 5(1). Available at: https://doi.org/10.2196/mhealth.6474. 

Schewel, K. (2019) “Understanding immobility: Moving beyond the mobility bias 
in migration studies,” International Migration Review, 54(2), pp. 328–355. 
Available at: https://doi.org/10.1177/0197918319831952.  

Schierz, P.G., Schilke, O. and Wirtz, B.W. (2010) “Understanding consumer 
acceptance of mobile payment services: An empirical analysis,” Electronic 
Commerce Research and Applications, 9(3), pp. 209–216. Available at: 
https://doi.org/10.1016/j.elerap.2009.07.005.  

Schneider, H. and Lehmann, U. (2016) “From community health workers to 
Community Health Systems: Time to widen the horizon?,” Health Systems & 

https://doi.org/10.1186/1472-6963-12-220
https://doi.org/10.1016/j.jbusres.2016.06.007
https://doi.org/10.1108/jsocm-03-2014-0021
https://doi.org/10.1080/1528008x.2022.2141414
https://doi.org/10.2196/mhealth.6474


330 
 

 

Reform, 2(2), pp. 112–118. Available at: 
https://doi.org/10.1080/23288604.2016.1166307.  

Schönfelder, M., Hinterseher, G., Peter, P. and Spitzenpfeil, P. (2011) “Scientific 
comparison of different online heart rate monitoring systems,” International 
Journal of Telemedicine and Applications, 2011, pp. 1–6. Available at: 
https://doi.org/10.1155/2011/631848. 

Schumacker, R.E. (2017) “Structural equation modeling: An overview,” Wiley 
StatsRef: Statistics Reference Online, pp. 1–14. Available at: 
https://doi.org/10.1002/9781118445112.stat06458.pub2.  

Schwartz, S.H. (1977) “Normative influences on altruism,” Advances in 
Experimental Social Psychology, pp. 221–279. Available at: 
https://doi.org/10.1016/s0065-2601(08)60358-5.  

Schwartz, S.H. (2012) “An overview of the schwartz theory of basic values,” 
Online Readings in Psychology and Culture, 2(1) pp.2307-0919. Available at: 
https://doi.org/10.9707/2307-0919.1116.  

Schwarz, C., Schwarz, A. and Black, W.C. (2014) “Examining the impact of 
multicollinearity in discovering higher-order Factor Models,” Communications of 
the Association for Information Systems, 34(1), p.62. Available at: 
https://doi.org/10.17705/1cais.03462.  

Seavey, R. (2017) “Chapter 6: Standards and evidence-based guidelines,” 
Sterile Processing in Healthcare Facilities. Available at: 
https://doi.org/10.2345/9781570206887.ch6.  

Sekhon, M., Cartwright, M. and Francis, J.J. (2022) “Development of a theory-
informed questionnaire to assess the acceptability of healthcare interventions,” 
BMC Health Services Research, 22(1), p.279.Available at: 
https://doi.org/10.1186/s12913-022-07577-3.  

Sen-Crowe, B., Sutherland, M., McKenney, M. and Elkbuli, A. (2021) “A closer 
look into global hospital beds capacity and resource shortages during the 
COVID-19 pandemic,” Journal of Surgical Research, 260, pp. 56–63. Available 
at: https://doi.org/10.1016/j.jss.2020.11.062. 

Serdar, C.C., Cihan, M., Yücel, D. and Serdar, M.A. (2021) “Sample size, power 
and effect size revisited: Simplified and practical approaches in pre-clinical, 
clinical and laboratory studies,” Biochemia medica, 31(1), pp. 27–53. Available 
at: https://doi.org/10.11613/bm.2021.010502. 

Setia, M.S. (2016) “Methodology series module 3: Cross-sectional studies,” 
Indian Journal of Dermatology, 61(3), p. 261. Available at: 
https://doi.org/10.4103/0019-5154.182410.  

Sezgin, E. (2021) “Can we use commercial mobile apps instead of Research 
Mobile Apps in healthcare research?,” Frontiers in Public Health, 9, p.685439. 
Available at: https://doi.org/10.3389/fpubh.2021.685439.  

https://doi.org/10.1155/2011/631848
https://doi.org/10.2345/9781570206887.ch6


331 
 

 

Shafiq, M., Naeem, M.A., Munawar, Z. and Fatima, I., (2017) “Service Quality 
Assessment of hospitals in Asian context: An empirical evidence from Pakistan,” 
INQUIRY: The Journal of Health Care Organization, Provision, and Financing, 
54, p. 004695801771466. Available at: 
https://doi.org/10.1177/0046958017714664.  

Shafique, S., Bhattacharyya, D.S., Anwar, I. and Adams, A. (2018) “Right to 
health and social justice in Bangladesh: Ethical dilemmas and obligations of 
state and non-state actors to ensure health for urban poor,” BMC Medical Ethics, 
19(1), pp.61-69.Available at: https://doi.org/10.1186/s12910-018-0285-2. 

Shah, S.S., Gvozdanovic, A., Knight, M. and Gagnon, J. (2021) “Mobile app–
based remote patient monitoring in acute medical conditions: Prospective 
Feasibility Study Exploring Digital Health Solutions on clinical workload during 
the Covid Crisis,” JMIR Formative Research, 5(1). Available at: 
https://doi.org/10.2196/23190. 

Shahen, M.A., Islam, M.R. and Ahmed, R. (2020) ‘Challenges for health care 
services in Bangladesh: An overview’, IOSR Journal of Nursing and Health 
Science, 9, pp.13-24. Available at: https://DOI:10.9790/1959-0901011324  

Shahroz, M., Ahmad, F., Younis, M.S., Ahmad, N., Boulos, M.N.K., Vinuesa, R. 
and Qadir, J. (2021) “Covid-19 digital contact tracing applications and 
techniques: A review post initial deployments,” Transportation Engineering, 5, p. 
100072. Available at: https://doi.org/10.1016/j.treng.2021.100072. 

Shareef, M.A., Kumar, V. and Kumar, U. (2014) “Predicting mobile health 
adoption behaviour: A demand side perspective,” Journal of Customer 
Behaviour, 13(3), pp. 187–205. Available at: 
https://doi.org/10.1362/147539214x14103453768697.  

Sharma, H. (2021) “Statistical significance or clinical significance? A researcher's 
dilemma for appropriate interpretation of research results,” Saudi Journal of 
Anaesthesia, 15(4), p. 431. Available at: https://doi.org/10.4103/sja.sja_158_21.  

Shcherba, O.I. (2020) “A consumer behavior: The impact of post-purchase 
satisfaction and POST-PURCHASE Dissonance,” Habitus, (20), pp. 20–25. 
Available at: https://doi.org/10.32843/2663-5208.2020.20.2.  

Sheeran, P. and Webb, T.L. (2016) “The intention-behavior gap,” Social and 
Personality Psychology Compass, 10(9), pp. 503–518. Available at: 
https://doi.org/10.1111/spc3.12265.  

Shepherd, R. and Raats, M.M. (1996) “Attitudes and beliefs in food habits,” Food 
Choice, Acceptance and Consumption, pp. 346–364. Available at: 
https://doi.org/10.1007/978-1-4613-1221-5_10.  

Shi, D. and Maydeu, O. A. (2019) “The effect of estimation methods on Sem Fit 
indices,” Educational and Psychological Measurement, 80(3), pp. 421–445. 
Available at: https://doi.org/10.1177/0013164419885164.  

https://doi.org/10.1186/s12910-018-0285-2
https://doi.org/10.2196/23190


332 
 

 

Shilton, T. and Barry, M.M. (2021) “The critical role of health promotion for 
effective Universal Health Coverage,” Global Health Promotion, 29(1), pp. 92–
95. Available at: https://doi.org/10.1177/1757975920984217.  

Shirima, K., Mukasa, O., Schellenberg, J.A., Manzi, F., John, D., Mushi, A., 
Mrisho, M., Tanner, M., Mshinda, H. and Schellenberg, D. (2007) “The use of 
personal digital assistants for data entry at the point of collection in a large 
household survey in southern Tanzania,” Emerging Themes in Epidemiology, 
4(1), pp.1-8.Available at: https://doi.org/10.1186/1742-7622-4-5.  

Shneor, R. and Munim, Z.H. (2019) “Reward crowdfunding contribution as 
planned behaviour: An extended framework,” Journal of Business Research, 
103, pp. 56–70. Available at: https://doi.org/10.1016/j.jbusres.2019.06.013. 

Shrivastava, M. and Kumar, D. (2022) “The potential of artificial intelligence in 
public healthcare industry,” Impact of Artificial Intelligence on Organizational 
Transformation, pp. 349–360. Available at: 
https://doi.org/10.1002/9781119710301.ch20.  

Siadat, S.H., Buyut, V.C. and Selamat, H. (2008) “Measuring service quality in e-
retailing using SERVQUAL model,” 2008 International Symposium on 
Information Technology, 3, pp-1-7.Available at: 
https://doi.org/10.1109/itsim.2008.4632026.  

Siddiqui, M.H. and Sharma, T.G. (2010) “Analyzing customer satisfaction with 
service quality in life insurance services,” Journal of Targeting, Measurement 
and Analysis for Marketing, 18(3-4), pp. 221–238. Available at: 
https://doi.org/10.1057/jt.2010.17.  

Silva, B.M., Rodrigues, J.J., de la Torre Díez, I., López-Coronado, M. and 
Saleem, K. (2015) “Mobile-Health: A Review of current state in 2015,” Journal of 
Biomedical Informatics, 56, pp. 265–272. Available at: 
https://doi.org/10.1016/j.jbi.2015.06.003.  

Silver, S. A., McQuillan, R., Harel, Z., Weizman, A. V., Thomas, A., Nesrallah, 
G., Bell, C. M., Chan, C. T., & Chertow, G. M. (2016) ‘How to Sustain Change 
and Support Continuous Quality Improvement’,Clinical journal of the American 
Society of Nephrology : CJASN, 11(5),pp. 916–924. Available at: 
https://doi.org/10.2215/CJN.1150101 

Sime, A.W. (2016) “WebRTC: Delivering telehealth in the browser,” mHealth, 2, 
pp. 11–11. Available at: https://doi.org/10.21037/mhealth.2016.03.08.  

Singh, N., Sinha, N. and Liébana-Cabanillas, F.J. (2020) “Determining factors in 
the adoption and recommendation of Mobile Wallet Services in India: Analysis of 
the effect of innovativeness, stress to use and social influence,” International 
Journal of Information Management, 50, pp. 191–205. Available at: 
https://doi.org/10.1016/j.ijinfomgt.2019.05.022.  

https://doi.org/10.1016/j.jbusres.2019.06.013
https://doi.org/10.1109/itsim.2008.4632026
https://doi.org/10.2215/CJN.1150101


333 
 

 

Singh, S. and Sagar, R. (2021) “A critical look at online survey or questionnaire-
based research studies during COVID-19,” Asian Journal of Psychiatry, 65, p. 
102850. Available at: https://doi.org/10.1016/j.ajp.2021.102850.  

Slack, N., Singh, G. and Sharma, S. (2020) “The effect of supermarket service 
quality dimensions and customer satisfaction on customer loyalty and disloyalty 
dimensions,” International Journal of Quality and Service Sciences, 12(3), pp. 
297–318. Available at: https://doi.org/10.1108/ijqss-10-2019-0114.  

Snyder, H. (2019) “Literature review as a research methodology: An overview 
and guidelines,” Journal of Business Research, 104, pp. 333–339. Available at: 
https://doi.org/10.1016/j.jbusres.2019.07.039. 

Soegaard Ballester, J. M., Bass, G. D., Urbani, R., Fala, G., Patel, R., Leri, D., 
Steinkamp, J. M., Denson, J. L., Rosin, R., Adusumalli, S., Hanson, C. W., 
Koppel, R., & Airan-Javia, S.  (2021) “A Mobile, electronic health record-
connected application for managing team workflows in inpatient care,” Applied 
Clinical Informatics, 12(5), pp. 1120–1134. Available at: https://doi.org/10.1055/s-
0041-1740256.  

Soliman, W. and Rinta, K.T. (2020) “Toward a refined conceptualization of is 
discontinuance: Reflection on the past and a way forward,” Information & 
Management, 57(2), p. 103167. Available at: 
https://doi.org/10.1016/j.im.2019.05.002.  

Song, T., Deng, N., Cui, T., Qian, S., Liu, F., Guan, Y. and Yu, P. (2021) 
“Measuring success of patients’ continuous use of mobile health services for 
self-management of chronic conditions: Model Development and validation,” 
Journal of Medical Internet Research, 23(7). Available at: 
https://doi.org/10.2196/26670.  

Sousa, R. and Voss, C.A. (2006) “Service quality in multichannel services 
employing virtual channels,” Journal of Service Research, 8(4), pp. 356–371. 
Available at: https://doi.org/10.1177/1094670506286324.  

Sparks, P., Shepherd, R. and Frewer, L.J. (1995) “Assessing and structuring 
attitudes toward the use of gene technology in food production: The role of 
perceived ethical obligation,” Basic and Applied Social Psychology, 16(3), pp. 
267–285. Available at: https://doi.org/10.1207/s15324834basp1603_1.  

Sreedharan, S., Kulkarni, A. and Kambhampati, S. (2022) “Measures of 
Interpretability,” Synthesis Lectures on Artificial Intelligence and Machine 
Learning, pp. 15–26. Available at: https://doi.org/10.1007/978-3-031-03767-2_2.  

Statista (2022) Forecast number of mobile users worldwide from 2020 to 2025. 
Available at: https://www.statista.com/statistics/218984/number-of-global-mobile-
users-since-2010/ (Accessed: 15 July 2022). 

Steffen, C. (2019) “I went to college with an electric typewriter, and other 
cautionary tales,” Soft Skills for the New Journalist, pp. 10–14. Available at: 
https://doi.org/10.4324/9780429489631-3.  

https://doi.org/10.1016/j.jbusres.2019.07.039


334 
 

 

Steg, L. (2016) “Values, norms, and intrinsic motivation to act 
proenvironmentally,” Annual Review of Environment and Resources, 41(1), pp. 
277–292. Available at: https://doi.org/10.1146/annurev-environ-110615-085947.  

Steinhubl, S.R., Muse, E.D. and Topol, E.J. (2015) “The emerging field of Mobile 
Health,” Science Translational Medicine, 7(283). Available at: 
https://doi.org/10.1126/scitranslmed.aaa3487.  

Stiakakis, E. and Georgiadis, C.K. (2009) “E‐service quality: Comparing the 
perceptions of providers and customers,” Managing Service Quality: An 
International Journal, 19(4), pp. 410–430. Available at: 
https://doi.org/10.1108/09604520910971539.  

Stock, C. and Vallentin, H. l (2020) “How effective is a social norms programme 
in changing perceived injunctive norms about drug use?,” European Journal of 
Public Health, 30(05), pp- pp.165-243.Available at: 
https://doi.org/10.1093/eurpub/ckaa165.243.  

Stodnick, M. and Rogers, P. (2008) “Using servqual to measure the quality of the 
classroom experience,” Decision Sciences Journal of Innovative Education, 6(1), 
pp. 115–133. Available at: https://doi.org/10.1111/j.1540-4609.2007.00162.x.  

Stoller, S.D. (2015) “Mobile learning beyond tablets and smartphones: How 
mobile and networked devices enable new mobile learning scenarios,” 
Handbook of Mobile Teaching and Learning, pp. 953–971. Available at: 
https://doi.org/10.1007/978-3-642-54146-9_71.  

Stone, E.M., Chen, L.N., Daumit, G.L., Linden, S. and McGinty, E.E. (2019) 
“General medical clinicians’ attitudes toward people with serious mental illness: 
A scoping review,” The Journal of Behavioral Health Services & Research, 46(4), 
pp. 656–679. Available at: https://doi.org/10.1007/s11414-019-09652-w. 

Stoyanova, J., Brito, P.Q., Georgieva, P. and Milanova, M. (2015) “Comparison 
of consumer purchase intention between interactive and augmented reality 
shopping platforms through statistical analyses,” 2015 International Symposium 
on Innovations in Intelligent SysTems and Applications (INISTA), pp. 1-
8.Available at: https://doi.org/10.1109/inista.2015.7276727. 

Strijker, D., Bosworth, G. and Bouter, G. (2020) “Research methods in rural 
studies: Qualitative, quantitative and mixed methods,” Journal of Rural Studies, 
78, pp. 262–270. Available at: https://doi.org/10.1016/j.jrurstud.2020.06.007.  

Sulaiman, S.M. and Musnadi, S. (2018) “Customer relationship management, 
customer satisfaction and its impact on customer loyalty,” Proceedings of the 7th 
International Conference on Multidisciplinary Research, pp-692-698. Available 
at: https://doi.org/10.5220/0008892606920698.  

Sullivan, A.N. and Lachman, M.E. (2017) “Behavior change with fitness 
technology in sedentary adults: A review of the evidence for increasing physical 
activity,” Frontiers in Public Health, 4, p.289.Available at: 
https://doi.org/10.3389/fpubh.2016.00289.  

https://doi.org/10.1108/09604520910971539
https://doi.org/10.5220/0008892606920698


335 
 

 

Sullivan, G.M. and Artino, A.R. (2013) “Analyzing and interpreting data from 
likert-type scales,” Journal of Graduate Medical Education, 5(4), pp. 541–542. 
Available at: https://doi.org/10.4300/jgme-5-4-18.  

Sullivan, G.M. and Feinn, R. (2012) “Using effect size—or why the p value is not 
enough,” Journal of Graduate Medical Education, 4(3), pp. 279–282. Available 
at: https://doi.org/10.4300/jgme-d-12-00156.1.  

Sultan, P. and Yin, W.H. (2013) “Antecedents and consequences of service 
quality in a higher education context,” Quality Assurance in Education, 21(1), pp. 
70–95. Available at: https://doi.org/10.1108/09684881311293070.  

Sun, S., Law, R. and Schuckert, M. (2020) “Mediating effects of attitude, 
subjective norms and perceived behavioural control for mobile payment-based 
hotel reservations,” International Journal of Hospitality Management, 84, p. 
102331. Available at: https://doi.org/10.1016/j.ijhm.2019.102331.  

Sun, Y. and Sun, M. (2021) “How peer influence mediates the effects of video 
games playing on adolescents’ aggressive behavior,” Children and Youth 
Services Review, 130, p. 106225. Available at: 
https://doi.org/10.1016/j.childyouth.2021.106225.  

Sun, Y., Wang, N., Guo, X. and Peng, Z. (2013) “Understanding the acceptance 
of mobile health services: a comparison and integration of alternative models”, 
Journal of electronic commerce research, 14(2), p.183. 

Sun, Y., Zhang, Y., Gwizdka, J., and Trace, C. B. (2019) ‘Consumer Evaluation 
of the Quality of Online Health Information: Systematic Literature Review of 
Relevant Criteria and Indicators’, Journal of medical Internet research, 21(5), 
p.12522.Available at:  https://doi.org/10.2196/12522 

Swanson, V. and Maltinsky, W. (2019) “Motivational and behaviour change 
approaches for improving diabetes management,” Practical Diabetes, 36(4), pp. 
121–125. Available at: https://doi.org/10.1002/pdi.2229.  

Tabak, R.G., Hook, M., Chambers, D.A., Brownson, R.C., Colditz, G.A. and 
Proctor, E.K. (2017) “The conceptual basis for dissemination and implementation 
research,” Oxford Scholarship Online. Available at: 
https://doi.org/10.1093/oso/9780190683214.003.0005. 

Taber, K.S. (2017) “The use of Cronbach’s alpha when developing and 
Reporting Research Instruments in science education,” Research in Science 
Education, 48(6), pp. 1273–1296. Available at: https://doi.org/10.1007/s11165-
016-9602-2.  

Tabi, K., Randhawa, A.S., Choi, F., Mithani, Z., Albers, F., Schnieder, M., Nikoo, 
M., Vigo, , K., Demlova, R. and Krausz, M. (2019) “Mobile apps for Medication 
Management: Review and Analysis,” JMIR mHealth and uHealth, 7(9). Available 
at: https://doi.org/10.2196/13608. 

https://doi.org/10.2196/12522
https://doi.org/10.2196/13608


336 
 

 

Taherdoost, H. (2018) “Development of an adoption model to assess user 
acceptance of E-service technology: E-Service Technology Acceptance Model,” 
Behaviour & Information Technology, 37(2), pp. 173–197. Available at: 
https://doi.org/10.1080/0144929x.2018.1427793.  

Tahiri, A., Kovaci, I., Dimoska, T. and Meha, A. (2022) “Impact of Motivation on 
Employee Performance in The Hospitality Industry”, QUALITY Access to 
Success, 23(187), pp.58-64. Available at: https://doi.org/ 
10.47750/qas/23.187.07. 

Tai, T.E. and Tang, C.W. (2021) “The role of graduate students’ learning 
strategies in reducing their English medium instruction avoidance: The mediation 
effect of language anxiety”, Asia Pacific Journal of Education, 41(2), pp.368-384. 
Available at: https:// doi.org/10.20472/iac.2019.048.055. 

Tan, H. and Yan, M. (2020) “Physician-user interaction and users' perceived 
service quality: Evidence from Chinese Mobile Healthcare Consultation,” 
Information Technology & People, 33(5), pp. 1403–1426. Available at: 
https://doi.org/10.1108/itp-01-2019-0039.  

Tang, Z. and Chen, L. (2020) “Exploring the drivers of Brand fan page follower 
discontinuance intention: An adaptation of the Furneaux and Wade's framework,” 
Information Technology & People, 33(5), pp. 1381–1401. Available at: 
https://doi.org/10.1108/itp-02-2019-0096.  

Tangari, G., Ikram, M., Ijaz, K., Kaafar, M.A. and Berkovsky, S. (2021) “Mobile 
Health and Privacy: Cross Sectional Study,” BMJ. Available at: 
https://doi.org/10.1136/bmj.n1248.  

Tanisah, T. and Maftukhah, I. (2015) “The effects of service quality, customer 
satisfaction, trust, and perceived value towards customer loyalty,” Jurnal 
Dinamika Manajemen, 6(1). Available at: https://doi.org/10.15294/jdm.v6i1.4296.  

Tarka, P. (2017) “An overview of structural equation modeling: Its beginnings, 
historical development, usefulness and controversies in the Social Sciences,” 
Quality & Quantity, 52(1), pp. 313–354. Available at: 
https://doi.org/10.1007/s11135-017-0469-8.  

Tavakol, M. and Wetzel, A. (2020) “Factor analysis: A means for theory and 
instrument development in support of construct validity,” International Journal of 
Medical Education, 11, pp. 245–247. Available at: 
https://doi.org/10.5116/ijme.5f96.0f4a.  

Tavares, A.M., Garcia, A.C., Gama, A., Abecasis, A.B., Viveiros, M. and Dias, S. 
(2019) “Tuberculosis care for migrant patients in Portugal: A mixed methods 
study with primary healthcare providers,” BMC Health Services Research, 19(1), 
pp.1-11.Available at: https://doi.org/10.1186/s12913-019-4050-0. 

Taylor, M.M. (2016) “A critical evaluation of empirical non-linear control system 
and system dynamics modeling theories for mitigating risks arising from bullwhip 

https://doi.org/10.1007/s11135-017-0469-8


337 
 

 

effect,” International Journal of Management & Information Systems (IJMIS), 
20(1), p. 1. Available at: https://doi.org/10.19030/ijmis.v20i1.9550.  

Teboul, J. (2007) Service is front stage: Positioning services for Value 
Advantage. 7th edn. Basingstoke: Palgrave Macmillan.  

Teeroovengadum, V., Kamalanabhan, T.J. and Seebaluck, A.K. (2016) 
“Measuring service quality in Higher Education,” Quality Assurance in Education, 
24(2), pp. 244–258. Available at: https://doi.org/10.1108/qae-06-2014-0028.  

Teisberg, E., Wallace, S. and O’Hara, S. (2020) “Defining and implementing 
value-based health care,” Academic Medicine, 95(5), pp. 682–685. Available at: 
https://doi.org/10.1097/acm.0000000000003122.  

The Global Health Observatory (2023) Density of Physicians (Total Number per 
1000 Population, Latest Available Year), Situation and Trends. Available at: 
http://www.who.int/gho/health_workforce/physicians_density/en/ (Accessed: 23 
May 2023). 

The World Bank (2022) Current health expenditure per capita (current US$). 
Available at: https://data.worldbank.org/indicator/SH.XPD.CHEX.PC.CD 
(Accessed: 27 December 2022) 

The World Bank (2022) Current health expenditure per capita (current US$). 
Available at: 
https://data.worldbank.org/indicator/SH.XPD.CHEX.GD.ZS(Accessed: 27 
December 2022) 

The World Bank DATA (2023) Nurses and midwives (per 1,000 people) – 
Bangladesh. Available at: 
https://data.worldbank.org/indicator/SH.MED.NUMW.P3?locations=BD 
(Accessed: 23 May 2023). 

The World Bank DATA (2023) Physicians (per 1,000 people) – Bangladesh 
Available at: 
https://data.worldbank.org/indicator/SH.MED.PHYS.ZS?locations=BD 
(Accessed: 23 May 2023). 

The World Health Organization (2023) WHO workforce support and safeguard 
list 2023. Available at: https://www.who.int/publications/i/item/9789240069787 
(Accessed: 20 May 2023). 

Thelwall, M. and Nevill, T. (2021) “Is research with qualitative data more 
prevalent and impactful now? interviews, case studies, focus groups and 
ethnographies,” Library & Information Science Research, 43(2), p.101094. 
Available at: https://doi.org/10.2139/ssrn.3833403.  

Theodosiou, M., Katsikea, E., Samiee, S. and Makri, K. (2019) “A comparison of 
formative versus reflective approaches for the measurement of Electronic 
Service Quality,” Journal of Interactive Marketing, 47, pp. 53–67. Available at: 
https://doi.org/10.1016/j.intmar.2019.03.004. 

http://www.who.int/gho/health_workforce/physicians_density/en/


338 
 

 

Thøgersen, J., Juhl, H.J. and Poulsen, C.S. (2009) “Complaining: A function of 
attitude, personality, and situation,” Psychology & Marketing, 26(8), pp. 760–777. 
Available at: https://doi.org/10.1002/mar.20298.  

Thomas, K., Müssener, U., Linderoth, C., Karlsson, N., Bendtsen, P. and 
Bendtsen, M. (2018) “Effectiveness of a text messaging-based intervention 
targeting alcohol consumption among university students: Randomized 
Controlled Trial”, JMIR mHealth and uHealth, 6(6). Available at: 
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC6037945/  

Tian, Z., Sun, X., Wang, J., Su, W., and Li, G. (2022) “Factors Affecting Green 
Purchase Intention: A Perspective of Ethical Decision Making”, International 
journal of environmental research and public health’, 19(18), pp.11151.  
Available at: https://doi.org/10.3390/ijerph191811151 

Tien, D.H., Amaya, R. A.A. and Liao, Y.K. (2019) “Examining the influence of 
customer-to-customer electronic word-of-mouth on purchase intention in social 
networking sites,” Asia Pacific Management Review, 24(3), pp. 238–249. 
Available at: https://doi.org/10.1016/j.apmrv.2018.06.003.  

Timotijevic, L., Hodgkins, C.E., Banks, A., Rusconi, P., Egan, B., Peacock, M., 
Seiss, E., Touray, M.M.L., Gage, H., Pellicano, C. and Spalletta, G. (2020) 
“Designing a mhealth clinical decision support system for parkinson’s disease: A 
theoretically grounded user needs approach,” BMC Medical Informatics and 
Decision Making, 20(1),pp.1-21. Available at: https://doi.org/10.1186/s12911-
020-1027-1.  

Tomic, S.T. and Janata, P. (2007) “Ensemble: A web-based system for 
psychology survey and experiment management,” Behavior Research Methods, 
39(3), pp. 635–650. Available at: https://doi.org/10.3758/bf03193036.  

Tomov, M.S., Yagati, S., Kumar, A., Yang, W. and Gershman, S.J. (2020) 
“Discovery of hierarchical representations for efficient planning,” PLOS 
Computational Biology, 16(4). Available at: 
https://doi.org/10.1371/journal.pcbi.1007594. 

Trad, A. and Kalpić, D. (2016) “The e-business transformation framework for e-
commerce architecture-modeling projects,” Encyclopedia of E-Commerce 
Development, Implementation, and Management, pp. 733–753. Available at: 
https://doi.org/10.4018/978-1-4666-9787-4.ch052.  

Tran, V.D. and Lương, L.A. (2020) “A study on comparing online, telephone and 
face to face surveys based on different sampling methods in coffee consumer in 
Vietnam,” Management Science Letters, pp. 665–674. Available at: 
https://doi.org/10.5267/j.msl.2019.9.012.  

Triwibowo, W. (2018) “Understanding online political participation: theory of 
planned behavior and social identity model of deindividuation effect to predict 
online petition behavior,” Jurnal Komunikasi Indonesia, 7(1). Available at: 
https://doi.org/10.7454/jki.v7i1.9667.  



339 
 

 

Trujillo, C.A., Estrada, M. C. and Rosa, J.A. (2021) “Norm-focused nudges 
influence pro-environmental choices and moderate post-choice emotional 
responses,” PLOS ONE, 16(3). Available at: 
https://doi.org/10.1371/journal.pone.0247519.  

Tun, S.Y., Madanian, S. and Parry, D. (2020) “Clinical perspective on internet of 
things applications for care of the elderly,” Electronics, 9(11), p. 1925. Available 
at: https://doi.org/10.3390/electronics9111925.  

Tuten, T.L. (2010) “Conducting online surveys,” Advanced methods for 
conducting online behavioral research, pp. 179–192. Available at: 
https://doi.org/10.1037/12076-012.  

Tyng, C.M., Amin, H.U., Saad, M.N. and Malik, A.S. (2017) “ The influences of 
emotion on learning and memory”, Frontiers in psychology, 8, p.1454. Available 
at: https://doi.org/10.3389/fpsyg.2017.01454. 

Udurawana, Y.M.W.G.P.K. (2017) “Service quality and patient satisfaction : An 
empirical study in Anuradhapura City area’s Private Hospitals,” SSRN Electronic 
Journal.Available at: https://doi.org/10.2139/ssrn.3670372.  

Umali, E., McCool, J. and Whittaker, R. (2016) “Possibilities and expectations for 
mHealth in the Pacific Islands: Insights from key informants,” JMIR mHealth and 
uHealth, 4(1). Available at: https://doi.org/10.2196/mhealth.4626.  

UNESCO (2023) World Inequality Database on Education. Available at: 
https://www.education-inequalities.org/ (Accessed 17 February 2023) 

United Nations (2016) The Sustainable Development Goals Report. Available at: 
https://unstats.un.org/sdgs/report/2016/the%20sustainable%20development%20
goals%20report%202016.pdf (Accessed: 02 February 2019) 

Uthaman, V.S. and Ramankutty, V. (2017) “E-governance service quality of 
Common Service Centers,” Proceedings of the 10th International Conference on 
Theory and Practice of Electronic Governance [Preprint]. Available at: 
https://doi.org/10.1145/3047273.3047280.  

Utoikamanu, F. (2019) “Closing the technology gap in least developed 
countries,” UN Chronicle, 55(4), pp. 35–38. Available at: 
https://doi.org/10.18356/3a542c74-en.  

Vaghefi, I. and Tulu, B. (2019) “The continued use of mobile health apps: 
Insights from a longitudinal study,” JMIR mHealth and uHealth, 7(8). Available at: 
https://doi.org/10.2196/12983.  

Valle, D.P.O. and Assaker, G. (2015) “Using partial least squares structural 
equation modeling in Tourism Research,” Journal of Travel Research, 55(6), pp. 
695–708. Available at: https://doi.org/10.1177/0047287515569779.  

https://doi.org/10.3389/fpsyg.2017.01454


340 
 

 

Van, D. L. (2014) “A review of Telehealth Service Implementation Frameworks,” 
International Journal of Environmental Research and Public Health, 11(2), pp. 
1279–1298. Available at: https://doi.org/10.3390/ijerph110201279.  

Varshney, U. (2006) “Using wireless technologies in Healthcare,” International 
Journal of Mobile Communications, 4(3),  pp.354-368.Available at: 
https://doi.org/10.1504/ijmc.2006.008946.  

Venkatesh, V., M. G. Morris, G. B. Davis, and F. D. Davis. (2003) “User 
acceptance of information technology: Toward a unified view,” MIS Quarterly, 
27(3), p. 425. Available at: https://doi.org/10.2307/30036540.  

Venkatesh, V., Thong, J. Y. L., and Xu, X. (2012) ‘Consumer Acceptance and 
Use of Information Technology: Extending the Unified Theory of Acceptance and 
Use of Technology’, MIS Quarterly, 36(1), pp. 157–178. Available at: 
https://doi.org/10.2307/41410412 

Verhoef, P.C., Broekhuizen, T., Bart, Y., Bhattacharya, A., Dong, J.Q., Fabian, 
N. and Haenlein, M. (2021) “Digital transformation: A multidisciplinary reflection 
and research agenda,” Journal of Business Research, 122, pp. 889–901. 
Available at: https://doi.org/10.1016/j.jbusres.2019.09.022.  

Victora, C.G., Fenn, B., Bryce, J. and Kirkwood, B.R. (2005) “Co-coverage of 
preventive interventions and implications for child-survival strategies: Evidence 
from national surveys,” The Lancet, 366(9495), pp. 1460–1466. Available at: 
https://doi.org/10.1016/s0140-6736(05)67599-x. 

Villiers, R.R. and Fouché, J.P. (2015) “Philosophical paradigms and other 
underpinnings of the qualitative and quantitative research methods: An 
accounting education perspective,” Journal of Social Sciences, 43(2), pp. 125–
142. Available at: https://doi.org/10.1080/09718923.2015.11893430.  

Vo, V.A., Auroy, L. and Sarradon, E. A. (2019) “Patients’ perceptions of mHealth 
Apps: Meta-Ethnographic Review of qualitative studies,” JMIR mHealth and 
uHealth, 7(7). Available at: https://doi.org/10.2196/13817.  

Volk, A.A., Brazil, K.J., Franklin-Luther, P., Dane, A.V. and Vaillancourt, T. 
(2021) “The influence of demographics and personality on covid-19 coping in 
young adults,” Personality and Individual Differences, 168, p. 110398. Available 
at: https://doi.org/10.1016/j.paid.2020.110398. 

Voorhees, C.M., Fombelle, P.W., Gregoire, Y., Bone, S., Gustafsson, A., Sousa, 
R. and Walkowiak, T. 2017, "Service encounters, experiences and the customer 
journey: Defining the field and a call to expand our lens", Journal of Business 
Research, 79, pp. 269–280. Available at: 
https://doi.org/10.1016/j.jbusres.2017.04.014.  

Wadie, B. (2017) “Faculty opinions recommendation of statistical tests, P values, 
confidence intervals, and power: A guide to misinterpretations.,” Faculty 
Opinions – Post-Publication Peer Review of the Biomedical Literature. Available 
at: https://doi.org/10.3410/f.726383303.793526966.  

https://doi.org/10.2307/41410412
https://doi.org/10.1016/s0140-6736(05)67599-x


341 
 

 

Wakefield, L. and Bennett, G. (2016) “How do fans feel? A case analysis of 
measuring and modeling attitudes using partial least squares structural equation 
modelling,” 5(1), pp.85-88.Available at: https://doi.org/10.4135/9781526436351.  

Wang, C. and Qi, H. (2021) “Influencing factors of acceptance and use behavior 
of Mobile Health Application Users: Systematic Review,” Healthcare, 9(3), p. 
357. Available at: https://doi.org/10.3390/healthcare9030357.  

Wang, R., Chen, F., Chen, Z., Li, T., Harari, G. and Tignor, S., and Campbell, 
A.T. (2017) “StudentLife: Using smartphones to assess mental health and 
academic performance of college students,” Mobile Health, pp. 7–33. Available 
at: https://doi.org/10.1007/978-3-319-51394-2_2.  

Wardaya, P.R.A., Claudia, A.N. and Meiryani. (2021) “The effect of customer 
experience and service quality on customer satisfaction on customer loyalty,” 
Proceedings of the 2nd International Conference of Mental Health. Available at: 
https://doi.org/10.5220/0011243000003376.  

Wardhani, N., Nugroho, W., Fernandes, A. and Solimun, S. (2020) “Structural 
equation modeling (SEM) analysis with Warppls approach based on theory of 
planned behavior (TPB),” Mathematics and Statistics, 8(3), pp. 311–322. 
Available at: https://doi.org/10.13189/ms.2020.080310.  

Watkins, J.A., Goudge, J., Gómez-Olivé, F.X., Huxley, C., Dodd, K. and Griffiths, 
F. (2018) “MHealth text and voice communication for monitoring people with 
chronic diseases in low-resource settings: A realist review,” BMJ Global Health, 
3(2). Available at: https://doi.org/10.1136/bmjgh-2017-000543. 

Watkins, M.W. (2018) “Exploratory factor analysis: A guide to best practice,” 
Journal of Black Psychology, 44(3), pp. 219–246. Available at: 
https://doi.org/10.1177/0095798418771807.  

Wazny, K. (2018) “Applications of crowdsourcing in health: An overview,” Journal 
of Global Health, 8(1). Available at: https://doi.org/10.7189/jogh.08.010502.  

Welsh, R. (2021) “School leaders, school discipline, and antiblackness: 
Examining the relationship between racial congruence and the likelihood of 
suspensions,” Proceedings of the 2021 AERA Annual Meeting. Available at: 
https://doi.org/10.3102/1693081.  

Widi, S. H. and Pradita, H.D. (2019) “The effect of self-service technology service 
quality and customer satisfaction toward loyalty and behavioural intentions on E-
banking users,” Proceedings of the 4th International Conference of Vocational 
Higher Education. Available at: https://doi.org/10.5220/0010675400002967.  

Widiastuti, R., Haryono, B.S. and Said, A. (2019) “Influence of system quality, 
information quality, service quality on user acceptance and satisfaction and its 
impact on NET benefits (study of Information System Users Lecturer 
Performance Load (BKD) in Malang State University),” HOLISTICA – Journal of 
Business and Public Administration, 10(3), pp. 111–132. Available at: 
https://doi.org/10.2478/hjbpa-2019-0032.  

https://doi.org/10.1136/bmjgh-2017-000543


342 
 

 

Wilmer, H.H., Sherman, L.E. and Chein, J.M. (2017) “Smartphones and 
cognition: A review of research exploring the links between mobile technology 
habits and cognitive functioning,” Frontiers in Psychology, 8. Available at: 
https://doi.org/10.3389/fpsyg.2017.00605.  

Wilson, J., Heinsch, M., Betts, D., Booth, D. and Kay-Lambkin, F. (2021) 
“Barriers and facilitators to the use of e-health by older adults: A scoping review,” 
BMC Public Health, 21(1),pp-1-12. Available at: https://doi.org/10.1186/s12889-
021-11623-w.  

Wilson, K. (2018) “Mobile cell phone technology puts the future of health care in 
our hands,” Canadian Medical Association Journal, 190(13),  pp.378-
379.Available at: https://doi.org/10.1503/cmaj.180269.  

Wirianata, H. (2020) “Analysis of factors affecting earnings management 
moderated by institutional ownership,” Jurnal Akuntansi, 24(1),  pp.1-20. 
Available at: https://doi.org/10.24912/ja.v24i1.638.  

Wolf, E.J., Harrington, K.M., Clark, S.L. and Miller, M.W.(2013) “Sample Size 
Requirements for structural equation models,” Educational and Psychological 
Measurement, 73(6), pp. 913–934. Available at: 
https://doi.org/10.1177/0013164413495237.  

Wong, A., Ho, S., Olusanya, O., Antonini, M.V. and Lyness, D. (2020) “The use 
of social media and online communications in times of pandemic covid-19,” 
Journal of the Intensive Care Society, 22(3), pp. 255–260. Available at: 
https://doi.org/10.1177/1751143720966280.  

Wood, C., Barron, D. and Smyth, N. (2019) “The current and retrospective 
intentional nature exposure scales: Development and factorial validity,” 
International Journal of Environmental Research and Public Health, 16(22), p. 
4443. Available at: https://doi.org/10.3390/ijerph16224443.  

World Bank (2023) The World Bank in Bangladesh. Available at: 
https://www.worldbank.org/en/country/bangladesh/overview (Accessed: 4 April 
2023). 

World Health Organisation (2017) World Bank and WHO: Half the world lacks 
access to essential health services, 100 million still pushed into extreme poverty 
because of health expenses. Available at: https://www.who.int/news/item/13-12-
2017-world-bank-and-who-half-the-world-lacks-access-to-essential-health-
services-100-million-still-pushed-into-extreme-poverty-because-of-health-
expenses (Accessed: 23 June 2022). 

World Health Organisation (2019) World health statistics overview 2019: 
monitoring health for the SDGs, sustainable development goals. Available at: 
https://apps.who.int/iris/handle/10665/311696 (Accessed: 02 January 2021). 

World Health Organisation (2021) Global expenditure on health: Public spending 
on the rise. Available at: https://www.who.int/publications/i/item/9789240041219 
(Accessed: 13 February 2023). 



343 
 

 

World Health Organization (2011) New horizons for health through mobile 
technologies. Available at: 
https://www.scirp.org/(S(czeh2tfqyw2orz553k1w0r45))/reference/referencespape
rs.aspx?referenceid=2896259 (Accessed: January 4, 2023). 

World Health Organization (2019) Future of digital health systems: report on the 
WHO symposium on the future of digital health systems in the European region. 
Available at: https://apps.who.int/iris/handle/10665/329032 (Accessed: 14 April 
2021). 

World Health Organization (2020) World Health Statistics 2020, A visual 
Summary. Available at: https://www.who.int/data/gho/whs-2020-visual-summary 
(Accessed: 29 October 2022). 

World Health Organization (WHO) (2019) WHO Guideline: Recommendations on 
Digital Interventions for Health System Strengthening. Available at: 
https://www.who.int/reproductivehealth/publications/digitalinterventions-health-
system-strengthening/en/ (Accessed:12 July 2021). 

Woyo, E. and Ukpabi, D. (2022) “Building Resilient Smart Cities for Sustainable 
Urban Tourism in Africa Post-covid-19 pandemic,” Information and 
Communication Technologies in Tourism 2022, pp. 256–267. Available at: 
https://doi.org/10.1007/978-3-030-94751-4_23.  

Wu, B. (2018) “Patient continued use of online health care communities: Web 
mining of Patient-Doctor Communication,” Journal of Medical Internet Research, 
20(4). Available at: https://doi.org/10.2196/jmir.9127.  

Wu, H. and Leung, S.O. (2017) “Can Likert Scales be Treated as Interval 
Scales?—A Simulation Study,” Journal of Social Service Research, 43(4), pp. 
527–532. Available at: https://doi.org/10.1080/01488376.2017.1329775.  

Wu, H.C. and Cheng, C.C. (2013) “A hierarchical model of service quality in the 
airline industry,” Journal of Hospitality and Tourism Management, 20, pp. 13–22. 
Available at: https://doi.org/10.1016/j.jhtm.2013.05.001.  

Wu, P., Zhang, R., Zhu, X. and Liu, M. (2022) “Factors influencing continued 
usage behavior on mobile health applications,” Healthcare, 10(2), p. 208. 
Available at: https://doi.org/10.3390/healthcare10020208. 

Wu, S., Nijstad, B.A. and Yuan, Y. (2021) “Membership change, idea generation, 
and group creativity: A motivated information processing perspective,” Group 
Processes & Intergroup Relations, 25(5), pp. 1412–1434. Available at: 
https://doi.org/10.1177/1368430221999457.  

Wynn, D.C. and Clarkson, P.J. (2017) “Process models in design and 
development,” Research in Engineering Design, 29(2), pp. 161–202. Available 
at: https://doi.org/10.1007/s00163-017-0262-7.  

Wynveen, C.J. and Sutton, S.G. (2015) “Engaging the public in climate change-
related pro-environmental behaviors to protect coral reefs: The role of Public 

https://apps.who.int/iris/handle/10665/329032
https://doi.org/10.1007/978-3-030-94751-4_23
https://doi.org/10.1007/s00163-017-0262-7


344 
 

 

Trust in the management agency,” Marine Policy, 53, pp. 131–140. Available at: 
https://doi.org/10.1016/j.marpol.2014.10.030.  

Xesfingi, S. and Vozikis, A. (2016) “Patient satisfaction with the healthcare 
system: Assessing the impact of socio-economic and healthcare provision 
factors,” BMC Health Services Research, 16(1), pp.1-7. Available at: 
https://doi.org/10.1186/s12913-016-1327-4.  

Xu, H.D. (2021) “Health challenges for rural families,” Research Anthology on 
Public Health Services, Policies, and Education, pp. 673–694. Available at: 
https://doi.org/10.4018/978-1-7998-8960-1.ch031.  

Yamada, H. (2020) “An implementation of project‐based learning in an EFL 
context: Japanese students’ and teachers’ perceptions regarding team learning,” 
TESOL Journal, 12(1). Available at: https://doi.org/10.1002/tesj.519.  

Yamin, P., Fei, M., Lahlou, S. and Levy, S. (2019) “Using social norms to change 
behavior and increase sustainability in the real world: A systematic review of the 
literature,” Sustainability, 11(20), p. 5847. Available at: 
https://doi.org/10.3390/su11205847.  

Yan, M., Filieri, R., Raguseo, E. and Gorton, M. (2021) “Mobile apps for Healthy 
Living: Factors influencing continuance intention for health apps,” Technological 
Forecasting and Social Change, 166, p. 120644. Available at: 
https://doi.org/10.1016/j.techfore.2021.120644.  

Yang, C.H., Maher, J.P. and Conroy, D.E. (2015) “Implementation of behavior 
change techniques in mobile applications for physical activity,” American Journal 
of Preventive Medicine, 48(4), pp. 452–455. Available at: 
https://doi.org/10.1016/j.amepre.2014.10.010.  

Yang, T. (2023) “Research on constructing of cross-level theory between 
individual behavior cognition and social influence,” Social Science Research 
Frontiers.Available at: https://doi.org/10.57237/j.ssrf.2023.01.004. 

Yang, X., Chen, L., Wei, L. and Su, Q. (2020) “Personal and media factors 
related to citizens’ pro-environmental behavioral intention against haze in China: 
A moderating analysis of TPB,” International Journal of Environmental Research 
and Public Health, 17(7), p. 2314. Available at: 
https://doi.org/10.3390/ijerph17072314.  

Yanti, I., Astuti, A.B., Fernandes, A.A.R., Amaliana, L. and Isaskar, R. (2019) 
“Modeling of multigroup based structural equations with path analysis approach 
(application in green marketing strategy in traditional and modern food in 
Indonesia),” IOP Conference Series: Earth and Environmental Science, 239, p. 
012020. Available at: https://doi.org/10.1088/1755-1315/239/1/012020.  

Yildiz, B., Büyükköroğlu, T. and Dzhafarov, V. (2014) “Common diagonal stability 
of second order Interval Systems,” Proceedings of the 11th International 
Conference on Informatics in Control, Automation and Robotics, 1, pp-223-227. 
Available at: https://doi.org/10.5220/0005025902230227.  

https://doi.org/10.57237/j.ssrf.2023.01.004


345 
 

 

You, J.J., Jong, D. and Wiangin, U. (2020) “Consumers’ purchase intention of 
organic food via social media: The Perspectives of Task-technology fit and post-
acceptance model,” Frontiers in Psychology, 11,p-579274. Available at: 
https://doi.org/10.3389/fpsyg.2020.579274. 

Yu, P. and Qian, S. (2018) “Developing a theoretical model and questionnaire 
survey instrument to measure the success of electronic health records in 
residential aged care,” PLOS ONE, 13(1). Available at: 
https://doi.org/10.1371/journal.pone.0190749.  

Yu, S.W., Hill, C., Ricks, M.L., Bennet, J. and Oriol, N.E. (2017) “The scope and 
impact of mobile health clinics in the United States: A literature review,” 
International Journal for Equity in Health, 16(1). Available at: 
https://doi.org/10.1186/s12939-017-0671-2.  

Zahle, J. (2021) “Interpretivism and qualitative research,” Stephen Turner and 
the Philosophy of the Social, pp. 202–220. Available at: 
https://doi.org/10.1163/9789004449602_012.  

Zajac, S., Woods, A., Tannenbaum, S., Salas, E. and Holladay, C.L. (2021) 
“Overcoming challenges to teamwork in Healthcare: A Team Effectiveness 
Framework and evidence-based guidance,” Frontiers in Communication, 6. 
Available at: https://doi.org/10.3389/fcomm.2021.606445. 

Zakerabasali, S., Ayyoubzadeh, S.M., Baniasadi, T., Yazdani, A. and Abhari, 
S.(2021) “Mobile Health Technology and healthcare providers: Systemic barriers 
to adoption,” Healthcare Informatics Research, 27(4), pp. 267–278. Available at: 
https://doi.org/10.4258/hir.2021.27.4.267. 

Zalaghi, H. and Khazaei, M. (2016) “The role of deductive and inductive 
reasoning in Accounting Research and standard setting,” Asian Journal of 
Finance & Accounting, 8(1), p. 23. Available at: 
https://doi.org/10.5296/ajfa.v8i1.8148.  

Zarei, E. (2015) “Service quality of hospital outpatient departments: Patients’ 
perspective,” International Journal of Health Care Quality Assurance, 28(8), pp. 
778–790. Available at: https://doi.org/10.1108/ijhcqa-09-2014-0097.  

Zayer, L.T. and Pounders, K. (2022) “Gender Research in marketing, consumer 
behavior, advertising, and beyond: Past, present, and future.,” APA handbook of 
consumer psychology., pp. 203–218. Available at: 
https://doi.org/10.1037/0000262-008.  

Zhang, H., Zhang, H., Wang, X., Yang, Z. and Zhao, Y. (2017) “Analysis of 
requirements for developing an mHealth-based health management platform,” 
JMIR mHealth and uHealth, 5(8). Available at: 
https://doi.org/10.2196/mhealth.5890.  

Zhang, S. and Pan, Y. (2023) “Mind over matter: Examining the role of cognitive 
dissonance and self-efficacy in discontinuous usage intentions on Pan-

https://doi.org/10.3389/fpsyg.2020.579274
https://doi.org/10.3389/fcomm.2021.606445
https://doi.org/10.1037/0000262-008


346 
 

 

Entertainment mobile live broadcast platforms,” Behavioral Sciences, 13(3), p. 
254. Available at: https://doi.org/10.3390/bs13030254.  

Zhang, X., Guo, X., Lai, K.H., Guo, F. and Li, C. (2014) “Understanding gender 
differences in M-health adoption: A modified theory of reasoned action model,” 
Telemedicine and e-Health, 20(1), pp. 39–46. Available at: 
https://doi.org/10.1089/tmj.2013.0092.  

Zhang, X., Liu, S., Wang, L., Zhang, Y. and Wang, J. (2019) “Mobile Health 
Service Adoption in China,” Online Information Review, 44(1), pp. 1–23. 
Available at: https://doi.org/10.1108/oir-11-2016-0339.  

Zhang, Y., Chen, G., Du, H., Yuan, X., Kadoch, M. and Cheriet, M. (2020) “Real-
time Remote Health Monitoring System driven by 5G MEC-IOT,” Electronics, 
9(11), p. 1753. Available at: https://doi.org/10.3390/electronics9111753. 

Zhao, H., Yao, X., Liu, Z. and Yang, Q., (2021) “Impact of pricing and product 
information on consumer buying behavior with customer satisfaction in a 
mediating role,” Frontiers in Psychology, 12. Available at: 
https://doi.org/10.3389/fpsyg.2021.720151. 

Zhao, J., Zhang, M. and Kong, Q. (2010) “The effect of service fairness on 
service quality, customer satisfaction and customer loyalty,” 2010 International 
Conference on Management and Service Science, pp-1-4. Available at: 
https://doi.org/10.1109/icmss.2010.5577163.  

Zhao, Y., Ni, Q. and Zhou, R. (2018) “What factors influence the Mobile Health 
Service Adoption? A meta-analysis and the moderating role of age,” International 
Journal of Information Management, 43, pp. 342–350. Available at: 
https://doi.org/10.1016/j.ijinfomgt.2017.08.006.  

Zheng, J., Yang, M., Xu, M., Zhao, C. and Shao, C. (2019) “An empirical study of 
the impact of social interaction on public pro-environmental behavior,” 
International Journal of Environmental Research and Public Health, 16(22), p. 
4405. Available at: https://doi.org/10.3390/ijerph16224405. 

Zheng, Y.M., Zhao, K. and Stylianou, A. (2013) “The impacts of information 
quality and system quality on users' continuance intention in information-
exchange virtual communities: An empirical investigation,” Decision Support 
Systems, 56, pp. 513–524. Available at: 
https://doi.org/10.1016/j.dss.2012.11.008.  

Zhou, T., Salman, D. and McGregor, A. (2022) “Self-management strategies for 
chronic low back pain: A systematic narrative review.” Available at: 
https://doi.org/10.21203/rs.3.rs-1694131/v1.  

Zlatković, M. (2018) “Intellectual capital and organizational effectiveness: PLS-
SEM approach,” Industrija, 46(4), pp. 145–169. Available at: 
https://doi.org/10.5937/industrija46-19478.  

https://doi.org/10.3390/ijerph16224405


347 
 

 

Zuo, Z. and Zhao, H. (2021) “Pandemic metric with confidence (PMC) model to 
predict trustworthy probability of utilized COVID-19 pandemic trajectory across 
the global.” Available at: https://doi.org/10.1002/essoar.10507444.1.  

Zurovac, D., Sudoi, R.K., Akhwale, W.S., Ndiritu, M., Hamer, D.H., Rowe, A.K. 
and Snow, R.W. (2011) “The effect of mobile phone text-message reminders on 
Kenyan health workers' adherence to malaria treatment guidelines: A cluster 
randomised trial,” The Lancet, 378(9793), pp. 795–803. Available at: 
https://doi.org/10.1016/s0140-6736(11)60783-6.



348 
 

 

Appendix 5A: Information statement and consent form 

 

 

University of Wolverhampton 

Participant Information Statement and Consent Form 

An empirical evaluation of  m-health service users’ behaviours: A case of 

Bangladesh 

You are invited to participate in a study of your perceptions regarding service 

quality of mobile health (m-health) service provided by the Directorate General of 

Health Services (DGHS) in Bangladesh. The study aims to investigate the 

influence of perceived service quality, social and personal norms on satisfaction 

and usage behaviours within the DGHS m-health service context. 

Here, the study defines m-health services as an interactive, personalised health 

service with the primary objective of providing everyone with everywhere, anytime 

access to medical advice and information via a mobile phone. This study is based 

solely on the m-health service provided by the DGHS in Bangladesh. You have 

been selected as a participant in this study as you have used this service within 

the last year. This is according to the patients’ list provided by the selected 

government hospitals. 

If you decide to participate, please select the consent box at the end of the page 

before completing the online questionnaire. The questionnaire will take 

approximately 40 minutes to complete. There are no foreseeable discomforts and 

inconveniences associated with the procedure. 
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Participants are not required to provide personal information when answering the 

online questionnaire to maintain privacy. All online questionnaires received from 

the participants will be stored in a password-protected database (Jisc Online 

Survey). All data processing will be performed by password-protected software. I 

plan to publish the results in my Ph.D. thesis that will be submitted to the 

University of Wolverhampton. In any publication, information will be provided in 

such a way that you cannot be identified. 

If you decide to participate, you are free to withdraw your consent and discontinue 

participation at any time without prejudice. If you have any questions or want to 

learn about the study results, please feel free to contact me via email [e-mail 

address redacted] or mobile phone [number redacted]. I will be happy to answer 

your questions.  

If you have any comments, please feel free to leave your comments in the 

comments section at the end of the questionnaire. Your assistance is greatly 

appreciated. Thank you for participating in this study. 

 

Regards, 

Sadia Naoshin Tweena 

Postgraduate researcher in Business 

Faculty of Arts, Business, and Social Sciences 

University of Wolverhampton
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Appendix 5B: English Questionnaire 

 

Instructions: Please rate the following statements under 1-7-point scale where ‘1’ 

refers to the lowest degree of agreement and ‘7’ refers to the highest degree of 

agreement. 

Section A 

Perceived service quality 

Very 
Strongly 
Disagree 

  Neither 
Agree  

Nor 
Disagree 

  Very 
Strongly 
Agree 

SQ1. This service platform 
always works smoothly. 

1 2 3 4 5 6 7 

SQ2. The service platform 
performs reliably. 

1 2 3 4 5 6 7 

SQ3. This service platform 
does not have long waiting 
time. 

1 2 3 4 5 6 7 

SQ4. The service platform is 
always available. 

1 2 3 4 5 6 7 

SQ5.This service platform is 
versatile in addressing needs 
as they arise. 

1 2 3 4 5 6 7 

SQ6. This service platform 
can flexibly adjust to new 
conditions. 

1 2 3 4 5 6 7 

SQ7. This service platform 
offers me a meaningful 
guarantee that it will not 
share my information. 

1 2 3 4 5 6 7 

SQ8. This service platform 
protects information about 
my personal problems. 

1 2 3 4 5 6 7 

SQ9. Doctors are always 
willing to help me. 

1 2 3 4 5 6 7 

SQ10. Doctors always 
provide prompt service. 

1 2 3 4 5 6 7 
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SQ11. Doctors have the 
knowledge to answer my 
questions. 

1 2 3 4 5 6 7 

SQ12. The behaviour of 
doctors instills confidence in 
me. 

1 2 3 4 5 6 7 

SQ13. Doctors have my best 
interests at heart. 

1 2 3 4 5 6 7 

SQ14. Doctors understand 
my specific needs. 

1 2 3 4 5 6 7 

SQ15. Overall, this service is 
useful to me. 

1 2 3 4 5 6 7 

SQ16: It serves my purpose 
very well.   

1 2 3 4 5 6 7 

SQ17. I feel confident using 
the service. 

1 2 3 4 5 6 7 

SQ18. I feel hopeful as a 
result of having this  health 
service. 

1 2 3 4 5 6 7 

 

 

Section B  

Social norms 

Very 
Strongly 
Disagree 

  Neither 
Agree 
Nor 
Disagree 

  Very 
Strongly 
Agree 

SN1: Family members 
whose opinions I value use 
this service.   

1 2 3 4 5 6 7 

SN2: Close friends who are 
important to me use this 
service. 

1 2 3 4 5 6 7 

SN3: The residents in my 
community use this service. 

1 2 3 4 5 6 7 

SN4: The general public use 
this service. 

1 2 3 4 5 6 7 

SN5: Family members 
whose opinions  

I value, think I should use 
this service. 
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SN6: Close friends who are 
important to me, think I 
should use this service. 

1 2 3 4 5 6 7 

SN7: The residents in my 
community would support 
my use of this service. 

1 2 3 4 5 6 7 

SN8: The general public 
would endorse my use of 
this service. 

1 2 3 4 5 6 7 

 

Section C  

Personal norms 

Very 

Strongly 

Disagree 

  Neither 

Agree 

Nor 

Disagree 

  Very 

Strongly 

Agree 

PN1: I feel morally obligated 

to use this service regularly 

to get medical information. 

1 2 3 4 5 6 7 

PN2: When I need 

healthcare, I feel morally 

obligated to prioritise 

selecting this service over 

other alternatives (e.g. - 

going to local clinics, or 

hospitals, private m-health 

services). 

1 2 3 4 5 6 7 

PN3: I feel morally obligated 

to use this service, 

regardless of what others 

say. 

1 2 3 4 5 6 7 

PN4: I would feel guilty if I 

don’t use this service. 

1 2 3 4 5 6 7 

PN5: It would be against my 

principles to not use this 

service. 

1 2 3 4 5 6 7 

PN6: I would be a better 

citizen if I use this service. 

1 2 3 4 5 6 7 



353 
 

 

  

 

 

  

 

 

Section E 

Continuous usage 
behaviours 

Very 
Strongly 
Disagree 

  Neither 
Agree 
Nor 
Disagree 

  Very 
Strongly 
Agree 

1. I continue to use 
this service on 
regular basis. 

1 2 3 4 5 6 7 

2. I continue to use 
this service as much 
as possible. 

1 2 3 4 5 6 7 

3. I continue to use 
this service rather 
than using any 
alternative means 
(e.g., going to local 
clinics, or hospitals, 
using private m-
health services). 

1 2 3 4 5 6 7 

Section D 

Satisfaction 

Very 

Strongly 

Disagree 

  Neither 

Agree nor 

Disagree 

  Very 

Strongly 

Agree 

1. I am satisfied with 
my decision to use this 
service to get medical 
information. 

1 2 3 4 5 6 7 

2. My experience with 
this service is very 
satisfying. 

1 2 3 4 5 6 7 

3. I feel very good to 
use this service to get 
health care. 

1 2 3 4 5 6 7 

4. Overall, I am 
satisfied with this 
service. 

1 2 3 4 5 6 7 



354 
 

 

  

 

 

 

Section F 

Discontinuous usage 
behaviours 

Very 
Strongly 
Disagree 

  Neither 
Agree nor 
Disagree 

  Very 
Strongly 
Agree 

1. I have discontinued 
using this service. 

1 2 3 4 5 6 7 

2. I have discontinued 
using this service, but 
it does not mean I will 
completely abandon it. 

1 2 3 4 5 6 7 

3. I use one or more 
alternatives (e.g., 
going to local clinics, 
or hospitals, private m-
health services) to this 
service. 

1 2 3 4 5 6 7 
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Respondent’s Profile 

Gender : 1. Male                                               2. Female             

 

 

 

 

Age 

1. 18-25 

2. 26-33 

3. 34-41 

4. 42-49 

5. 50+ 

Income in Taka 

1. Below 10000 

2. 10001-20000 

3. 20001-30000 

4. 30001-40000 

5. 40001-50000 

6. 50000 + 

Occupation 

1. Education, Teaching & 

Research 

2. Domestic workers / Housewife 

3. Personal business 

4. Public organisation 

5. Private organisation 

6. Others 

Location: 

1. Urban 

2. Rural 

Time of Service: 

1. 9:01 AM– 5: 00 PM (Day) 

2. 5:01 PM– 10:00 PM (Evening) 

3. 10:01 PM- 5:00 AM (Night) 

4. 5:01 AM- 09:00 AM (Morning) 
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Appendix 5C: Bengali Questionnaire 

নির্দেশিা: অিুগ্রহ কর্ে নিনিম্ন নিনিত নিিৃনতগুনির্ক ১ -৭ পর়্েন্ট স্কের্িে অধীর্ি স্কেট 

করুি, স্কেিার্ি ১-সি স্কের়্ে কম সম্মনত স্কিাঝা়ে এিং ৭ সির্ের়্ে স্কিনশ সম্মনত স্কিাঝা়ে। 

নিভাগ- ক পুর্োপুনে 

নভন্নমত 

  একমত 

িা, 

নভন্নমত 

িা 

  পুর্োপুনে 

একমত 

SQ1.স্কসিাে এই প্ল্যাটফম ে 

আস্থাে সার্ে কাজ কর্ে। 
১ ২ ৩ ৪ ৫ ৬ ৭ 

SQ2.স্কসিাে এই প্ল্যাটফম ে 

সিসম়ে ঠিক ভার্ি কাজ কর্ে। 
১ ২ ৩ ৪ ৫ ৬ ৭ 

SQ3. স্কসিাে এই প্ল্াটফর্ম ে 

স্কিনশ  সম়ে অর্পক্ষা কের্ত 

হ়েিা। 

১ ২ ৩ ৪ ৫ ৬ ৭ 

SQ4.স্কসিাে এই প্ল্যাটফম ে 

সিসম়ে পাও়ো ো়ে। 
১ ২ ৩ ৪ ৫ ৬ ৭ 

SQ5. স্কসিাে এই প্ল্াটফম ে েিি 

ো প্রর়্োজি স্কস  অিুো়েী 

িহুমুিী স্কসিা নদর্ত পার্ে।   

১ ২ ৩ ৪ ৫ ৬ ৭ 

SQ6. স্কসিাে এই প্ল্াটফম ে িতুি 

পনেনস্থনতে সার্ে িাপ িাইর়্ে 

নির্ত পার্ে । 

১ ২ ৩ ৪ ৫ ৬ ৭ 

SQ7. স্কসিাে এই প্ল্াটফম ে 

আমার্ক  অে েপূর্ ে নিশ্চ়েতা  

স্কদ়ে স্কে তাাঁো আমাে িযক্তিগত 

তেয অিয কাউর্ক জািার্ি িা। 

১ ২ ৩ ৪ ৫ ৬ ৭ 

SQ8. স্কসিাে এই প্ল্যাটফম ে 

আমাে িযাক্তিগত সমসযাে তেয 

নিোপদ োর্ি। 

১ ২ ৩ ৪ ৫ ৬ ৭ 

SQ9. নেনকৎসকো সিসম়ে 

সাহােয কোে িযাপার্ে আগ্রহী। 
১ ২ ৩ ৪ ৫ ৬ ৭ 
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SQ10. নেনকৎসকো সি েদা দ্রুত 

স্কসিা প্রদাি কর্েি। 
১ ২ ৩ ৪ ৫ ৬ ৭ 

SQ11. নেনকৎসকর্দে সি  

প্রর্েে উত্তে স্কদও়োে মর্তা 

জ্ঞাি আর্ে। 

১ ২ ৩ ৪ ৫ ৬ ৭ 

SQ12. নেনকৎসকর্দে আেের্র্  

আমাে মর্ধয ভেসা জার্গ। 
১ ২ ৩ ৪ ৫ ৬ ৭ 

SQ13. নেনকৎসকো আমাে 

সির্ের়্ে োর্ত ভার্িা হ়ে স্কসটাই 

ো়ে। 

১ ২ ৩ ৪ ৫ ৬ ৭ 

SQ14. নেনকৎসকো আমাে 

নিনদেষ্ট প্রর়্োজি  ভার্িাভার্ি 

িুঝর্ত পার্েি। 

১ ২ ৩ ৪ ৫ ৬ ৭ 

SQ15. সানি েকভার্ি এই স্কসিা  

আমাে জিয প্রর়্োজিী়ে। 
১ ২ ৩ ৪ ৫ ৬ ৭ 

SQ16. আমাে কাজঠট 

সঠিকভার্ি হর়্ের্ে। 
১ ২ ৩ ৪ ৫ ৬ ৭ 

SQ17. এই স্কসিা িযিহাে কর্ে 

স্বাস্থয সমসযা সমাধার্িে 

িযাপার্ে আমাে নিশ্বাস আর্ে। 

১ ২ ৩ ৪ ৫ ৬ ৭ 

SQ18. এই স্কসিা িযিহাে কর্ে 

স্বাস্থয সমসযা সমাধার্িে 

িযাপার্ে আনম আশািাদী। 

১ ২ ৩ ৪ ৫ ৬ ৭ 

 

নিভাগ - ি 

 

পুর্োপুনে 

নভন্নমত 

  একমত 

িা, 

নভন্নমত িা 

  পুর্োপুনে 

একমত 

SN1:  পনেিার্েে সদসযো  

োর্দে মতামত আনম মিূযিাি 

মানি, এই স্কসিা িযিহাে কর্েি।   

১ ২ ৩ ৪ ৫ ৬ ৭ 

SN2:  ঘনিষ্ঠ িনু্ধো োো আমাে 

কার্ে গুরুত্বপূর্ ে এই স্কসিা 

িযিহাে কর্েি।   

১ ২ ৩ ৪ ৫ ৬ ৭ 
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SN3: আমাে  এিাকাে  

িানসন্দাো, এই স্কসিা িযিহাে 

কর্েি।   

১ ২ ৩ ৪ ৫ ৬ ৭ 

SN4: সাধাের্ জিগর্,  এই 

স্কসিা িযিহাে কর্েি।   
১ ২ ৩ ৪ ৫ ৬ ৭ 

SN5: পনেিার্েে সদসযো  

োর্দে মতামত আনম মিূযিাি 

মানি,  মর্ি কর্েি স্কে  আমাে 

এই স্কসিা িযিহাে কো উনেত৷ 

১ ২ ৩ ৪ ৫ ৬ ৭ 

SN6:  ঘনিষ্ঠ িনু্ধো োো আমাে 

কার্ে গুরুত্বপূর্ ে , মর্ি কর্েি 

স্কে  আমাে এই স্কসিা িযিহাে 

কো উনেত৷ 

১ ২ ৩ ৪ ৫ ৬ ৭ 

SN7: আমাে  এিাকাে  

িানসন্দাো আমাে এই স্কসিাে 

িযিহাের্ক  সমে েি কের্িি ৷ 

১ ২ ৩ ৪ ৫ ৬ ৭ 

SN8: সাধাের্ জিগর্ আমাে 

এই স্কসিাে  িযিহাের্ক সমে েি 

কের্িি । 

১ ২ ৩ ৪ ৫ ৬ ৭ 

নিভাগ- গ 

 

পুর্োপুনে 

নভন্নমত 

  একমত 

িা, 

নভন্নমত 

িা 

  পুর্োপুনে 

একমত 

PN1: আনম নেনকৎসা সংক্রান্ত 

তেযর্সিা  স্কপর্ত এই স্কসিা  

নি়েনমত িযিহাে কের্ত 

নিনতকভার্ি িাধয স্কিাধ কনে।  

১ ২ ৩ ৪ ৫ ৬ ৭ 

PN2: েিি আমাে স্বাস্থযর্সিাে 

প্রর়্োজি হ়ে, তিি অিযািয 

নিকল্পগুনিে (স্কেমি - স্থািী়ে 

নিনির্ক িা হাসপাতার্ি োও়ো,  

প্রাইর্ভট এম-স্বাস্থযর্সিা সমূহ) 

তুিিা়ে এই স্কসিার্ক  

১ ২ ৩ ৪ ৫ ৬ ৭ 
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অগ্রানধকাে নদর্ত আনম 

নিনতকভার্ি িাধয স্কিাধ কনে ।   

PN3: অিযো োই িিুক িা 

স্ককি, আনম এই স্কসিা িযিহাে 

কের্ত নিনতকভার্ি িাধয স্কিাধ 

কনে। 

১ ২ ৩ ৪ ৫ ৬ ৭ 

PN4: আনম এই স্কসিা িযিহাে 

িা কের্ি স্কদাষীর্িাধ কেি। 
১ ২ ৩ ৪ ৫ ৬ ৭ 

PN5: এই স্কসিা  িযিহাে িা 

কো আমাে িীনতে নিরুর্ে হর্ি 

৷ 

১ ২ ৩ ৪ ৫ ৬ ৭ 

PN6: এই স্কসিা িযিহাে কের্ি 

আনম আেও ভাি িাগনেক হি। 
১ ২ ৩ ৪ ৫ ৬ ৭ 

নিভাগ -ঘ পুর্োপুনে 

নভন্নমত 

  একমত িা, 

নভন্নমত িা 

  পুর্োপুনে 

একমত 

SA1. আনম নেনকৎসা 

সংক্রান্ত তেয স্কপর্ত এই 

স্কসিাঠট  িযিহাে কোে 

নসোন্ত নির়্ে সন্তুষ্ট। 

১ ২ ৩ ৪ ৫ ৬ ৭ 

SA2. এই স্কসিাে  সার্ে 

আমাে অনভজ্ঞতা িুিই 

সর্ন্তাষজিক।   

১ ২ ৩ ৪ ৫ ৬ ৭ 

SA3. আনম স্বাস্থযর্সিা 

স্কপর্ত এই  স্কসিাঠট 

িযিহাে কর্ে িুি ভাি 

অিুভি  কনে। 

১ ২ ৩ ৪ ৫ ৬ ৭ 

SA4.সামনগ্রকভার্ি, 

আনম এই স্কসিার্ত সন্তুষ্ট। 
১ ২ ৩ ৪ ৫ ৬ ৭ 
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নিভাগ- ঙ পুর্োপুনে 

নভন্নমত 

  একমত 

িা, 

নভন্নমত িা 

  পুর্োপুনে 

একমত 

CUB1. আনম নি়েনমত 

এই স্কসিা িযিহাে কো 

অিযাহত স্কের্িনে।   

১ ২ ৩ ৪ ৫ ৬ ৭ 

CUB2. আনম েতটা 

সম্ভি এই  স্কসিা িযিহাে  

কর্ে োনক। 

১ ২ ৩ ৪ ৫ ৬ ৭ 

CUB3. আনম স্ককার্িা 

নিকল্প উপা়ে (স্কেমি, 

স্থািী়ে নিনিক িা 

হাসপাতার্ি োও়ো, 

প্রাইর্ভট  এম-স্বাস্থয 

স্কসিা )িযিহাে কোে 

পনেির্তে এই স্কসিাে  

িযিহাে োনির়্ে োক্তি। 

১ ২ ৩ ৪ ৫ ৬ ৭ 

নিভাগ- ে পুর্োপুনে 

নভন্নমত 

  একমত 

িা, 

নভন্নমত 

িা 

  পুর্োপুনে 

একমত 

DUB1.  আনম এই স্কসিা 

িযিহাে কো  িন্ধ কর্ে 

নদর়্েনে। 

১ ২ ৩ ৪ ৫ ৬ ৭ 

DUB2. আনম এই স্কসিা 

িযিহাে কো িন্ধ কর্ে 

নদর়্েনে, নকন্তু এে অে ে 

এই ি়ে স্কে আনম এঠট 

সমূ্পর্ েরূর্প পনেতযাগ 

কেি৷  

১ ২ ৩ ৪ ৫ ৬ ৭ 

DUB3.  আনম এই স্কসিাে  

এক িা একানধক নিকল্প 

িযিহাে কেনে (স্কেমি, 

স্থািী়ে নিনির্ক োও়ো, 

িা হাসপাতাি,  প্রাইর্ভট  

এম-স্বাস্থয স্কসিা )। 

১ ২ ৩ ৪ ৫ ৬ ৭ 
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উত্তর দাতার প্রাফাইল 

ললঙ্গ : 1.পরুুষ                                                      2. মলিলা                                     

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

বয়স 

 

1. ১৮-২৫ 

2. ২৬-৩৩ 

3. ৩৪-৪১ 

4. ৪২-৪৯ 

5. ৫০+ 

 

আয় (টাকায়) 

1.১০০০০ এে নির্ে  

2. ১০০০১ -২০০০০ 

3. ২০০০১-৩০০০০  

4. ৩০০০১ -৪০০০০  

5. ৪০০০১ -৫০০০০  

6. ৫০০০০+ 

 

প্পশা 

1. োত্র  

2. গৃনহিী 

3. িযািসা়ে  

4. সেকানে োকনে  

5. স্কিসেকানে সংস্থা  

6. অিযািয 

 

স্থান 

1. শহে  

2. মফস্বি  

3. গ্রাম 

 

প্সবার সময় 

1. সকাি ৯ :০০ – নিকাি ৫ :০০  

2. নিকাি ৫ :০১ - োত ১০ :০০  

3. োত ১০ : ০০ - স্কভাে ৫ : ০০  

4. স্কভাে ৫ : ০১ -  সকাি ৯ :০০ 
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Appendix 6A: Factor analysis of service quality construct (Round 1): 

 

  Item total 
correlation 

Eigenvalue Cumulative 
Variation 

Cronbach’s 
Alpha 

SAVL SAVL1 0.862 2.182 12.702 0.821 
 SAVL2  0.830 

SAVL3 0.518 

SREL SREL1 0.592 2.310 21.765  
0.978 
 

SREL2  0.812 

SREL3 0.810 

SEFF SEFF1 0.606 2.379 32.653 0.729 

SEFF2 0.545 

SEFF3  0.897 

SPRI SPR1 0.870 2.386 41.748  
0.947 
 

SPRI2 0.861 

SPRI3  0.861 

SRES SRES1 0.890 2.569 47.621 0.917 

SRES2  0.787 

SRES3 0.656 

SASS SASS1 0.688 2.8.77 54.329  
0.905 SASS2  0.801 

SASS3 0.706 

SEMP SEMP1 0.862 2.939 63.216  
0.911 
 

SEMP2 0.830 

SEMP3  0.518 

FUNB FUNB1  0.592 3.450 70.211 0.823 

FUBN2 0.812 

FUNB3 0.810 

EMB EMB1  0.606 3.192 75.476 0.878 
EMB2 0.545 

EMB3 0.897 
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Appendix 6B: Results of exploratory factor analysis in the initial study (Rotated 

component matrix for factors of service quality, Round 1): 

 

 Factor  
1 

Factor 
2 

Factor 
3 

Factor 
4 

Factor 
5 

Factor 
6 

Factor 
7 

Factor 
8 

Factor 
9 

SAVL1       
0.839 
 

   

SAVL2 *      .688  0.433  

SAVL3      0.899    

SREL1        0.888  

SREL2 *      0.410  0.831  

SREL3        0.876  

SEFF1    0.791      

SEFF2    0.768      

SEFF3 *    0.691  0.493    

SPR1       0.520   

SPRI2       0.600   

SPRI3 *       0.378   

SRES1 0.839         

SRES2 * 0.713    0.660     

SRES3 0.817         

SASS1     0.773     

SASS2 *   0.346 0.425 0.682     

SASS3     0.640     

SEMP1         0.906 

SEMP2         0.928 

SEMP3 
* 

        0.311 

FUNB1 
* 

  0.596 0.688     0.323 

FUBN2    0.744      

FUNB3    0.798      

EMB1 *   0.291       

EMB2   0.723       

EMB3   0.718       

 



364 
 

 

 

Appendix 6. C: Indicator loadings and cross loadings (1st Round) 

 

 

 

 

 

 SREL SAVL SEFF SPRI SASS SRES SEMP FUNB EMB SAT USB SN PN 

SREL1 (0.971) 0.041 0.000 -0.033 -0.045 0.011 0.030 -0.036 0.024 0.102 -0.010 0.008 -0.004 

SREL3 (0.977) -0.041 0.000 0.033 0.045 -0.011 -0.030 0.036 -0.024 -0.102 0.010 -0.008 0.004 

SAVL1 0.041 (0.896) -0.004 -0.003 0.012 -0.015 -0.022 -0.014 -0.013 0.018 0.026 -0.009 -0.014 

SAVL3 -0.041 (0.974) 0.004 0.003 -0.012 0.015 0.022 0.014 0.013 -0.018 -0.026 0.009 0.014 

SEFF1 0.015 0.000 (0.976) 0.019 0.009 0.000 -0.002 -0.001 -0.033 -0.021 -0.003 -0.023 0.025 

SEFF2 -0.015 0.000 (0.970) -0.019 -0.009 0.000 0.002 0.001 0.033 0.021 0.003 0.023 -0.025 

SPRI1 -0.013 0.012 0.007 (0.878) 0.035 -0.044 -0.029 0.003 0.030 0.029 -0.020 0.020 0.000 

SPRI2 0.013 -0.012 -0.007 (0.653) -0.035 0.044 0.029 -0.003 -0.030 -0.029 0.020 -0.020 0.000 

SASS1 -0.009 -0.045 -0.011 0.026 (0.966) 0.011 -0.067 -0.033 0.047 0.034 0.024 0.031 -0.041 

SASS3 0.009 0.045 0.011 -0.026 (0.932) -0.011 0.067 0.033 -0.047 -0.034 -0.024 -0.031 0.041 

SRES1 -0.007 0.033 0.033 -0.013 -0.002 (0.902) -0.022 0.050 -0.016 0.008 -0.057 0.006 0.018 

SRES3 0.007 -0.033 -0.033 0.033 0.002 (0.711) 0.022 -0.050 0.016 -0.008 0.007 -0.006 -0.018 

SEMP1 0.022 -0.005 -0.017 -0.025 0.036 0.000 (0.901) -0.011 0.002 0.011 -0.022 -0.017 -0.002 

SEMP2 -0.022 0.005 0.017 0.025 -0.036 0.000 (0.913) 0.011 -0.002 -0.011 0.022 0.017 0.002 

FUNB2 -0.024 0.030 0.028 -0.021 -0.102 0.022 0.005 (0.955) 0.016 -0.010 0.016 0.000 0.027 

FUNB3 0.024 -0.030 -0.028 0.021 0.102 -0.022 -0.005 (0.960) -0.016 0.010 -0.016 0.000 -0.027 

EMB2 0.018 0.013 -0.021 -0.030 -0.017 0.007 0.020 0.075 (0.903) 0.003 -0.063 0.010 -0.008 

EMB3 -0.018 -0.013 0.021 0.030 0.017 -0.007 -0.020 -0.075 (0.922) -0.030 0.063 -0.010 0.008 

SAT1 0.008 -0.006 -0.009 -0.024 -0.017 0.011 -0.007 0.009 -0.021 (0.955) 0.012 -0.059 0.001 

SAT2 -0.003 -0.008 0.001 0.020 -0.005 -0.017 -0.009 -0.020 -0.008 (0.966) 0.015 0.020 -0.048 

SAT3 -0.045 0.004 -0.020 0.020 -0.024 0.020 0.026 -0.022 0.003 (0.971) -0.021 0.022 -0.067 

SAT4 0.011 0.010 -0.001 -0.017 0.005 -0.013 -0.010 -0.017 0.006 (0.968) -0.006 -0.004 0.005 

SN1 0.000 -0.019 0.011 0.003 0.004 -0.028 0.006 0.007 0.001 0.000 (0.898) 0.009 0.017 

SN2 0.000 0.009 -0.003 -0.131 -0.010 -0.129 -0.204 0.000 -0.050 -0.261 (0.764) -0.093 0.030 

SN3 -0.010 -0.079 -0.039 0.003 -0.066 0.002 0.008 -0.100 -0.069 0.002 (0.890) 0.011 -0.043 

SN4 0.010 -0.046 -0.113 -0.104 -0.151 0.004 -0.002 -0.041 -0.125 0.009 (0.838) -0.030 0.005 

SN5 -0.009 0.006 0.006 -0.044 -0.011 0.001 -0.019 -0.062 0.001 0.005 (0.934) -0.011 -0.080 

SN6 -0.029 0.005 -0.027 -0.027 0.004 -0.006 0.006 -0.033 -0.070 -0.293 (0.902) 0.006 0.013 

SN7 0.007 0.001 -0.057 0.011 0.003 -0.084 0.001 -0.170 -0.192 -0.474 (0.839) 0.003 0.000 

SN8 0.002 -0.007 0.000 -0.069 -0.131 0.002 0.024 -0.019 0.002 0.013 (0.825) -0.004 0.009 

PN1 -0.095 -0.010 -0.060 -0.003 0.000 0.007 -0.264 0.007 0.003 0.004 -0.227 (0.844) -0.176 

PN2 -0.027 -0.007 -0.030 0.000 0.009 -0.051 -0.051 -0.004 -0.009 0.001 -0.052 (0.947) -0.078 

PN3 -0.028 0.008 -0.051 0.002 0.004 -0.064 0.028 -0.038 -0.098 -0.274 0.002 (0.878) -0.001 

PN4 0.004 -0.026 -0.003 -0.135 -0.003 -0.027 0.136 0.003 -0.109 -0.292 0.000 (0.720) 0.002 

PN5 0.009 -0.031 0.006 0.007 -0.035 0.007 -0.022 -0.035 0.005 -0.021 0.002 (0.946) -0.029 

PN6 0.003 -0.021 -0.005 0.002 -0.034 0.001 -0.011 -0.083 0.009 0.009 -0.023 (0.955) -0.015 

USB1 -0.032 0.007 0.003 -0.012 0.005 0.005 -0.012 -0.005 0.020 0.002 -0.022 -0.111 (0.960) 

USB2 -0.011 0.000 -0.014 -0.026 0.006 0.003 -0.024 -0.004 -0.019 0.009 -0.055 -0.124 (0.963) 

USB3 -0.062 0.003 -0.009 0.002 0.001 -0.047 -0.034 0.004 -0.004 0.000 -0.036 -0.124 (0.928) 
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Appendix 6. D: Indicator loadings and cross loadings (2nd Round) 

 

 

 

 

 

 

 SREL SAVL SEFF SPRI SASS SRES SEMP FUNB EMB SAT USB SN PN 

SREL3 (0.977) -0.041 0.000 0.033 0.045 -0.011 -0.030 0.036 -0.024 -0.102 0.010 -0.008 0.004 

SAVL3 -0.041 (0.974) 0.004 0.003 -0.012 0.015 0.022 0.014 0.013 -0.018 -0.026 0.009 0.014 

SEFF1 0.015 0.000 (0.976) 0.019 0.009 0.000 -0.002 -0.001 -0.033 -0.021 -0.003 -0.023 0.025 

SPRI1 -0.013 0.012 0.007 (0.878) 0.035 -0.044 -0.029 0.003 0.030 0.029 -0.020 0.020 0.000 

SASS1 -0.009 -0.045 -0.011 0.026 (0.966) 0.011 -0.067 -0.033 0.047 0.034 0.024 0.031 -0.041 

SRES1 -0.007 0.033 0.033 -0.013 -0.002 (0.902) -0.022 0.050 -0.016 0.008 -0.057 0.006 0.018 

SEMP2 -0.022 0.005 0.017 0.025 -0.036 0.000 (0.913) 0.011 -0.002 -0.011 0.022 0.017 0.002 

FUNB3 0.024 -0.030 -0.028 0.021 0.102 -0.022 -0.005 (0.960) -0.016 0.010 -0.016 0.000 -0.027 

EMB3 -0.018 -0.013 0.021 0.030 0.017 -0.007 -0.020 -0.075 (0.922) -0.030 0.063 -0.010 0.008 

SAT1 0.008 -0.006 -0.009 -0.024 -0.017 0.011 -0.007 0.009 -0.021 (0.955) 0.012 -0.059 0.001 

SAT2 -0.003 -0.008 0.001 0.020 -0.005 -0.017 -0.009 -0.020 -0.008 (0.966) 0.015 0.020 -0.048 

SAT3 -0.045 0.004 -0.020 0.020 -0.024 0.020 0.026 -0.022 0.003 (0.971) -0.021 0.022 -0.067 

SAT4 0.011 0.010 -0.001 -0.017 0.005 -0.013 -0.010 -0.017 0.006 (0.968) -0.006 -0.004 0.005 

SN1 0.000 -0.019 0.011 0.003 0.004 -0.028 0.006 0.007 0.001 0.000 (0.898) 0.009 0.017 

SN2 0.000 0.009 -0.003 -0.131 -0.010 -0.129 -0.204 0.000 -0.050 -0.261 (0.764) -0.093 0.030 

SN3 -0.010 -0.079 -0.039 0.003 -0.066 0.002 0.008 -0.100 -0.069 0.002 (0.890) 0.011 -0.043 

SN4 0.010 -0.046 -0.113 -0.104 -0.151 0.004 -0.002 -0.041 -0.125 0.009 (0.838) -0.030 0.005 

SN5 -0.009 0.006 0.006 -0.044 -0.011 0.001 -0.019 -0.062 0.001 0.005 (0.934) -0.011 -0.080 

SN6 -0.029 0.005 -0.027 -0.027 0.004 -0.006 0.006 -0.033 -0.070 -0.293 (0.902) 0.006 0.013 

SN7 0.007 0.001 -0.057 0.011 0.003 -0.084 0.001 -0.170 -0.192 -0.474 (0.839) 0.003 0.000 

SN8 0.002 -0.007 0.000 -0.069 -0.131 0.002 0.024 -0.019 0.002 0.013 (0.825) -0.004 0.009 

PN1 -0.095 -0.010 -0.060 -0.003 0.000 0.007 -0.264 0.007 0.003 0.004 -0.227 (0.844) -0.176 

PN2 -0.027 -0.007 -0.030 0.000 0.009 -0.051 -0.051 -0.004 -0.009 0.001 -0.052 (0.947) -0.078 

PN3 -0.028 0.008 -0.051 0.002 0.004 -0.064 0.028 -0.038 -0.098 -0.274 0.002 (0.878) -0.001 

PN4 0.004 -0.026 -0.003 -0.135 -0.003 -0.027 0.136 0.003 -0.109 -0.292 0.000 (0.720) 0.002 

PN5 0.009 -0.031 0.006 0.007 -0.035 0.007 -0.022 -0.035 0.005 -0.021 0.002 (0.946) -0.029 

PN6 0.003 -0.021 -0.005 0.002 -0.034 0.001 -0.011 -0.083 0.009 0.009 -0.023 (0.955) -0.015 

USB1 -0.032 0.007 0.003 -0.012 0.005 0.005 -0.012 -0.005 0.020 0.002 -0.022 -0.111 (0.960) 

USB2 -0.011 0.000 -0.014 -0.026 0.006 0.003 -0.024 -0.004 -0.019 0.009 -0.055 -0.124 (0.963) 

USB3 -0.062 0.003 -0.009 0.002 0.001 -0.047 -0.034 0.004 -0.004 0.000 -0.036 -0.124 (0.928) 
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Appendix 6.E: Path coefficients, standard errors, and t values of the 
research model 

 

 Path 
coefficients 

Standard error t values 

Platform quality 
system availability  

0.888 0.044 20.408 

Platform quality 
system reliability 

0.899 0.043 20.684 

Platform quality 
system efficiency 

0.834 0.044 19.035 

Platform quality 
system privacy 

0.652 0.045 14.520 

Platform quality 
system 
responsiveness 

0.860 0.044 19.680 

Platform quality 
system assurance 

0.856 0.044 19.596 

Platform quality 
system empathy 

0.837 0.044 19.110 

Platform quality 
functional benefit 

0.873 0.044 20.022 

Platform quality 
emotional benefit 

0.863 0.044 20.024 

Service quality 
platform quality 

0.936 0.043 21.642 

Service quality 
information quality 

0.927 0.043 21.404 

Service quality 
outcome quality 

0.898 0.043 20.662 

 

 

 

 

 

 


