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ABSTRACT

eHealth service has received increasing attention. Patients can consult online doctors via the internet 
and then physically visit the doctors for further diagnosis and treatments. Although extant research 
has focused on the adoption of eHealth services, the decision-making process from online to offline 
health services remains unclear. This study aims to examine patients’ decisions to use online and 
offline health services by integrating the extended valence framework and the halo effect. By 
analyzing 221 samples with online consultation experiences, the results show that trust significantly 
influences perceived benefits and perceived risks, while trust, perceived benefits, and perceived risks 
significantly influence the intention to consult. The intention to consult positively influences the 
intention to visit. Considering the moderating effects of payment types, the influence of perceived 
risks on the intention to consult is larger for the free group than for the paid group. The findings are 
useful to better understand patients’ decisions to use eHealth.
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INTRODUCTION

With the development of the healthcare industry and high-speed internet facilities, eHealth has been 
developing rapidly worldwide. eHealth can encompass a range of services, including telehealth, 
telemedicine, mHealth, electronic medical records, or other health IT services. When health 
applications are linked to mobile devices, patients can consult online doctors via mobile phones, and 
doctors can treat their patients remotely. As the number of health internet users is growing rapidly, 
the global eHealth market is expected to grow from USD 40.82 billion in 2017 to 132.35 billion by 
2023 (marketsandmarkets.com, 2018). Governments and businesses in China, India, and Australia 
contribute to the development of the eHealth market.
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Online health consultation is a type of eHealth service in which communication between patients 
and doctors is offered via the internet. Patients can consult online doctors about their illnesses, and 
doctors can provide diagnoses, treatment plans and even prescriptions via the internet. If necessary, 
a patient can physically visit a doctor for further diagnosis and treatment after consulting the online 
doctor. Contrary to the traditional direct visit with a doctor, online health consultations help patients 
save considerable time and offer convenience (Chang et al., 2019). In particular, during the coronavirus 
disease 2019 (COVID-19) pandemic, online health consultations can help reduce the risk of cross-
infection for patients with mild illnesses.

Although eHealth is playing an increasingly important role in the COVID-19 pandemic, the 
adoption rate of online health consultations was relatively low in China. According to a research 
report, 390 million Chinese people have used eHealth services, including online appointments, health 
information seeking, and patient-centered communication. Among eHealth users, less than half 
(47.6%) used online health consultations, accounting for only a quarter of the Chinese population 
(LeadLeo, 2020). Compared with more than half of Americans who used online health consultations, 
the low adoption rate limits the development of the eHealth industry (Gong et al., 2019). Therefore, 
understanding the factors that affect patients’ use of online health consultations seems more important 
than ever.

Online health consultation services are beneficial to patients, but online health services also 
introduce privacy risks for patients, who disclose personal information (i.e., medical consultations, 
medical treatments, and medicine prescriptions) on online health platforms. When patients worry 
that their personal information may be hacked via the internet and even be misused by unknown 
institutions, they may refuse to use online services. Since risks may decrease patients’ intentions to 
adopt technology, trust is proposed to be an effective way to mitigate the perception of risks (Gong 
et al., 2019; Hong et al., 2019; Lee et al., 2018; Li et al., 2020). Trust is included in the proposed 
model to be the antecedent of perceived benefits and perceived risks.

Although the extant research has increasingly focused on the adoption of eHealth services, such 
as health information systems, online seeking services, and online health forums (Chang et al., 2016; 
Cho, 2016; Dünnebeil et al., 2012; Hong et al., 2021; Lai & Wang, 2015; Li & Wang, 2019; Turan 
et al., 2015), the research on online health consultations is very limited. Since most of these studies 
have examined the behavioral intention or intention to use online services, the decision-making 
process from online to offline health services remains unclear. In addition, patients exhibit different 
degrees of behavioral intentions for different payment types (e.g., free or paid consultation). To the 
best of our knowledge, no prior studies have investigated the moderating effects of payment types 
on online and offline health services. Therefore, this study aims to fill the gaps by understanding 
patients’ decision-making processes in groups of different payment types.

Since the extended valence framework can explain consumer decision-making patterns based 
on perceived risks and perceived benefits (Peter & Tarpey, 1975), this theory is applied to examine 
the relationship between trust, benefits, and risks in the context of online health consultations. This 
study further incorporates service quality as the external variable of the extended valence framework, 
and investigates patient behaviors from online to offline channels based on the halo effect. Since 
the halo effect has been extensively validated on multiple channels (Thorndike,1920), it can help 
illustrate the relationship between the intention to consult and visit doctors. In particular, our research 
questions are as follows:

1. 	 What are the factors affecting patients’ intentions to use online and offline health services?
2. 	 How do patients’ intentions to use online and offline health services influence each other?
3. 	 How do payment types moderate patients’ decision-making processes regarding health services?

By answering these research questions, this study helps doctors and online health service providers 
better understand patients’ decisions to use online and offline health services. The research makes 
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three contributions. First, the proposed model draws from the extended valence framework and the 
halo effect. This study focuses on the factors that affect patients’ intentions to use online and offline 
health services. Second, we extend the extant research that focused on the adoption of eHealth services 
to the intention to use offline health services. Third, the moderating effects of payment types are 
further identified and analyzed in eHealth.

The remainder of this study is organized as follows. Section 2 reviews the literature on eHealth 
and introduces the theoretical foundations used in this study, including the extended valence framework 
and the halo effect. Section 3 presents the research model and hypotheses. Section 4 describes the 
research methodology, followed by the results of the data analysis in Section 5. Section 6 discusses 
the findings of this study. Section 7 presents the theoretical and practical contributions. Conclusions 
and limitations are presented in the last section.

LITERATURE REVIEW

eHealth
eHealth can be referred to as the use of information and communication technologies (ICT) for 
health services and information. The World Health Organization (WHO) defines eHealth as “the 
cost-effective and secure use of information and communication technologies in support of the health 
and health-related fields including healthcare, health surveillance and health education, knowledge 
and research.” The European Commission defines eHealth as “the use of modern information and 
communication technologies to meet needs of citizens, patients, healthcare professionals, healthcare 
providers, as well as policy makers.”

eHealth can also include digital health applications on mobile devices, such as mobile phones, 
tablets, personal digital assistants, and the wireless infrastructure. The mode is also referred to as 
mobile health (mHealth) (Hamida et al., 2015). Online health consultation is a common eHealth 
service and can allow patients to use mobile devices to access to medical consultations with online 
doctors. Doctors can also deliver drug prescriptions to their patients via the internet. Since online 
health consultations can help to improve health quality, gain convenience, and reduce healthcare 
costs, online health services have become very popular in recent years.

Some researchers have focused on the adoption of online health consultations (Chang et al., 
2019; Xin et al., 2020; Le et al., 2019). From the cost-benefit perspective, scholars have investigated 
the factors that influence the adoption of online health consultations (Gong et al., 2019; Hong et 
al., 2019; Li et al., 2020). The results showed that risk and benefit factors contribute to patients’ 
intentions to use health services. Wang et al. (2020) and Li et al. (2018) found that trust plays a crucial 
role in determining patients’ intentions to use online health consultations. In the research of Arfi et 
al. (2021) and Arfi et al. (2021), they focused on human-technology interactions to understand the 
adoption of eHealth services.

Most of the existing literature has examined the determinants of the adoption of online health 
consultations from an online perspective. In fact, patients may go to hospitals for treatment after 
consulting online doctors. The relationship between online consultations and offline visits remains 
unclear in eHealth. Thus, this study focuses on patients’ decision-making processes from online to 
offline health services to bridge the research gap. In addition, based on different payment types (free 
and paid consultation), different groups of patients may have different perceptions and behavioral 
intentions. Drawing on the extended valence framework and the halo effect, we explore the factors 
that affect patients’ intentions to use online and offline health services. The moderating effects of 
payment types are further identified and analyzed.
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Extended Valence Framework
The valence framework proposed by Peter and Tarpey (1975) originated from the economics and 
psychology literature. This framework was used to explain consumer decision-making patterns 
based on perceived risks and perceived benefits. Consumers perceive products or services as having 
both positive attributes (i.e., perceived benefits) and negative attributes (i.e., perceived risks). After 
consumers maximize the positive attributes and minimize the negative attributes, they balance two 
attributes to maximize the net valence (Peter & Tarpey, 1975). The valence framework has been used 
to examine consumer behaviors in e-commerce contexts (Lee et al., 2018; Lu et al., 2011; Mou et 
al., 2020; Ozturk et al., 2017).

Given the important role of trust in the success of e-commerce, the extended valence framework 
proposed by Kim et al. (2009) integrated trust into the original valence framework. The extended 
valance framework suggests trust as the antecedent of perceived benefits and perceived risks. According 
to the extended valence framework, trust has an impact on perceived benefits and perceived risks. In 
addition, trust, perceived benefits, and perceived risks have direct effects on consumer behavior. The 
extended valence framework has been applied to explain consumer behaviors in different contexts, 
such as eHealth services (Gong et al., 2019; Hong et al., 2019; Ren et al., 2019), Fintech (Ryu, 2018), 
AI (Bedué & Fritzsche, 2021), and information systems (Wimmer & Yoon, 2017).

In addition to the extended valence framework, several theories have also been adopted to 
understand consumer behaviors in eHealth. Gong et al. (2019) integrated the extended valence 
framework and the theory of reasoned action (TRA) to investigate patients’ adoption of online health 
consultations. Based on the unified theory of acceptance and use of technology (UTAUT), scholars 
have integrated trust, perceived risks, and financial costs to extend UTAUT to investigate customers’ 
adoption of the internet of Things (IoT) in eHealthcare (Arfi et al., 2021; Arfi et al., 2021). Customers’ 
gender and age play moderators in their research models. Li et al. (2020) adopted the theory of 
planned behavior (TPB) to understand patients’ intentions to use online inquiry services. The results 
showed that the risks from and convenience of online services influence patients’ intentions. Table 
1 summarizes the theories and frameworks used in eHealth.

The purpose of this study is to better understand how to increase patients’ intentions to use online 
and offline health services. Although patients can reduce costs, save time, and obtain better access to 
knowledge from online services, they may worry whether doctors properly collect, store and use their 
personal information. The benefits and risks might be considered positive and negative valences of 
using online health consultations. Additionally, trust can be used to increase perceived benefits and 
reduce perceived risks. Thus, this study posits that the extended valence framework can provide a 
robust theoretical foundation to examine the relationships between trust, perceived benefits, perceived 
risks, and behavioral intentions in the context of online health consultations.

Since online health consultation is the application of e-commerce in eHealth, service quality 
should be incorporated into the proposed research model. Previous research has indicated that service 
quality is also a significant determinant of behavioral intentions (Lee et al., 2018; Zhou, 2014; Zhou 
et al., 2010). In particular, patients evaluate the service performance provided by online doctors, 
such as doctors’ responses, consultation processes, and doctor-patient interactions (Chang et al., 
2019; Xin et al., 2020). Service quality is important for increasing patients’ trust in doctors, which in 
turn determines whether to continue to consult and visit the doctors. However, the extended valence 
framework did not pay attention to the relationship. Therefore, this study incorporates service quality 
as the external variable of the extended valence framework to examine the relationship between 
service quality and trust.
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Halo Effect
The halo effect proposed by Thorndike (1920) refers to a cognitive bias in which an observer’s 
overall impression of a person, company, brand, or product influences the observer’s perceptions 
of that entity’s characteristics. If an observer likes one characteristic of the entity, he/she will have 
a positive perception of other characteristics. If an observer dislikes one characteristic of the entity, 
he/she will have a negative perception of other characteristics. Previous studies have applied the halo 
effect concept to various domains, such as psychology, social psychology, organizational behavior, 
and marketing (Cowan & Little, 2013; Dunham & Burt, 2011; Zhang et al., 2014).

The halo effect has been applied to explain the relationship between online and offline channels 
in multichannel contexts. Jin et al. (2010) applied the halo effect to investigate online and offline 
operations. They found that the characteristics of and satisfaction with offline channels increase the 
satisfaction with and loyalty to online channels. Kwon and Lennon (2009) investigated the effects of 
a multichannel retailer’s offline and online brand images on consumers’ online loyalty. The results 
revealed that if a retailer has a positive offline brand image, its online brand image will be more 
positive. The effect is consistent with the halo effect concept.

Previous studies on eHealth have adopted the halo effect to explain patients’ intentions to use 
online and offline health services. Chang et al. (2019) integrated online and offline health services 
based on the halo effect. The results showed that doctor-patient online interactions can motivate 
patients’ continued intentions to consult doctors, thereby driving their intention to visit doctors. Xin 
et al. (2020) found that online doctor-patient interactions influence the use of online consultation 
services and offline medical treatment. Consistent with the halo effect, the findings showed that 
patients’ online consultation intentions affect their face-to-face consultation intentions.

Based on these previous studies, the experience with one channel can serve as a halo effect, 
which affects the evaluation of another channel. If an individual has a good impression of a certain 
entity while experiencing the service provided by a certain channel, he/she may also have a higher 
evaluation of other channels of the entity and be willing to experience the services provided by 

Table 1. Previous studies on eHealth

Previous studies Positive valence Negative valence Theory and 
framework

Research issue

Gong et al. (2019) Perceived benefit Perceived risk The extended valence 
framework

Online healthcare 
services

Hong et al. (2019) Perceived benefit Perceived risk The extended valence 
framework, theory of 
planned behavior

Online healthcare 
services

Ren et al. (2019) Learning benefits, 
functional benefits, 
social benefits, 
personal integrative 
benefits

Cognitive costs, 
executional costs

Valence framework Health information 
seeking

Arfi et al. (2021) Performance 
expectancy

Perceived risk United theory of 
acceptance and use of 
technology

eHealth services

Arfi et al. (2021) Performance 
expectancy

Perceived risk, 
financial cost

United theory of 
acceptance and use of 
technology

eHealth services

Li et al. (2020) Perceived 
convenience, 
perceived outcome

Perceived information 
risk, perceived 
medical risk

Theory of planned 
behavior

Online inquiry 
services
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other channels. Because patients who intend to consult online doctors are likely to further visit the 
doctors, online channels can be extended to offline channels. The impacts of the online consultation 
intention should also be considered when investigating the offline visit intention in multichannel 
settings. Therefore, this study posits that the intention to consult online doctors may be an important 
source of the halo effect.

RESEARCH MODEL AND HYPOTHESES

Service quality is defined as patients’ overall service performance associated with online consultation 
services. Service quality can be measured from multiple characteristics, such as assurance, empathy, 
and responsiveness. Doctors provide patients with assured, timely, and attentive services during 
online consultations, leading to a higher intention to consult doctors. In e-commerce contexts, service 
quality reflects the motivation to increase consumers’ trust in suppliers. After experiencing actual 
services, consumers are able to easily evaluate their level of trust in suppliers. Past research has also 
suggested that service quality plays a critical role in determining consumers’ trust in suppliers (Lee 
et al., 2018; Zhou, 2014; Zhou et al., 2010). If the services provided by doctors can meet patients’ 
needs and reflect excellent quality, patients are likely to have a higher level of trust in doctors. Thus, 
this study hypothesizes:

H1: Service quality positively affects trust.

Trust is considered to be an important factor influencing perceived benefits, perceived risks, 
and behavioral intentions. Trust in this study refers to patients’ expectations about the motives and 
behaviors of online doctors. When patients have a high level of trust in doctors, they believe that 
doctors are less likely to behave opportunistically. Although patients may be concerned about privacy 
and security risks, they still provide and disclose personal information. On the other hand, when 
patients have a high level of trust in online doctors, they believe that the doctors will endeavor to 
realize patients’ interests (e.g., commitments to the consultation quality). Thus, trust can help reduce 
uncertainty and increase awareness of potential benefits (Gong et al., 2019; Hong et al., 2019; Lee 
et al., 2018; Li et al., 2020).

According to the extended valence framework, trust directly and indirectly influences consumers’ 
decision-making processes thorough perceived benefits and perceived risks. Trust determines whether 
a consumer has a positive attitude toward shopping and online purchase intention in e-commerce 
contexts (Jarvenpaa et al., 2000). Trust may not only facilitate the transaction process but may 
also promote behavioral intentions (Pavlou, 2003; Zhou, 2013). In eHealth, trust reflects patients’ 
willingness to take risks to meet their health needs. Even if patients account for privacy risks, patients 
who have a high level of trust in doctors are likely to consult online doctors. The existing evidence 
has suggested that trust plays an important role in determining their intention to use eHealth services 
(Arfi et al., 2021; Gong et al., 2019; Hong et al., 2019; Li et al., 2018; Li & Wang, 2019; Wang et 
al., 2020). Thus, this study hypothesizes:

H2: Trust positively affects perceived benefits.
H3: Trust negatively affects perceived risks.
H4: Trust positively affects the intention to consult.

As a component of the extended valence framework, perceived benefits in this study are defined as 
the perceived utility associated with online consultation services. Online health consultation services 
can help patients considerable time and offer convenience, which have been identified as potential 
benefits compared with traditional offline health services (Gong et al., 2019). Patients must wait in 



Journal of Organizational and End User Computing
Volume 34 • Issue 4

7

lines for long periods when going to hospitals for treatment. The costs for offline health services are 
higher than those for online health services. Moreover, patients can gain a wider range of medical 
knowledge from doctors via the internet. When patients are able to benefit from the advantages, they 
will be more likely to consult online doctors. Empirical studies on eHealth have shown that perceived 
benefits have a positive effect on behavioral intention (Gong et al., 2019; Hong et al., 2019; Li et al., 
2020; Ozturk et al., 2017). Thus, this study hypothesizes:

H5: Perceived benefits positively affect the intention to consult.

As another important component of the extended valence framework, perceived risks in this 
study are defined as privacy and security risk concerns associated with online consultation services. 
Patients are required to disclose personal information and diseases, which is a major concern. Since 
the information is transmitted to doctors through online health platforms, patients may worry that 
online health service providers behave opportunistically. For example, personal information or 
medical records could be misused by unknown individuals or companies or be disclosed to hospital 
institutions. When patients with high risk beliefs feel greater uncertainty, they tend to reduce their 
intention to consult online doctors. Several studies have suggested that perceived risks negatively 
affect behavioral intention in different e-commerce contexts (Gong et al., 2019; Lee et al., 2018; Lu 
et al., 2011; Mou et al., 2020; Ozturk et al., 2017; Ryu, 2018). Thus, this study hypothesizes:

H6: Perceived risks negatively affect the intention to consult.

According to the halo effect, consumers’ behavioral intentions to use one channel influences 
their purchase decisions toward another channel in multichannel settings (Yang et al., 2011). After 
experiencing online services, a patient who need further treatment is able to evaluate the option of 
going to a hospital to receive additional treatment. If a patient has a good impression of the doctor, he/
she is more likely to consult and visit the doctor. A satisfactory online consultation service contributes 
to enhancing the patient’s willingness to visit the same doctor offline for further treatment. In contrast, 
an unsatisfactory online consultation service results in the patient’s reluctance to visit the doctor. Past 
research on eHealth has verified the relationships between online and offline health services based on 
the halo effect (Chang et al., 2019; Xin et al., 2020; Le et al., 2019). Thus, this study hypothesizes:

H7: The intention to consult positively affects the intention to visit.

The adoption of a product or service depends not on the attributes of the product or service itself 
but also on the characteristics of consumers. Previous studies have posited that individual differences 
determine the use of new technologies (Arfi et al., 2021; Arfi et al., 2021; Chen et al.., 2020; Hong 
et al., 2019; Ryu, 2018). Since patients’ propensity to pay results in different expectations for online 
health consultations, their perceptions of benefits and risks lead to different behavioral intentions 
(Hong et al., 2019). This study classifies payment types into two categories, i.e., free and paid groups. 
The free group refers to patients who have not paid to consult doctors; the paid group refers to patients 
who paid to consult doctors.

The influences of benefits and risks on the intention to consult doctors are larger for the free 
group than for the paid group. For the free group, patients directly saved on consulting costs for online 
health consultations. Thus, they receive more potential benefits than the paid group. In addition, the 
free group, who is sensitive to monetary costs, may also have a greater reaction to risks than those 
in the other group. Thus, it is expected that the higher the risk is, the lower the intention to consult 
doctors. On the other hand, because the paid group has paid for online health services, they have a 
higher level of trust and a more positive attitude toward online and offline health services than the 
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free group. The relationship between the intention to consult doctors and the intention to visit doctors 
is stronger for the paid group than for the free group. Therefore, this study hypothesizes:

H8a: The effect of trust on the intention to consult is greater for the paid group than for the free group.
H8b: The effect of perceived benefits on the intention to consult is greater for the free group than 

for the paid group.
H8c: The effect of perceived risks on the intention to consult is greater for the free group than for 

the paid group.
H8d: The effect of the intention to consult on the intention to visit is greater for the paid group than 

for the free group.

The research model of this study is shown in Figure 1.

RESEARCH METHODOLOGY

Instrument Development
The research model was tested using a survey that includes the following measures. The items for 
service quality were adapted from DeLone and McLean (2003) to measure patients’ perceptions of 
consulting service performance. The items for trust were adapted from Jarvenpaa et al. (2000) to 
reflect patients’ beliefs in the motives and behaviors of doctors. The items for perceived benefits 
were adapted from Lee (2009) to measure the utility associated with online health consultations. 
The items for perceived risks were adapted from Dinev and Hart (2006) to measure the potential 
uncertainty associated with online health consultations. The items for the intention to consult and 
the intention to visit were adapted from Venkatesh et al. (2003) to measure patients’ decisions to use 
online and offline health services. All items were ranked on a seven-point Likert scale (see Table 8 
in the Appendix for full measurement items).

Data Collection
This study collected data from patients on the Good Doctor website (i.e., haodf.com), which is the 
oldest and largest online health platform in China. The Good Doctor website provides various eHealth 
services, including online consultation, remote diagnosis, a healthcare library and knowledge. The 
Good Doctor website allows patients to consult online doctors and then patients can make reservations 

Figure 1. Research model
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with doctors for offline health services. As a result, patients’ willingness to visit doctors can be 
investigated when they have had online consultation experiences.

We contacted the doctors of the Good Doctor website and asked if they were willing to 
participate in the research. A total of 10 doctors voluntarily provided assistance and distributed online 
questionnaires to their patients who had online consultation experiences. We obtained 221 valid 
responses. The respondents were classified into free- and paid groups (115 and 106). Regarding the 
free groups, 67 were male (63.8%), 55 were between 26 and 35 (52.4%), 73 had a bachelor’s degree 
(69.5%), and 43 had incomes between 3001 and 6000 yuan per month (37.4%). Regarding the paid 
group, 56 were male (48.3%), 63 were between 26 and 35 (54.3%), 72 had a bachelor’s degree (62.1%), 
and 41 had incomes between 3001 and 6000 yuan per month (38.6%). The demographic information 
of the respondents is presented in Table 9 in the Appendix.

Data Analysis
This study conducted SPSS and partial least squares (PLS) analysis to evaluate the collected data. SPSS 
was used to assess the demographic information of the respondents. Compared with covariance-based 
structural equation modeling (SEM), PLS-SEM supports the analysis of complex models composed 
of many latent and measured variables. PLS-SEM also allows for the use of non-normal distributions 
and small sample sizes (Chin, 1998; Gefen & Straub, 2005). Thus, PLS-SEM was chosen to examine 
the measurement and structural models in this study.

Before conducting the PLS-SEM analysis, Harman’s single factor test was used to evaluate 
common method variance (CMV). The measurement model was used to evaluate the reliability, 
convergent validity, and discriminant validity (Khan et al., 2019; Shiau & Chau, 2016). The 
discriminant validity depends on Fornell-Larcker criterion and variance inflation factor (VIF) 
(Hair et al., 2009). The structural model was used to test the research hypotheses and model. The 
path coefficient and significance level of each hypothesis and the variance explained (R2) were 
examined. Finally, to further compare different groups of free and paid respondents, we conducted 
PLS multi-group analysis (PLS-MGA) and used the measurement invariance technique to analyze the 
measurement invariance of composite models (MICOM) (Henseler et al., 2016; Huang & Shiau, 2017).

RESULTS

Common Method Variance
This study used Harman’s single factor technique to test CMV. If the variance explained by a single 
factor exceeds 50%, there may be common method bias (Podsakoff & Organ, 1986; Shiau et al., 
2020). SPSS was used to conduct the principal component analysis. The results showed that the first 
and largest factor explains 49% of the total variance, which is lower than 50%. Therefore, common 
method bias is not a main concern in this study.

Measurement Model
First, this study conducted a confirmatory factor analysis (CFA) to test the measurement model. 
Reliability was assessed using Cronbach’s alpha. As listed in Table 2, Cronbach’s alpha for each 
construct ranges from 0.77 to 0.95, which are larger than the threshold of 0.7. Convergent validity was 
assessed using factor loading, composite reliability (CR), and average variance extracted (AVE) (Gefen 
et al., 2000). Table 2 lists the factor loadings for all items range from 0.73 to 0.96, which are larger 
than the threshold of 0.7; CR for each construct ranges from 0.86 to 0.97, which exceed the threshold 
of 0.7; and AVE for each construct ranges from 0.60 to 0.91, which are above the threshold of 0.5.

Second, this study compared the square root of the AVE with the respective constructs to examine 
the discriminant validity. Table 3 lists that the square root of AVE for each construct is higher than the 
correlations between other constructs. VIF static was computed to test the level of multicollinearity 
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between constructs (Hair et al., 2009; Mathieson et al., 2001). Table 4 shows that the VIF values 
range from 1 to 2.06, which are below the cut-off threshold of 10. Thus, we support results for the 
reliability, convergent validity, and discriminant validity.

Structural Model
Figure 2 shows that service quality has a significant positive effect on trust (β=0.751, p<0.001). Thus, 
H1 is supported. Trust positively influences perceived benefits (β=0.704, p<0.001) and the intention 
to consult (β=0.152 p<0.05) and negatively influences perceived risks (β=-0.311, p<0.05), providing 
support for H2, H3, and H4. Perceived benefits positively influence the intention to consultant 

Table 2. Reliability

Construct Factor Loading Mean S.D. CR Cronbach’s alpha AVE

Service Quality (SQ) 0.80 6.27 0.77 0.86 0.77 0.60

0.80

0.73

Trust (TR) 0.93 6.43 0.76 0.93 0.90 0.83

0.91

0.89

Perceived Benefits 
(PB)

0.90 6.34 0.86 0.93 0.89 0.81

0.91

0.89

Perceived Risks (PR) 0.94 3.75 1.63 0.96 0.94 0.89

0.95

0.95

Intention to Consult 
(IC)

0.96 6.00 1.13 0.97 0.95 0.91

0.95

0.95

Intention to Visit (IV) 0.91 6.28 0.93 0.95 0.91 0.85

0.93

0.93

Table 3. Inter-construct correlations

SQ TR PB PR IC IV

SQ 0.77

TR 0.75 0.91

PB 0.70 0.70 0.90

PR -0.36 -0.31 -0.35 0.94

IC 0.62 0.53 0.63 -0.35 0.95

IV 0.61 0.57 0.61 -0.28 0.61 0.92

Joe Chen
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(β=0.469, p<0.001), while perceived risks negatively influence the intention to consult (β=-0.142, 
p<0.001). Thus, H5 and H6 are supported. The intention to consult has a significant positive effect on 
the intention to visit (β=0.610, p<0.001), supporting H7. The variance explained by trust, perceived 
benefits, perceived risks, the intention to consult, and the intention to visit are 56.3%, 49.6%, 9.7%, 
42.4%, and 37.2%, respectively.

The respondents are classified into two types, i.e., free group and paid group. As shown in Table 
5, the two groups have similar results regarding the hypothesized relationships. Service quality has 
a significant positive effect on trust. Trust positively influences perceived benefits and negatively 
influences perceived risks. Perceived benefits positively influence the intention to consult. The 
intention to consult positively influences the intention to visit. However, trust has no significant effect 
on the intention to consult for the free group, while perceived risks have no significant effect on the 
intention to consult for the paid group. Figures 3 and 4 show the analysis results for the two types.

Multi-Group Analysis
H8 was proposed to verify how payment types moderate the relationships between perceived benefits, 
perceived risks, trust, and the intention to consult, as well as the relationship between the intention to 
consult and the intention to visit. PLS-MGA was used to statistically verify the differences between 
free and paid groups. Before conducting PLS-MGA, the MICOM was suggested to conduct an analysis 
of the three procedures, including configural invariance, compositional invariance, and the equality 
of composite mean values and variances (Hair et al., 2019; Henseler et al., 2016).

First, free and paid groups have the same constructs, data treatment, and measurement and 
structural models, indicating configural invariance. Second, a permutation test was used to assess 
compositional invariance. If the c values exceed the 5% quantile, compositional invariance will be 
established between the two groups. Table 6 reveals that the c values for all constructs fall between the 

Table 4. Variance inflation factor values

TR PB PR IC IV

SQ 1.00

TR 1.00 1.00 2.00

PB 2.06

PR 1.15

IC 1.00

Figure 2. Results for the full sample
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Figure 3. Results for the free group

Figure 4. Results for the paid group

Table 5. Results of direct relationships

Hypothesis Full sample Free group Paid group

Coefficient p-value Coefficient p-value Coefficient p-value

H1: SQ→TR 0.751 0.000 0.794 0.000 0.711 0.000

H2: TR→PB 0.704 0.000 0.684 0.000 0.761 0.000

H3: TR→PR -0.311 0.046 -0.259 0.001 -0.390 0.000

H4: TR→IC 0.152 0.044 0.131 0.169 0.338 0.013

H5: PB→IC 0.469 0.000 0.452 0.000 0.451 0.002

H6: PR→IC -0.142 0.000 -0.220 0.028 0.013 0.859

H7: IC→IV 0.610 0.000 0.613 0.000 0.624 0.000
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upper and lower bounds of the 95% confidence interval, indicating the establishment of compositional 
invariance. Third, except for trust and the intention to consult, the composites’ mean values and 
variances for all constructs span between the upper and lower bounds of the 95% confidence interval. 
Thus, partial measurement invariance is established for the two groups.

After evaluating the measurement invariance, this study further used PLS-MGA to examine the 
significance level of the hypothesized relationships between the two groups. As shown in Table 7, the 
effect of perceived risks on the intention to consult is significantly larger for the free group (β=-0.220) 
than for the paid group (β= 0.013). However, there is no significant difference in the relationships 

Table 6. Measurement invariance test using MICOM

Composite c value (=1) 95% confidence interval Compositional 
invariance

SQ 1.000 [0.993; 1.000] Yes

TR 1.000 [0.999; 1.000] Yes

PB 0.999 [0.999; 1.000] Yes

PR 0.999 [0.998; 1.000] Yes

IC 1.000 [1.000; 1.000] Yes

IV 1.000 [0.999; 1.000] Yes

Composite Difference of the composite’s mean value 
(=0)

95% confidence interval Equal mean values

SQ 0.192 [-0.241; 0.237] Yes

TR 0.310 [-0.263; 0.240] No

PB 0.063 [-0.243; 0.270] Yes

PR 0.040 [-0.245; 0.244] Yes

IC -0.202 [-0.253; 0.249] Yes

IV -0.017 [-0.277; 0.262] Yes

Composite Difference of the composite’s variance 
ratio (=0)

95% confidence interval Equal variances

SQ -0.112 [-0.384; 0.382] Yes

TR -0.323 [-0.356; 0.398] Yes

PB 0.296 [-0.554; 0.567] Yes

PR 0.113 [-0.318; 0.320] Yes

IC 0.765 [-0.610; 0.533] No

IV 0.371 [-0.554; 0.488] Yes

Table 7. Comparative results between free and paid groups

Hypothesis Path coefficients-diff (| free 
– paid|)

p-value 
(free vs. paid)

Results

H8a: TR→IC -0.207 0.187 Not support

H8b: PB→IC 0.001 0.993 Not support

H8c: PR→IC -0.233 0.075* Support

H8d: IC→IV -0.012 0.927 Not support

*p<0.1; **p<0.05; ***p<0.01
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between trust, perceived benefits, and the intention to consult, or in the relationship between the 
intention to consult and the intention to visit. Thus, the results partially support H8.

DISCUSSION

All hypotheses are supported by the full sample. The data are further divided into free and paid groups. 
Six of the seven hypothesized relationships are found to be significant for the free and paid groups. 
The effect of service quality on trust, the effect of trust on perceived benefits and perceived risks, the 
effect of perceived benefits on the intention to consult, and the effect of the intention to consult on 
the intention to visit are significant in both groups. The findings are consistent with those of many 
studies related to the extended valence framework (Lee et al., 2018; Lu et al., 2011; Ryu et al., 2018).

The direct path between trust and the intention to consult is significant for the paid group but 
not for the free group. The insignificant relationship between trust and behavioral intentions seems 
to contradict the findings of most studies (Lee et al., 2018; Li et al., 2018; Hong et al., 2019; Wan et 
al., 2020). The Good Doctor website (i.e., haodf.com) allows doctors to provide free or paid online 
consultation services. In the beginning, some doctors are willing to provide free services to attract 
more patients. After the patients were satisfied with their services, the doctors charged for each 
consultation. Generally, patients who have paid for online consultation services may have a higher 
level of trust in doctors than those who have not paid. Thus, the influence of trust is significant only 
for the paid group.

The relationship between perceived risks and the intention to consult is significant for the free 
group but not for the paid group. The insignificant relationship between risks and behavioral intentions 
is consistent with the findings of the existing research (Gong et al., 2019; Hong et al., 2019; Ozturk 
et al., 2017). One possible explanation is that the respondents are from the paid group, who has a 
strong perception of control regarding the online health consultation. Before accepting the payment 
mode, most patients will actively understand the doctors’ professional capabilities based on the ratings 
and comments provided by other patients who have consulted the same doctors. Since patients can 
identify potential risks and avoid any risky behavior, they perceive a low risk of consulting online 
doctors, which in turn has no significant impact on their willingness to consult doctors.

The study demonstrates that the relationships between patients’ perceptions and behavioral 
intentions vary with different payment types, which are in accordance with the findings of previous 
studies investigating the moderating effects of consumer characteristics (Arfi et al., 2021; Arfi et al., 
2021; Chen et al.., 2020; Hong et al., 2019; Ryu, 2018). According to the MGA results, the effect 
of perceived risks on the intention to consult is stronger for the free group than for the paid group. 
This finding indicates that if the respondents are from the free group, their perceived risks are highly 
related to their intention to consult doctors. Compared with the paid group, the free group may not 
be familiar with online doctors, so they may be more sensitive to risks.

IMPLICATIONS FOR THEORY AND PRACTICE

Implications for Theory
This study makes some theoretical contributions. Previous studies have heavily focused on the adoption 
of eHealth services (Chang et al., 2016; Cho, 2016; Dünnebeil et al., 2012; Lai & Wang, 2015; Turan 
et al., 2015). However, little research has focused on investigating the relationship between online 
and offline channels in eHealth. This study develops a model to examine patients’ decisions to use 
online and offline health services by integrating the extended valence framework and the halo effect. 
Since the proposed model accounts for 42.4% of the variance in the intention to consult and 37.2% 
of the variance in the intention to visit, our theoretical model contributes to the literature on eHealth.
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This study enriches the eHealth literature by distinguishing between payment types (free and 
paid consultation). Our results indicate that the effects of trust and perceived risks on the intention to 
consult are different, depending on the payment types. The payment types moderate the relationship 
between trust and the intention to consult and between perceived risks and the intention to consult. 
The difference between free and paid groups is further empirically validated. Thus, the adoption of 
online health consultations does not depend on the characteristics of online health services but also 
on the characteristics of patients. Since the payment type is a significant research contribution, future 
research can consider the influence of other aspects on behavioral intentions, such as usage types 
(e.g., consultation by telephone or by texts), usage purpose (social use or process use), and disease 
types (chronic or non-chronic disease) (Song et al., 2021).

Drawing upon the extended valence framework, perceived benefits and perceived risks are 
crucial in determining patients’ intentions to consult doctors. Trust is found to increase perceived 
benefits and decrease perceived risks. Thus, trust and privacy risks cannot be ignored when promoting 
eHealth use (Shiau et al., 2021). In addition, the results show that service quality plays a critical role 
in determining trust. We enrich the extended valence framework by incorporating service quality 
into the research model. The inclusion of service quality in the extended valence framework can 
improve our understanding of patients’ decision-making patterns. Future research is encouraged to 
explore other external variables (e.g., doctor reputation, doctor title, and hospital brand) in eHealth.

This study introduces the halo effect to explain the relationship between online and offline 
channels in eHealth. We empirically test the effect of the intention to consult on the intention to visit. 
The results show that patients’ intentions to visit doctors can be driven by their intentions to consult 
doctors. The findings provide valuable insights for understanding patients’ decision-making processes 
from online to offline health services. In addition to online consultation services, future studies are 
suggested to explore how other online health services (e.g., online appointments, health information 
seeking, and patient-centered communication) influence patients’ intentions to visit doctors.

Implications for Practice
During the outbreak of the COVID-19 pandemic, governments encouraged people to reduce 
unnecessary offline hospital visits. Thus, increasing patients’ intentions to consult doctors becomes an 
important issue. In particular, eHealth not only helps doctors realize remote diagnosis and treatment 
but also helps patients save considerable time and offers convenience (Shiau et al., 2021). Thus, 
this study aims to increase patients’ intentions to consult doctors through service quality, trust, and 
positive and negative valences. We provide valuable practical implications for online doctors and 
online health service providers.

Service quality has been found to be an important factor in eHealth as well as e-commerce 
contexts. The service quality provided by doctors exerts a strong influence on patients’ trust in 
doctors. Thus, doctors are advised to improve the consultation quality, including the explanation of 
diseases and interaction with patients. In addition to improving doctors’ service quality, the online 
health platform can provide a rating system and ranking of doctors to effectively manage the service 
quality. This information can also enhance patients’ confidence in doctors and increase the number 
of online consultations.

Trust not only maximizes perceived benefits but also minimizes risk perceptions. Trust also 
plays a critical role in determining patients’ intentions to consult doctors. To inspire higher levels 
of confidence in patients, doctors must not only have enough knowledge, skills and experiences to 
address online consultations but must also proactively work to sustain trust. Apart from improving 
trust in doctors, online health service providers can also build a trust mechanism and improve the 
reputation of the platform to enhance patient trust.

In terms of positive valence, perceived benefits are demonstrated to be an important antecedent of 
patients’ intentions to consult online doctors. In the eHealth setting, patients aim to spend less money 
and time by consulting online doctors in a convenient manner. Thus, doctors should emphasize the 
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benefits of online consultations, such as time and cost savings, and the ease of gaining a wider range 
of medical knowledge from doctors. Because online health consultation is a task-oriented service for 
patients, the utility that the patients expect to gain depends on the outcome of online consultations. 
Thus, doctors should be committed to meeting patients’ needs and providing a satisfactory experience.

In terms of negative valence, the findings indicate the potential uncertainties involved in the 
collection, use, and disclosure of personal information as patient concerns. This study suggests that 
online doctors and online health service providers address privacy and ethical issues. Doctors should 
ensure patients that they never engage in opportunistic behavior. In addition, online health service 
providers should invest a considerable amount of time, effort and money to establish secure data 
transmission on the platform and make an effort to provide protection policies for personal information 
(i.e., medical consultations, medical treatments, and medicine prescriptions).

The original extended valence framework did not include payment types. Our results indicate that 
payment types result in different perceptions and behavioral intentions. The free group is concerned 
about privacy and security risks, while the paid group mainly focuses on trust in doctors. Thus, 
doctors should understand that the relationships between perceived risks and the intention to consult 
are different, depending on the payment types. We suggest that doctors develop different strategies 
to allocate health resources to the targeted groups. For example, doctors should try to minimize risk 
perceptions for the free group and increase trust for the paid group.

CONCLUSION

This study aims to investigate patients’ decisions to use online and offline health services during 
the COVID-19 pandemic. More specifically, we propose and test a research model to examine 
the effects of positive valence (perceived benefits) and negative valence (perceived risks) on the 
intention to consult. Service quality is incorporated into the research model as the external variable 
of the extended valence framework. In addition, the moderating effects of payment types (free and 
paid consultation) on behavioral intentions are analyzed. To the best of our knowledge, this study is 
the first to investigate the moderating effects of payment types on patients’ intentions to consult and 
visit doctors in eHealth.

The findings reveal that service quality is an antecedent of trust. Drawing on the extended 
valence framework, trust significantly influences perceived benefits and perceived risks, while trust, 
perceived benefits, and perceived risks significantly influence the intention to consult. By testing the 
halo effect in a multichannel setting, the intention to consult positively influences the intention to 
visit. Considering payment types, the influence of perceived risks on the intention to consult is larger 
for the free group than for the paid group. The findings are useful to understand patients’ decisions 
to use online and offline health services for both researchers and practitioners.

LIMITATIONS AND FUTURE RESEARCH

This study has some limitations. First, this study explored whether patients with online consultation 
experiences go to hospitals for treatment. Our proposed model used behavioral intentions to investigate 
the willingness to visit doctors. Although behavioral intentions and actual behavior are closely 
related, future research can conduct longitudinal studies to investigate actual behavior to increase 
the research validity.

Second, the purpose of using eHealth services was restricted to a specific health service, that 
is, online health consultations. Different usage purposes may result in different perceptions and 
behaviors (Song et al., 2021). Further research is needed to consider other online health services to 
investigate users’ purposes, including online appointments, health information seeking, and patient-
centered communication.
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Third, our data were collected from patients on a specific health platform (i.e., haodf.com). As 
online health platforms with different business models provide different functions, online health 
services, and payment modes, the generalizability of our results may be limited. Future research can 
collect data from other health platforms and compare the findings across different platforms.

Finally, this study examined a limited number of antecedents of behavioral intentions in eHealth. 
During the COVID-19 pandemic, pandemic fears change user behaviors toward information systems 
and/or information technology (Shiau et al., 2021). The effect of the COVID-19 pandemic plays a 
vital role in eHealth. Additionally, other variables that could lead to the intention to consult and visit 
doctors, including platform factors (e.g., interface and system quality) and hospital factors (e.g., 
hospital brand and location), can be considered in future research.
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APPENDIX

Table 8. Definition and measurements of constructs

Construct Measurement items Sources

Service Quality The overall assessment of the service performance associated with online 
consultation services.
SQ1: This doctor provides assured services. 
SQ2: This doctor provides services with empathy. 
SQ3: This doctor provides responsive services.

DeLone and 
McLean (2003)

Trust The expectation about the motives and behaviors of online doctors.
TR1: This doctor’ is trustworthy. 
TR2: This doctor wants to be known as one who keeps promises and 
commitments. 
TR3: I trust this doctor keeps my best interests in mind.

Jarvenpaa et al. 
(2000)

Perceived 
Benefits

The perception of the utility associated with online consultation services.
PB1: I think that consulting the doctor can save my time. 
PB2: I think that consulting the doctor online can offer me a wider range of 
medical knowledge. 
PB3: I think that consulting the doctor can save the costs.

Lee (2009)

Perceived Risks The perception of privacy and security risk concerns associated with 
online consultation services.
What do you believe is the risk for the doctor’s consultation due to the 
possibility that: 
PR1: Personal information submitted could be misused? 
PR2: Personal information could be made available to unknown individuals or 
companies without your knowledge? 
PR3: Personal information could be made available to hospital institutions?

Dinev & Hart 
(2006)

Intention to 
Consult

The strength of the willingness to consult doctors.
IC1: I intend to consult this doctor. 
IC2: I predict I would consult this doctor. 
IC3: I plan to consult this doctor.

Venkatesh et al. 
(2003)

Intention to Visit The strength of the willingness to visit doctors in the hospital.
IV1: I intend to visit this doctor in the hospital in the future. 
IV2: I predict I would visit this doctor in the hospital in the future. 
IV3: I plan to visit this doctor in the hospital in the future.

Venkatesh et al. 
(2003)
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Table 9. Profile of respondents

Measure Items Free Paid Summary

Gender Male 67 56 123 (55.7%)

Female 48 50 98 (44.3%)

Age 18-25 years 19 8 27 (12.2%)

26-35 years 55 63 118 (53.4%)

36-45 years 29 23 52 (23.5%)

46-55 years 9 10 19 (8.6%)

56-65 years 2 2 4 (1.8%)

Over 65 years 1 1 (0.5%)

Education Senior high school 32 28 60 (27.1%)

University 73 72 145 (65.6%)

Master 10 6 16 (7.2%)

Monthly Income Less than 1500 yuan 15 11 26 (11.8%)

1501-3000 yuan 21 19 40 (18.1%)

3001-4500 yuan 20 20 40 (18.1%)

4501-6000 yuan 23 21 44 (19.9%)

6001-7500 yuan 10 10 20 (9.0%)

7501-9000 yuan 7 10 17 (7.7%)

9001-10500 yuan 7 7 14 (6.3%)

More than 10500 yuan 12 8 20 (9.0%)

Online Consultation 
Experience

Less than 1 year 58 51 109 (49.3%)

1 year 28 30 58 (26.2%)

2 years 13 14 27 (12.2%)

3 years 5 6 11 (5.0%)

4 years 2 2 4 (1.8%)

5 years 3 0 3 (1.4%)

More than 5 years 6 3 9 (4.1%)

Online Consultation 
Frequency (Monthly)

1 time 29 22 51 (23.1%)

2 times 26 25 51 (23.1%)

3 times 25 21 46 (20.8%)

4 times 21 23 44 (19.9%)

5 times 6 8 14 (6.3%)

More than 5 times 8 7 15 (6.8%
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