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ABSTRACT 

This study presents a framework for segmenting Food Delivery Application (FDA) customers based on 

psychographic and behavioral variables as an alternative to existing segmentation. Customer segments 

are proposed by applying clustering methods to primary data from an electronic survey. Psychographic 

and behavioral constructs are formulated as hypotheses based on existing literature, and then 

evaluated as segmentation variables regarding their discriminatory power for customer segmentation. 

Detected relevant variables are used in the application of clustering techniques to find adequate 

boundaries within customer groupings for segmentation purposes. Characterization of customer 

segments is performed and enriched with implications of findings in FDA marketing strategies. This 

paper contributes to theory by providing new findings on segmentation that are relevant for an online 

context. In addition, it contributes to practice by detailing implications of customer segments in an 

online sales strategy, allowing marketing managers and FDA businesses to capitalize knowledge in their 

conversion funnel designs. 
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1. INTRODUCTION 

1.1. BACKGROUND AND PROBLEM IDENTIFICATION 

The recent digital boom has led to the development of new business models that use technology 

as a key resource for supplying goods and services. Among these are the O2O business models, where 

operations occur in both online and offline channels in a complementary way. One of the most 

notorious examples in the O2O industry are Food Delivery services, which use mobile applications to 

connect restaurants and consumers in a single platform, connecting supply and demand in a seamless 

way. These businesses, also known as Food Delivery Applications (FDA), have become an important 

sector in the worldwide economy, generating substantial revenues with positive forecasts for the years 

to come (Dospinescu, Dospinescu & Tatarusanu, 2020).  

Considering the pandemic events of 2020, Food Delivery Applications acquired a greater 

importance by providing users with the means to obtaining food goods in the midst of mobility 

restrictions and quarantine measures, while also allowing restaurants to alleviate their economic stress 

through the usage of a new sales channel (Horta, Souza & Mendes, 2020). Moreover, this type of 

business model became an alternative for existing restaurants to provide their own mobile 

applications, increasing the availability of Food Delivery Applications in both platform-to-consumer 

and restaurant-to-consumer modalities (Statista, 2020). These events increased competition in the 

industry, making it important for FDA companies to focus on targeting a user’s intention to use as a 

means of increasing frequency of usage, loyalty and revenue. However, the mixed shopping 

environments of O2O business models make customer perception different from traditional 

businesses; making it important to identify and focus on key elements that drive consumers to use the 

provided delivery services (Moon & Armstrong, 2019). Better yet, using these elements to understand 

the different typologies of FDA users allows designing marketing strategies that target specific 

consumers, slicing the market into specific buyer personas by applying proper customer segmentation. 

Customer segmentation is one of the most common tasks of a Marketing Department. The 

concept of customer segmentation was developed in the 1950s by Wendell R. Smith (Smith, 1956) and 

has ever since been used to classify customers by using different factors and traits that allow grouping 

individuals with similar characteristics into actionable segments (Wu & Lin, 2005). Traditionally, 

customer segmentation has used demographic and geographic variables to create the different 

customer groupings. However, the use of these variables may be inadequate to portray and 

characterize customer segments with individual views and behaviors (Taylor-West, Saker & Champion, 

2020). Gratefully, Marketing has undergone a major transformation in the recent years driven by the 

use of Digital, Social Media and Mobile Marketing (Müller, Pommeranz, Weisser & Voigt, 2018). In this 

digital era, businesses have attempted to gain advantage over competitors by applying Internet-

oriented updated versions of traditional marketing strategies that fit new consumer behaviors 

(Ballestar, Grau-Carles, & Sainz, 2018). O2O companies can benefit from this by targeting specific 

consumer groups with the content and products that are relevant to that specific segment, gaining 

deeper understanding of the segment’s preferences, needs and wants (An, Kwak, Jung, Salminen & 

Jansen, 2018); and therefore, designing marketing strategies that allow products to be marketed to 

the maximum possible (Rosa & Yunita, 2020). Additionally, O2O companies can explore new 

approaches to customer segmentation by using a mixture of variables that properly characterize 
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customers according to their views and behavior, with the use of psychographic and behavioral 

constructs.  

Specific to the FDA industry, understanding the users’ psychological attributions becomes a 

competitive advantage useful for securing and retaining app users (Choi, 2020). As such, multiple 

studies have attempted to explain the drivers behind desired user outcomes like loyalty, satisfaction, 

and reuse intention; finding multiple psychographic factors that target desired behaviors among FDA 

consumers (Zhao and Bacao, 2020; Roh and Park, 2019; Yeo, Goh & Rezaei, 2017; Cho, Bonn & Li, 2019; 

Ray et. al., 2019; Jeon, Kim & Jeong, 2016; Kim & Hwang, 2020; Gunden, Morosan & DeFranco, 2020; 

Choi, 2020; Lee, Sung & Jeon, 2019; Verma, 2020; Koiri, Mukherjee & Dutta, 2019; Belanche, Flavián & 

Perez-Rueda, 2020; Nanaiah, 2020). However, few relevant studies have been produced where such 

factors are applied to segmentation. Moreover, a gap exists between the proven psychological drivers 

of desired behaviors and their applicability in marketing strategies, specifically when it comes to 

differentiating users into relevant groupings by dividing them through psychographic and behavioral 

constructs. Consequently, this study aims at performing Market Segmentation Analysis to Food 

Delivery Application users by using psychographic and behavioral criteria to find relevant customer 

segments that are suitable for marketing strategies, specifically for achieving an increase in usage 

intention. 

In order to achieve this, a critical Literature Review is performed to deepen the understanding on 

the business problem at hand; to explore the existing methods of performing Market Segmentation 

Analysis in digital contexts with psychographic and behavioral constructs; and to map the data mining 

techniques applied to Market Segmentation Analysis. Additionally, existing models from previous 

literature are revised to identify significant relationships between psychographic constructs 

anteceding desired behaviors in FDA. From this, a set of candidate variables for clustering is presented 

and discussed. This is followed by the formulation of multiple hypotheses regarding the significance of 

the different constructs for differentiating FDA users. 

Afterwards, a descriptive research is performed to collect information from FDA users in relation 

to their personal views on statements evaluating the constructs, as well as information for their recent 

behavior on FDA usage. This information is then prepared to undergo a complete process of Data 

Mining, namely the Cross Industry Standard Process for Data Mining, with the purpose of applying 

clustering techniques for the identification of pertinent customer groupings. Different algorithms are 

evaluated in regard to their outcome by using reliability measures for cluster analysis, examining for a 

solution that suits best the problem at hand. To close this stage, profiling is performed to the selected 

clustering solution, looking to characterize customer groupings with variables that allow designing 

marketing strategies. 

Finally, cluster groupings are analyzed and compared with existing models, detailing the most 

notorious opportunities for FDA businesses to tackle. The results are discussed and detailed to 

showcase the different user typologies and their implications. Lastly, conclusions are produced and 

explained with a specific emphasis on narrating the contributions of this study to both theory and 

practice. This is complemented with the limitations of this research and the opportunities for future 

investigation. 

 

 



3 

 

1.2. STUDY OBJECTIVES 

The present study will establish consumer profiles suitable for designing strategies targeting an 

increase in usage intention for Food Delivery Application users; using literature-based psychographic 

and behavioral constructs to apply clustering techniques that allow defining proper market segments. 

The specific objectives include: 

• To determine the set of psychographic and behavioral variables that differentiate customers 

based on their online behavior and views while using Food Delivery Applications, specifically 

regarding the continuous intention to use the delivery services. 

• To propose a framework for customer segmentation based on the identified psychographic 

and behavioral variables that adequately characterize Food Delivery Application consumers 

with the purpose of increasing application usage. 

• To identify the insights and opportunities that Food Delivery Application companies can 

capitalize in order to improve their online sales strategies. 
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2. LITERATURE REVIEW 

This section provides a contextualization of the different themes involved in this dissertation. First, 

a general view of the digital landscape is provided with a drill-down on Food Delivery Applications and 

its current market state. Then, an overview on the Market Segmentation Analysis is performed, 

followed by an understanding of psychographic and behavioral segmentation variables used in 

previous research in specific digital contexts. A background on Data Mining follows this section, where 

the most relevant clustering techniques available for Market Segmentation Analysis are outlined and 

an overview of different algorithms used in literature is discussed. Lastly, the different themes 

involving this research are analyzed in conjunction to map the opportunities for researching the 

relevant psychographic and behavioral constructs that appropriately create groupings among Food 

Delivery Application users, including analysis of previous psychographic work in the FDA industry, and 

the relevant variables that may outline relevant segmentation criteria. Figure 2.1 showcases the 

conceptual model followed during the literature review. 

 

 

Figure 2.1 – Conceptual Model for Literature Review
1
 

 

2.1. FOOD DELIVERY INDUSTRY 

2.1.1. Digital Landscape 

The Internet has experienced a significant growth in use and potentiality, becoming a part of daily 

life and bringing changes to society and lifestyle (Ray et. al., 2019). Among the most notorious changes 

is the creation of new marketplaces, where electronic transactions allow buyers and sellers to 

negotiate products and services in online environments. The development of electronic commerce has 

been driven by multiple factors, including technological progress, improvement in education, increase 

in disposable income, changes in lifestyle, and increase in financial development worldwide (Koiri, 

Mukherjee & Dutta, 2019). Furthermore, it has extended to different channels and formats, including 

mobile devices and applications.  

Mobile apps are software applications designed for smart phones and tablets, easily accessible and 

downloaded through application stores (Cho, Bonn & Li, 2019). By 2019, it was estimated that more 

than five billion people used mobile phones worldwide, generating a wide market of apps that provide 

information and services in a more efficient manner - changing consumer lifestyles and behaviors 

(Choi, 2020). On top of that, mobile devices have become an essential part of daily life due to the ideal 

 

1 Figure 2.1 shows the process used to study thoroughly the existing literature and define the constructs 
with highest relevancy for the problem at hand. 
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environment for mobile app adoption; fueled by a provided high speed internet access, the fast rhythm 

of modern life, the advances in interactive apps, and the proliferation of smart devices (Belanche, 

Flavián & Perez-Rueda, 2020).  Hence, there has been a rapid growth of mobile commerce between 

businesses and consumers through these smart phone apps, driven by the accessibility and 

opportunity to exchange information in a timely manner (Lee, Sung & Jeon, 2019). 

As mentioned by Yeo, Goh and Rezaei (2017), the Internet boom has propelled the success of 

online retailers and electronic commerce, becoming a preferred shopping medium for many 

consumers due to the comfort it provides, the variety of available products, real-time interactivity with 

sellers, and the product customization. Additionally, it has allowed new business models to emerge. 

The Sharing Economy is the name given to a new type of unconventional business model focused on 

providing target users with access to a set of resources, in contrast to selling those resources for 

ownership. The type of operations enabled for consumers in this business model are selling, renting, 

swapping, lending and borrowing goods and services; creating an on-demand, sustainable and 

convenient alternative for resource consumption (Williams et. al., 2020). Table 2.1 depicts 5 

perspectives to Sharing Economy, namely economic, social, environmental, legal, and computing; with 

identified benefits and disadvantages for each one. 

 

 

Table 2.1 – Sharing Economy perspectives
2
. 

 

 

2 Adapted from Williams, G., Tushev, M., Ebrahimi, F., & Mahmoud, A. (2020). Modeling user concerns in 
Sharing Economy: the case of food delivery apps. Automated Software Engineering, 1-35. Table showcases 
sharing economy perspectives that influence food delivery application industry as well as disadvantages present 
in the evolution of these novel industries. 
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Similarly, Collaborative Consumption is a new type of consumer behavior where users coordinate 

the acquisition and distribution of goods and services through peer-to-peer dynamics using 

community-based online services (Correa et. al., 2019). These specific peer-to-peer business 

exchanges have generated substantial economic development, increasing competitiveness in multiple 

industries while also generating new job opportunities for people in societies with scarce resources 

(Williams et. al., 2020). On the same topic, Online-to-Offline (O2O) is the name used to describe 

industries and businesses operating on business models where transactions are initiated online and 

finished or consumed offline (Chen et. al, 2015). Significant advances and developments in Information 

Technologies have allowed information exchange and resource optimization between businesses and 

users. In addition, rising urbanization, changes in household composition and increasing time 

restrictions have driven users to outsource certain tasks, like meal preparation. The convenience this 

provides to consumers at saving time and effort accounts greatly on the usage increase of O2O services 

(Roh & Park, 2019). For business owners, using the Internet as a sales channel represents a cost-

effective solution for finding new opportunities, new consumers and new marketplaces (Cho, Bonn & 

Li, 2019). In addition to this, exploiting the benefits provided by mobile technologies means taking 

advantage of the ideal environment created by a global network of interconnected people, willing to 

access new marketplaces at the reach of their hand (Williams et. al., 2020).  

As noted by Correa et. al. (2019), the creation of new business models driven by the trends and 

possibilities of ‘Online-to-Offline’, ‘Collaborative Consumption’ and ‘Sharing Economy’ bring new 

challenges to existing industries. These challenges include diversifying out of the industry, resorting to 

legal confrontations with new players, innovating on the previous business models, finding other 

sources of income, and acquiring new companies that excel at offering new services. Consequently, 

the rise in competition and the confrontation with incumbent competitors means that O2O players 

need to be in a continuous state of innovation, guided by a deep understanding of their users and their 

constantly evolving expectations (Williams et.al, 2020). 

Table 2.2 illustrates the most representative firms in the O2O industry. Multiple categories of O2O 

companies were identified by Roh and Park (2019) in their research, including transportation, space, 

food, and lending – among others. As shown in the mentioned table, dietary life has seen an interesting 

increase in usage due to the expansion of O2O businesses, with multiple companies starting to offer 

delivery services for food. The next section examines the causes for expansion of Food Delivery 

Applications, as well as the business implications for firms operating in this industry. 
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Table 2.2 – Representative firms in the Online-to-Offline Commerce
3
. 

 

2.1.2. Food Delivery Applications 

 Food Delivery Applications (FDA) comprise all mobile applications that provide the service of 

delivering food ordered via a mobile or web app (Thamaraiselvan, Jayadevan & Chandrasekar, 2019). 

This service can either be performed by the restaurant supplier or by third-party intermediaries using 

an aggregator business model (Yeo, Goh & Rezaei, 2017). The concept of this business model is to allow 

customers to place food orders through an online single window system
4
, where numerous food 

providers have registered previously to offer their menus. Using mobile app and web technology, 

Online-to-Offline services are provided by FDA companies via connecting the online ordering 

experience with the offline process of delivering the food. The FDA provider charges the restaurant a 

margin for acquiring the consumer and handling the logistics of delivery, while also applying surge 

pricing to users, and hence, FDAs are required to maintain a cross-side network effect
5
 (Ray et. al., 

2019; Jain, Verma & Jaggi, 2020). In addition, FDAs may offer consumers a membership fee with special 

 

3 Adapted from Roh, M., & Park, K. (2019). Adoption of O2O food delivery services in South Korea: The 
moderating role of moral obligation in meal preparation. International Journal of Information Management, 47, 
262-273. Table shows how food is one of the most competed verticals within O2O firms, with wide 
representation and opportunities. 

4 Single window system refers to type of system where all facilities are available in one unique place. 
5 Cross-side network effect is when the strength of one side of the market has an impact on the growth 

of the other. In this case, the growth of FDAs is dependent on both the increase in users and the increase in 
supplier restaurants. 
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services, as well as advertising packages for restaurants, generating multiple income streams (Choi, 

2020). Therefore, FDAs work as a medium that integrates restaurants, customers and logistics partners 

to provide food availability, compelling offers and instant home delivery that encourages many 

customers to prefer online food shopping over the offline experience (Jain, Verma & Jaggi, 2020). This 

preference is due to the fact that consumers can browse, choose, request and fulfill orders of food in 

a single platform that aggregates supply from multiple restaurants, types of cuisine, prices and offers 

(Gunden, Morosan, & DeFranco, 2020). Figure 2.2 from Li, Mirosa and Bremer (2020) illustrates the 

operational model of FDAs, along with its main actors, their functions and communication streams. 

 

 

Figure 2.2 – Functions associated with Food Delivery Applications
6
. 

 

Food Delivery services can be categorized into three types of services, based on the degree of 

cooking as it reaches the consumer – understanding that more ready-to-eat meals will be available for 

the consumer at a higher cost but with less invested effort (Roh & Park, 2019). These categories 

correspond to grocery, meal-kit and full meal types, with some of the most recognized players in each 

category depicted in Table 2.2. Additionally, they can be classified between Restaurant-to-Consumer 

delivery, where the restaurant is in charge of all logistics, and Platform-to-Consumer delivery, where 

the application provider is in charge of connecting users (Statista, 2020).  

There is still no consensus regarding the specific name for this industry. Given names include Digital 

Food Delivery (Thamaraiselvan, Jayadevan & Chandrasekar, 2019), Food Ordering and Delivery 

 

6 Figure 2.2 shows the business model of Food Delivery Applications and market participants. Adapted 
from Li, C., Mirosa, M., & Bremer, P. (2020). Review of Online Food Delivery Platforms and their Impacts on 
Sustainability. Sustainability, 12(14), 5528. 
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Applications (Reddy & Aradhya, 2020), Third-party Food Delivery Systems (Stephens, Miller & Militello, 

2020), Online Food Delivery Services (Yeo, Goh & Rezaei, 2017), Online Food Delivery Systems 

(Gunden, Morosan, & DeFranco, 2020), Food Delivery Mobile Apps (Choi, 2020), and Online Food 

Delivery Aggregators (Kapoor & Vij, 2018). However, certain distinctions have been discussed between 

Online Food Delivery Services and Food Delivery Applications, the former being accessible through 

both websites and applications, while the latter can only be accessed through mobile devices (Ray et. 

al., 2019). 

In 2019, the food delivery market accounted for 4 percent of food goods sold in chain and fast-

food restaurants, with a forecasted growth rate of 3.5 percent during a five-year period 

(Thamaraiselvan, Jayadevan & Chandrasekar, 2019). For this same year, the estimated number of 

customers reached 971.6 million with average revenue per user of approximately 100 dollars (Jain, 

Verma & Jaggi, 2020). Only in the United States, this market represents a 26.8 billion industry, growing 

23% in the past 4 years (Stephens, Miller & Militello, 2020). Figure 2.3 illustrates the annual growth 

rate for this industry between 2011 and early 2020.  

 

 

Figure 2.3 – Percentage of Annual Growth Rate between 2011 and 2020
7
. 

 

However, COVID-19
8
 spiked the usage of Food Delivery Applications during 2020 due to the 

obligation of maintaining social distance and complying with local quarantine measures. FDAs provided 

consumers with a way to access food products during a period of time when restaurants had rules on 

capacity reduction and civilians had limitations on mobility; at the same time that it pushed businesses 

to migrate to delivery services as an alternative sales channel during face-to-face restrictions (Horta, 

Souza & Mendes, 2020). FDAs made the purchase of food safer in COVID times, in addition to the 

convenience, flexibility and time saving benefits that the Food Delivery industry already provided for 

its market (Reddy & Aradhya, 2020). Moreover, the adoption rate of FDAs was propelled in 2020 with 

the use of financial benefits like discounts, free delivery promotions and combos, which had an effect 

on consumer needs due to the greater socio-economic vulnerability being lived during the pandemic 

 

7 Figure 2.3 depicts the substantial growth of FDAs in the last decade, shown in CAGR. Taken from Jain, R., 
Verma, M., & Jaggi, C. K. (2020). Impact on bullwhip effect in food industry due to food delivery apps. OPSEARCH, 
1-12. 

8 COVID-19 is global pandemic caused by a coronavirus. Control measures include quarantine, circulation 
restrictions and social distancing practices aimed at reducing the risk of contagion and death. 
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(Horta, Souza & Mendes, 2020).  As described by Zhao and Bacao (2020), studies in China showed that 

71.7% of 15.263 surveyed citizens were using FDAs by March 2020, with 41.6% using these applications 

as the preferred method for daily purchases in the times of COVID-19. Williams et. al. (2020) also 

identified that even though several Sharing Economy applications had a decrease in usage during 2020, 

like transportation applications, Food Delivery demand had a significant increase. This explains the 

year-on-year revenue growth of 11.1% in spite of 2020 being a year of economic complications for 

many industries. Furthermore, this industry is expected to behave with a Compound Annual Growth 

Rate
9
 of 6.4% per year during the 2021-2024 period, reaching a projected worldwide revenue of US 

$182.3 billion (Statista, 2021). 

Regardless of the pandemic, many factors have contributed to the growth of FDAs worldwide. An 

important factor that has contributed to the FDA expansion is the continuous growth in Internet use, 

technology literacy, and smart phone possession on the buyers’ end (Thamaraiselvan, Jayadevan & 

Chandrasekar, 2019).  The development of the Information Technology and Communication sector has 

changed the way consumers interact with these businesses, offering interactive menus, GPS tracking 

of the delivery, transparent delivery times, location-based services, and a variety of payment options 

(Reddy & Aradhya, 2020). Next to that, the use of technology has generated useful data for restaurant 

owners to optimize both the supply chain process and the customer relationship management (Jain, 

Verma & Jaggi, 2020). 

New factors in the social and cultural customer dimensions have also contributed to the FDA 

expansion. Reddy and Aradhya (2020) noted how social and cultural changes have produced a growth 

in demand for quick access to cooked products, caused by changes of lifestyle, increase of double-

income households, lack of time, and changing eating habits due to exposure to global cuisine. In 

addition, the increase in single-person households from younger generations has boosted the demand 

for instant and effortless meals accessed through well-designed apps, as these consumers have proven 

to perform less grocery shopping than other generations, as well as being more tech-savvy consumers 

(Cho, Bonn & Li, 2019). In general, the millennial generation has proven to be key in FDA expansion 

due to this understanding of technology, living the trend of experimenting with new cuisine, perceived 

lack of time, and less tracking of expenses (Nanaiah, 2020). Thamaraiselvan, Jayadevan & 

Chandrasekar (2019) also identified in their study on Indian FDAs that the increase of urban areas with 

shopping malls, business centers and residential apartments have also helped in the growth of this 

market. Similarly, Horta et. al. (2020) identified a similar behavior in Brazilian users, where the spike 

of FDA demand is linked to work lunch hours, to users lacking cooking abilities, or to specific locations 

experiencing bad weather.  

The growth of delivery-focused businesses, known as ghost restaurants, has also contributed to 

boom in FDAs (Roh & Park, 2019). This is mainly because these businesses require less investment in 

store location, furniture, rent and supplies in comparison to restaurants open to public 

(Thamaraiselvan, Jayadevan & Chandrasekar, 2019). On the other hand, restaurants open to public 

drive growth of FDAs as they expand their business portfolios to delivery services, mainly as an 

alternative to rationalize fixed costs, gain customer visibility, maximize business output, grow in 

consumer base, and strengthen customer loyalty (Thamaraiselvan, Jayadevan & Chandrasekar, 2019; 

 

9 Compound Annual Growth Rate refers to a representational rate of yearly growth assuming constant 
growth during a period of time.  
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Jain, Verma & Jaggi, 2020). In addition, the COVID-19 pandemic has risen the existing registered food 

suppliers as restaurants turn to delivery channels to alleviate the pressure of imposed government 

restrictions; while other type of businesses like catering enterprises have also found FDAs to be an 

alternative during this situation (Horta, Souza & Mendes, 2020; Zhao & Bacao, 2020). Furthermore, 

the impact of the pandemic points towards an increase of FDA usage, as studies in China show that 

70% of surveyed restaurants plan to increase investment and continue operation on FDA platforms 

once the health crisis has surpassed (Zhao & Bacao, 2020).  

It is, however, important to mention how restaurants have made an attempt at boosting their own 

delivery services as a countermeasure of the FDA boom. The increase in competition is a factor that 

needs to be monitored and tackled by existing players in order to keep their competitive positions. 

Only in China, 2020 represented a year-on-year increase of 766% regarding food delivery business 

registrations (Zhao & Bacao, 2020). As competition rises among FDAs with these new competitors, 

existing players need to attract and retain users by understanding their needs and intentions to 

improve and accelerate the adoption process (Ray et. al, 2019).  Furthermore, the usage of FDAs has 

started to transcend the O2O model to influence existing consumer perceptions regarding restaurants 

- even when the intention is to visit the restaurant - given the easy access to the displayed menus, 

reviews, and the photographs of the food and restaurant (Sharma & Waheed, 2018). As such, 

challenges among FDA companies include confronting with fierce competition, tackling a decentralized 

operation system, and handling multi-lateral communication with users, restaurants, and drivers 

(Williams et. al., 2020). Indeed, FDA competition includes continuous improvement of their high-

quality retail interfaces that must be designed and enhanced to guide and persuade customers 

towards an effective purchase and a higher probability of reuse (Gunden, Morosan, & DeFranco, 2020). 

It has been mentioned that success factors for FDAs include quality of service (food, delivery time, 

handling of complaints, information transparency), quality of the mobile application (trust, ease of use, 

security, variety of payments, live tracking) (Reddy & Aradhya, 2020); marketing strategies directed by 

FDAs using combos, free shipping, and price discounts (Horta et. al., 2020); convenience, mode of 

payment, cuisine variety, food quality, discounts, and cash backs (Koiri, Mukherjee & Dutta, 2019); and 

ease of use, flexible payments, real-time tracking, loyalty points, and effective customer support 

(Gupta, 2019). However, as noted by Cho, Bonn and Li (2019), FDA consumers do not share the same 

food preferences, quality expectations and opinions of perceived value while using these applications. 

Moreover, these consumers’ perceptions affect their behavioral intention to trial the FDA services, 

reuse them, and ultimately, recommend it to other potential users. Finally, tackling the challenges in 

food delivery services means understanding the user’s needs and expectations, aiming to use this 

knowledge into enhancing features, refining customer experience, and improving the complex and 

dynamic software ecosystem (Williams et. al., 2020). This becoming even more relevant as new 

methods become available for food delivery and customer interaction, such as robots, drones, 

augmented reality, and artificial intelligence (Reddy & Aradhya, 2020). 

Therefore, it can be stated that the survival of an FDA company in this competitive environment 

depends on securing and retaining their app users, with a special focus on understanding their users’ 

psychological attributions (Choi, 2020). As such, understanding the typology of users to target based 

on their particular perceptions and expectations is a relevant marketing function in FDA businesses, 

especially when aiming at customer acquisition, user retention and building loyalty. The next section 
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explores Market Segmentation Analysis and its different applications in research, specifically in digital 

contexts that rely on psychological and behavioral attributes to segment a target population. 

 

2.2. MARKET SEGMENTATION ANALYSIS 

2.2.1. Market Segmentation Analysis 

Marketing is the business role responsible for understanding the customer’s needs and wants, and 

determining how to trade value between the company and its customers. Defining the group of 

customers to serve is an important decision in the process, where the company must decide, at a 

strategic level, which set of potential buyers will be targeted (Kotler & Armstrong, 2010). In this sense, 

Market Segmentation can be defined as the process of separating the market into segments, followed 

by the selection of a target market that allows planning a specific marketing mix for a particular product 

or service (Tynan & Drayton, 1987). The importance of Market Segmentation Analysis (MSA) lies on 

the ability of identifying relevant customer groupings that share similar characteristics. This is achieved 

by applying a general framework that extracts segments from previously collected and explored data, 

describes and profiles the identified customer groupings, and then designs a marketing mix for the 

most relevant customer segments (Dolnicar, Grün & Leisch, 2018). 

One approach to MSA is to explore market segments based on a particular set of segmentation 

variables, where a data-driven methodology is applied to customer data in order to identify the 

relevant clusters (Dolnicar, 2004). The resulting clusters within this approach may be natural, 

reproducible, or constructive – varying in whether the boundaries of consumer groups are natural or 

answer to the specific choice of variables (Dolnicar & Leisch, 2010). The quality of the resulting clusters 

will depend on the selected segmentation variables used to split the data, as well as the descriptor 

variables used to profile the groupings. Based on the nature of the information used, four distinct 

segmentation criteria have been identified: geographic, socio-demographic, psychographic and 

behavioral variables. 

Market segmentation has traditionally been performed based on socio-demographic and 

geographic information. Variables like gender, age, income, and nationality have typically been a part 

of the criteria used for customer profiling. However, research has found limitations in the use of these 

traditional segmentation procedures. Hultén (2007) identified that using socio-demographic criteria 

for categorizing customers had grown in difficulty due to the complexity of customer behavior; Johns 

and Gyímothy (2002) and Hung et. al. (2019) discussed the weaknesses of demographic variables as 

purchase behavior predictors since they are indirectly related to buying intentions; while even some 

time back Haley (1985) stated that consumer behavior was explained in a very low proportion by 

demographic variables. Particularly for digital environments, Wu and Chou (2011) concluded from 

their online segmentation experiment that even though demographic information is useful, it does not 

provide a good diagnosis on customers. The reason behind it is that the perception of web 

performance is key in value exchange with potential buyers, especially in implementing retention 

strategies for financial attainment.  

As an alternative, multiple sources have proposed the use of psychographic constructs as 

segmentation criteria. Boston Consulting Group suggested using category-specific attitudinal 

constructs for segmentation algorithms instead of socio-demographic variables (Egan & Izaret, 2008); 
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Pandey et. al. (2015) discussed the inefficiency of socio-demographic variables on loyalty strategies in 

comparison to psychographic criteria; and Evans et. al. (2012) argued that while demographics 

describe who is interacting with online advertising, psychographics allow understanding the reasons 

behind specific behaviors. Furthermore, Oklander and Oklander (2017) discussed how the 

development of the digital environment has raised the importance of cultural and philosophical factors 

in comparison to socio-demographic norms, given the ease with which communities of like-minded 

people are created. The next section explores the psychographic and behavioral segmentation studies 

performed in digital contexts, and analyzes their methodology and results. 

 

2.2.2. Psychographic and Behavioral Segmentation in Digital Contexts 

Multiple studies have been performed where psychographic constructs are used as segmentation 

criteria. Specific to the digital context, behavioral and psychographic experiments have shown 

interesting results that reinforce the need to create relevant market segments that allow businesses 

to find insights for business growth. Nakano & Kondo (2018) used a mixture of behavioral data with 

psychographic variables to segment Japanese customers by their purchase channel preference and the 

psychological aspects that drive their purchase behavior. Their results not only allowed having an 

applicable segmentation scheme for online marketing, but also offered a stepping-stone for companies 

evaluating marketing automation strategies. Evans et. al. (2012) identified clusters of Facebook users 

by separating them according to perception around technological hooks used by the platform, as well 

as patterns of social media usage, consumer activity and self-identity constructs. As a result, 8 different 

Facebook user typologies were identified, allowing businesses to prompt specific advertising hooks to 

attract the right consumers in the Facebook network. De Corte and Van Kenhove (2017) managed to 

successfully explain the existing segments in digital media piracy by using pirates’ differences regarding 

the ethical evaluation of piracy, experienced guilt, and attitude toward piracy. The resulting clusters 

were used to test different anti-piracy strategies based on the pirates’ psychographic profile. Pandey 

et. al. (2015) managed to explore the existence of customer segments for an Indian internet vendor by 

using online lifestyle constructs to differentiate consumers. Their findings provide useful insights for 

boosting sales by taking notice of website design and online purchasing process. Similarly, Rohm and 

Swaminathan (2004) used shopping motivations to explain the differences among consumers for the 

online grocery shopping market. They provided companies within this industry with a general 

understanding of customer behavior, opportunities for strategic alliances, and requirements for 

delivery processes. 

It is interesting to understand the existing methodological procedures used in psychographic 

segmentation for data gathering and evaluation. Taylor-West, Saker and Champion (2020) aimed at 

presenting an alternate approach to segmenting the automotive industry by using product familiarity, 

product involvement and product expertise as clustering criteria. In order to achieve this, an online 

survey was distributed through email to Ford’s customers where a Likert scale was used to measure 

the constructs, and Cronbach’s alpha coefficients were used to guarantee the reliability of the scales.  

Nakano & Kondo (2018) used purchase scan panel data and media log data to map consumer behavior 

traits in a set of product categories, accompanied by a survey that linked psychographic constructs 

with these behavioral traits. The survey used a 5-point Likert scale and a threshold of 0.7 for Cronbach’s 

alpha coefficients to measure innovativeness, motivation to conform, enjoyment in shopping, brand 

loyalty, price consciousness and time pressure. Additionally, Hultén (2007) also used 5-point Likert 
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scales to evaluate the constructs of satisfaction, trust, commitment, future intentions, brand 

satisfaction, brand familiarity, and brand attitudes. An online survey was used, along with factor 

loadings from a Principal Component Analysis (PCA) and a correlation matrix, to guarantee the validity 

of the different constructs. Similarly, De Corte and Van Kenhove (2017) measured psychographic 

constructs using a 7-point and 9-point Likert scale with Cronbach’s alpha for digital pirate 

segmentation, in a similar way to how Pandey et. al. (2015) used a 7-point scale in an online survey to 

measure e-shopper’s lifestyles. Wu and Chou (2011) used an online questionnaire that collected 

information in ordinal scales regarding shopping behavior, satisfaction with service and Internet usage 

to map customers’ psychographic and behavioral characteristics for clustering; while Evans et. al. 

(2012) applied an online survey based on an Psychster Inc. survey using 5 point unipolar semantic-

differential scales, where 90 value proposition questions were then reduced via factor analysis to 

identify the 8 final clustering set.  

Once a general understanding of the data collection procedures has been done, it is important to 

understand the data mining methodologies used in segmentation exercises to understand best 

practices from previous research. The next section explores this, as well as some of the evaluation 

criteria used after performing clustering on data. 

 

2.3. DATA MINING 

2.3.1. Applied Data Mining to Market Segmentation Analysis 

Data Mining (DM) is defined as the discovery of relevant patterns and structures in large data sets 

(Hand & Adams, 2014). Among the existing algorithms that perform pattern recognition for data 

mining purposes, the Machine Learning (ML) algorithms have proven to be outstanding due to their 

reduced number of restrictions for modeling and their ease for interpretability in comparison to other 

techniques (Bose & Mahapatra, 2001). The Machine Learning algorithms can be classified according to 

their technique into supervised learning, reinforcement learning, and unsupervised learning – where 

the latter is named unsupervised given that no guidance regarding cluster membership is fed into the 

algorithm beforehand (Kassambara, 2017). Clustering is one of the most popular unsupervised 

methods and it is frequently used for market segmentation tasks (Wu & Lin, 2005). This method aims 

at grouping observations that are similar to each other into a single class, while placing observations 

that are dissimilar into another class, using a specific set of measures to evaluate the class membership 

for each observation (Hastie, Tibshirani & Friedman, 2009). 

Different clustering techniques have been used in Market Segmentation Analysis. As an example, 

Lefait and Kechadi (2010) applied K-Means
10

 to a reduced set of data containing Recency, Frequency 

and Monetary Spent (RFM) from purchase logs, where dimensionality was reduced using Symbolic 

Aggregate Approximation
11

, and 5 resulting clusters were detected. Likewise, Hung et. al. (2019) used 

Hierarchical Agglomerative Clustering
12

 on a bank’s credit card data to understand customer behavior 

 

10 K-Means is a partitioning algorithm that splits the data into k parts, attempting to minimize the within 
clusters sum of squares. 

11 Symbolic Aggregate Approximation, known as SAX, is a symbolic representation for time series data 
with the purpose of dimensionality reduction.  

12 Hierarchical Agglomerative Clustering is a clustering technique that builds a hierarchy of clusters based 
on a measure of similarity with a bottom-up approach. 
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for marketing purposes, settling on 3 clusters based on 3 behavioral variables. It can be affirmed that 

segmentation possibilities using Data Mining cover multiple techniques and strategies. However, it is 

important to dig into segmentation strategies in digital contexts to identify the industry’s best 

practices. 

Considering segmentation in digital contexts with psychographic and behavioral variables, 

Ballestar, Grau-Carles and Sainz (2018) used a two-step cluster analysis on customers from a cash back 

website to group visitors based on a combination of their role in a social network and their 

transactional behavior, resulting in eight separate clusters from 6 segmentation variables. Nakano and 

Kondo (2018) applied Latent Class cluster Analysis
13

 that used a multinomial logit model to estimate 

the probability of a class membership for Japanese consumers regarding purchase channels and media 

touch points, with 7 relevant segments found. Similarly, Wu and Chou (2011) also applied Latent Class 

Analysis to apply multiple category segmentation to online shoppers as an attempt to show the 

benefits of soft clustering over hard clustering techniques. An et. al. (2018) managed to separate 

customers using Non-negative Matrix Factorization
14

 on the behavioral traits present in the aggregated 

customer statistics from YouTube, that were later profiled using the available demographic data and 

automatized for six personas
15

 generation. It is, therefore, important to notice the wide variety of 

clustering strategies that can be applied to digital contexts.  

Determining the number of clusters is one of the most important steps in clustering exercises. 

Different methodologies have been applied in order approximate the number of clusters to a viable 

solution. Hung et. al. (2019) used a combination of the classic elbow method
16

, the average silhouette 

method
17

  and the gap statistic method
18

, to define the optimal number for k. Amine et. al. (2015) 

applied Self Organizing Maps
19

 to understand data structure, define the number of clusters, and 

determine the centroid locations, and then applied K-means using this information to optimize 

algorithm performance. Similarly, Lopez et. al. (2011) used the Hopfield Autonomous Recurrent Neural 

Network (H-ANN)
20

 to detect the number of clusters and initial centroids, to later proceed with the 

final clustering via the K-Means algorithm. Evans et. al. (2012) on the other hand, used ANOVA
21

 

procedures to compare the results of different numbers of clusters and deciding on the optimal 

number by identifying the scenario with the highest F-value
22

. As an alternative, De Corte and Van 

 

13 Latent Class Analysis, also known as LCA, is a statistical technique that identifies classes in the data and 
uses probabilities to define class membership for observations. It is also referred to as finite mixture models. 

14 Non Negative Matrix Factorization, also known as NMF, is an unsupervised technique for dimensionality 
reduction. 

15 A persona refers to fictional profiles used in marketing to represent different customer types. 
16 The elbow method is a technique used to determine the optimal number of clusters, based on plotting 

the explained variation in the data in function of the number of k. 
17 The Average Silhouette method is a technique used for determining the optimal number of clusters, 

based on the variation of the silhouette score in function of the number of k. The silhouette score measures 
cluster quality by taking into account their cohesion and separation. 

18 The Gap Statistic method is used for determining the optimal number of k by comparing the within-
cluster dispersion of the observed data with the expected null distribution. 

19 Self Organizing Maps are a type of Artificial Neural Network used as an unsupervised learning technique 
to represent the input data as a low dimensional map. 

20 A Hopfield Network is a type of recurrent artificial neural network typically used in optimization tasks.  
21 Analysis of Variance testing (ANOVA) is a method for analyzing the differences between group means.  
22 F Value is the ratio between the variability of between-subjects over within-subjects. In clustering, lower 

numbers of F Value indicate greater overlap of clusters. 
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Kenhove (2017) relied on the BIC and AIC measures
23

 for different numbers of clusters to decide on 

the optimal number of segments, contrasted to a two-step evaluation based on both Ward’s Method 

and K-Means. This is similar to the method used by Pandey et. al. (2015), where Hierarchical Clustering 

was first implemented to determine the optimal number for K, followed by K–means using this 

information as a hyper parameter. 

Regarding the technological tools, the most predominant tool used in the revised clustering 

exercises is IBM SPSS (Ballestar, Grau-Carles and Sainz, 2018; Müller et. al., 2018; Wu & Lin, 2005; 

Amine et. al., 2015; De Corte & Van Kenhove, 2017). However, other tools have been used to perform 

the same tasks, such as Latent GOLD (Nakano & Kondo, 2018; De Corte & Van Kenhove, 2017), 

Anaconda (An et. al, 2018), and R Studio (Hung et. al, 2019). 

With respect to cluster evaluation, different measures are applicable when performing market 

segmentation on research data. Lefait and Kechadi (2010) opted for using a combination of r-squared
24

 

and F-measure
25

 as indicators of clustering performance, obtaining a relatively low performing model 

with few variance explained and with impure clusters. However, important conclusions were extracted 

from the exercise regarding customer behavior and the existence of customer groupings in artificial 

segments. Hung et. al. (2019) applied the Virtual Assessment of Cluster Tendency (VAT) technique
26

 to 

evaluate the existence of clusters before applying Hierarchical Agglomerative clustering, using 

visualization techniques such as a Lattice Scatterplot
27

 to evaluate cluster quality. Lopez et. al. (2011) 

used the Calinski
28

 and Davies-Bouldin
29

 indexes to evaluate clustering results on electricity customers 

from Spain, comparing results from each index to assess the overall result of 13 customer groupings. 

De Corte and Van Kenhove (2017) used the previously mentioned BIC and AIC scores as a first 

evaluation, followed by the use of ANOVA and chi-squared tests to evaluate the statistical significance 

between mean differences among the four identified digital pirate clusters. Pandey et. al. (2015) used 

Wilk’s lambda to validate the existence of the proposed three clusters in the data. Similar to the 

clustering methodologies, the evaluation criterion depends on the researchers and the problem at 

hand, with a variety of alternatives to choose from. 

The following section explores the existence of segmentation studies performed specifically in 

Food Delivery Application contexts, with an exploration of possible psychographic and behavioral 

segmentation variables based on proven relevant relationships from previous literature. 

  

 

23 Bayesian and Akaike Information Criterions are measures for model selection. 
24 R-squared, also known as the coefficient of determination, is the proportion of variance explained by a 

set of independent variables.  
25 The F measure, also known as the F1 score, is a measure of the accuracy achieved by a model.  
26 Visual Assessment of Cluster Tendency is a tool for evaluating the existence of clusters by using grey 

scale visualization tools, where clusters are represented as darker blocks in a matrix’s diagonal. 
27  The Lattice Scatterplot is a visualization tool that showcases the relationship among several variables 

at the same time. 
28 The Calinski-Harabasz Index is a metric used for cluster evaluation based on the ratio between within 

cluster and between cluster dispersion. 
29 Davies-Bouldin Index is a metric used for cluster evaluation based on the average similarity of clusters. 
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2.4. PSYCHOGRAPHIC AND BEHAVIORAL CONSTRUCTS IN FDA 

2.4.1. Customer Segmentation in FDAs 

Even though FDAs have been growing in recent years, there is still a big opportunity for research 

to apply market segmentation techniques and strategies to customers of these apps. Recently, 

Gunawan, Muchardie and Agustina (2021) performed a research aimed at increasing customer 

retention through proper segmentation of Indonesian consumers using online grocery apps. The study 

was focused only on millennial users, and some segmentation variables were psychographic constructs 

that included perceived security, perceived privacy, convenience, perceived ease of use, perceived 

usefulness, and social influence. However, other complementary variables were used like site design, 

merchandising, and information quality. As a result, 4 clusters were found, namely the Youngster 

Millennial, the Trust-Oriented Mid-Millennial, the Productive Millennial, and the Tech Savvy Millennial. 

Techniques included in this study were performed through SPSS software, obtaining reliable results. 

In addition, the food industry has had segmentation studies that do not focus on the market, but 

on the product itself. This is the case of the Freitas, Cordeiro and Macario (2020), who performed a 

segmentation study looking to differentiate food elements within pictures in order to apply 

classification algorithms to individual elements and provide the user with a total sum of calories per 

meal. It is interesting to see the extent to which segmentation is applied within mobile apps and the 

digital industry, not only as a vehicle for food acquisition via sharing economy models, but also as an 

information provider of nutrition and calories when interactions are taking place through screens. With 

this, image recognition proves to be a useful tool for FDA companies in the near future. 

However, one of the most notable segmentation studies performed in recent years within FDAs 

was done in China by Li, Bonn, Wang and Cho (2021). On their study, application characteristics and 

quality attributes were used to segment FDA users into actionable market segments, using as variables 

the price, perception of various food choices, perceived usefulness, convenience, design, and 

trustworthiness. Using the latent class model, they managed to identify four segments that were called 

the bargain hunters, the time conscious users, the uniqueness seekers, and the true friends. 

Interestingly, the authors complemented their results with business insight, not only showing the 

statistical relevance of their findings, but also providing specific actions for each of the segments. 

Despite this, and as mentioned in the introduction, the target of the present study is to complement 

existing research based on quality attributes with a contribution of new segments created upon 

psychographic and behavioral constructs. 

 

2.4.2. Psychographic and Behavioral Segmentation in FDAs 

In their study on FDAs, Yeo, Goh and Rezaei (2017) acknowledged that little research had been 

performed on the online food delivery market. They were able to provide useful conclusions regarding 

the factors that determine usage of Food Delivery Applications, but did not manage to describe their 

market among typologies or proportions. In addition, Ray et. al. (2019) further concluded in their study 

that despite the industry’s potential and the existing mobile adoption studies, very few studies have 

been done in the topic. Table 2.3 illustrates twelve empirical relevant studies identified by these 

authors in the 2017 to 2019 period, comprising both qualitative and quantitative research, and with 

diverse methodological approaches and objectives – with none of them being clustering tasks. 
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Table 2.3 – Ray, Dhir, Bala and Kaur’s identified relevant literature on FDAs
30

 

 

Despite this existing research, no relevant work was found for user segmentation of Food Delivery 

Applications with the aforementioned variable types. Hence, it represents an opportunity for 

contribution in both theory and practice, by fulfilling the purpose of this research and applying an 

effective segmentation exercise to FDA users. Furthermore, providing insights on users’ psychographic 

and behavioral traits enriches this study by evaluating these characteristics in the FDA context. The 

next section explores the psychographic and behavioral constructs that have been studied in the FDA 

industry, and explores relationships among these constructs that might be useful for a segmentation 

task. 

 

 

30 Adapted from Ray, A., Dhir, A., Bala, P. K., & Kaur, P. (2019). Why do people use food delivery apps 
(FDA)? A uses and gratification theory perspective. Journal of Retailing and Consumer Services, 51, 221-230. 
Table shows existing studies on FDAs used mainly on structural equation modelling for detecting antecedents of 
behaviors, without any market segmentation studies. SEM will be used as the main source for construct 
evaluation in further sections. 
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2.4.3. Psychographic and Behavioral Constructs in FDAs 

The dynamics of the food ordering process make it a very interesting industry to understand 

through psychographic and behavioral constructs. As described by Gunden, Morosan and DeFranco 

(2020), FDAs reflect a specific set of circumstances that affect a buyer’s motivation. This situation 

occurs because commoditization of meals in FDAs can be high, the service provided by FDA addresses 

a basic human need, the products acquired are highly perishable, and the brand landscape is 

fragmented among multiple companies present in a same marketplace. In that sense, Reddy & Aradhya 

(2020) pointed out that among the benefits that motivate consumers are comfort, time saving, variety, 

avoiding displacements, and assured quality. Likewise, they also concluded that among the factors 

influencing the buying decision are ease of payment, availability and variety of restaurant providers, 

convenience, better customer service, effective payment system, security, rewards system, previous 

experience, and word of mouth. However, it is important to acknowledge how customers have certain 

concerns while using FDAs, like loss of financial and personal information (Reddy & Aradhya, 2020), as 

well as high delivery charges (Karthika & Manojanaranjani, 2018). By understanding the factors 

influencing consumer behavior, businesses can design customer experiences to increase users, thrust 

usage and drive sales. Reddy and Aradhya (2020) noticed that website and app design is a key element 

in achieving trust from a customer, while Horta, Souza and Mendes (2020) discussed how FDA websites 

must achieve both user friendly navigation and timely response to a user’s request in order to boost 

usage.  

Reddy and Aradhya (2020) also discussed how customer satisfaction in FDAs is influenced 

significantly by customer experience, which itself is influenced by many factors that include 

performance and effort expectancy, hedonic motivation and habits, facilitating conditions, social 

influence, price value, online tracking, and online reviews and ratings. This is also backed by Horta, 

Souza and Mendes (2020) in their statement regarding convenience, hedonic motivations and 

usefulness being potential drivers of FDAs; and complemented by Jain, Verma and Jaggi (2020) by 

stating that not only hedonic motivations drive FDA usage, but also utilitarian motivations such as 

convenience, delivery services and availability at specific pre-fixed times. Zhao and Bacao (2020) also 

managed to identify the importance that relevant literature has given to the concept of trust as a factor 

determining a user’s continuous usage of information technology, like mobile applications. Next to 

that, they also integrated multiple studies on a user’s continuance intention of using information 

technology, showcasing all relevant variables identified among these studies, along with the 

theoretical frameworks used for this purpose. Table 2.4 showcases the results of their investigation. 

From the mentioned table, it can be seen that multiple studies have been performed attempting 

to explain usage of Information Technologies. Different theoretical frameworks allow creating diverse 

sets of antecedent factors that need to be tested in order to confirm significant relations between 

psychographic variables and a target behavior. Thus, it is relevant to investigate the different models 

that have been performed in the FDA field in order to map a target behavior, along with appropriate 

proven psychographic factors anteceding that behavior.  

The complete analysis performed in this study in regard to psychographic constructs related to 

FDA and its intention to use can be found in Appendix 1.  The overview of these multiple FDA models 

and their outcomes, along with the relevant findings of possible constructs to use, can be found in 

table 2.5. 
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Table 2.4 – Summary of Studies involving continuance intention of using information technology
31

 

 

31 Taken from Zhao, Y., & Bacao, F. (2020). What factors determining customer continuingly using food 
delivery apps during 2019 novel coronavirus pandemic period?. International journal of hospitality management, 
91, 102683. Table shows how intention to use is of importance for FDA studies, becoming the central desired 
behavior in this research. Additionally, the theoretical frameworks described in this table are used for construct 
analysis. See Appendix 1 and 2 for further information. 
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Table 2.5 – Summary of Studies involving psychographic factors
32

.  

 

32 The full table is available in Appendix 2. These studies are the entire basis for the constructs selected 
for clustering, for further understanding of the relevance of constructs explaining intention to use, please read 
Appendix 1. 
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Curiously, plentiful research has been done in Asian countries. Table 2.4 and Table 2.5 showcase 

studies from Indonesia, India, China, Malaysia, Turkey and South Korea; with three studies being from 

the American continent – specifically Colombia, Brazil and the United States. As suggested by Ray et. 

al. (2019), future research should include users from multiple nationalities and attempt at generalizing 

insights for a wider region.  In addition, most of this work has been done in recent years, with most 

studies being published between 2017 and 2020.  

Additionally, it can be concluded from Table 2.5 that multiple studies attempt at describing the 

factors anteceding a customer’s intention to use an FDA, with 10 models using this behavior as a target 

variable (Zhao & Bacao, 2020; Roh & Park, 2019; Yeo, Goh & Rezaei, 2017; Cho, Bonn & Li, 2019; Ray 

et. al., 2019; Jeon, Kim & Jeong, 2016; Choi, 2020; Lee, Sung & Jeon, 2019; Verma, 2020; Belanche, 

Flavián & Perez-Rueda, 2020). As such, intention to use can be identified as a relevant target behavior 

for Food Delivery Application Companies, as it allows contributing to profits by targeting the 

willingness to use the App. By increasing the usage, the customer’s lifetime value
33

 is increased – 

making customers more profitable by increasing their purchase frequency.  Thus, understanding the 

different antecedents of intention to use is also relevant for marketers designing different strategies. 

From Table 2.5 it can also be identified that there are 30 proven relationships between different 

constructs and intention to use, representing 17 different variables in total. From these 17 antecedents 

influencing intention to use, 9 constructs appear more than once in the reviewed models. These 9 

constructs can be seen in Figure 2.5, and they will become the base for the psychographic elements 

explored in this research.  The next section delves into them by exploring their background and precise 

definition. 

 

 

Figure 2.4 – Conceptual Model of Most Relevant Constructs related to Intention
34

. 

 

33 Customer Lifetime Value is the prognostication of a customer’s net profit contribution to a company 
during the entire period of the projected relationship. 

34 Figure 2.5 illustrates the relation of identified relevant antecedents with intention to use, as the central 
model of this study. 
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2.5. DEFINITION OF CONSTRUCTS 

2.5.1. Satisfaction 

Satisfaction proved to be a meaningful antecedent of intention to use FDAs in the studies 

performed by Choi (2020) and Zhao and Bacao (2020). The first of these studies defines satisfaction as 

the level of content a user has with respect to a previous experience with Food Delivery Applications. 

It is considered a crucial factor in intention to use based on the premise that satisfaction is an 

important variable for information technology reuse. Additionally, the hypothesis stated by Choi 

(2020) is based on proven previous relationships between satisfaction and intention to use in the FDA 

context. On the other hand, Zhao and Bacao (2020) based the definition of satisfaction on the 

Expectancy Confirmation Model and described it as the overall emotion-based evaluation of 

information technology. In this sense, a user is satisfied with a Food Delivery Application if their 

perceived functioning exceeds the expected functioning, leading to continuous usage. Therefore, this 

study proposes that: 

H1: Satisfaction is a variable that allows segmenting FDA users into clusters. 

 

2.5.2. Attitude 

Attitude had a positive influence over FDA usage intention on the studies performed by Belanche, 

Flavián and Perez-Rueda (2020), Yeo, Goh and Rezaei (2017), and Cho, Bonn and Li (2019). The first of 

these studies defines attitude based on the Theory of Planned Behavior as a degree in which an 

individual has a favorable or unfavorable evaluation of a behavior, and as the evaluative response to 

the development of a possible action. Since attitudes are formed over time in a learning process, it is 

highly influential on behavioral intentions given that previously formed attitudes hypothetically guide 

behavior in the decision process. Yeo, Goh and Rezaei (2017) take the concept of attitude from the 

model of IT Continuance, where direct linkage is presented between attitude and behavioral intention. 

However, the authors base their definition of attitude from an additional study that claims that 

attitude is the set of user preferences when using certain technologies and devices. It is therefore 

expected that users having a favorable attitude towards FDAs will be more inclined to use them. Lastly, 

Cho, Bonn and Li (2019) present and additional complementary view stating that positive attitudes 

towards FDAs are created when expectations are either met or exceeded, as a function of their 

perceived value. Thus, the following hypothesis is proposed: 

H2: Attitude is a variable that allows segmenting FDA users into clusters. 

 

2.5.3. Performance Expectancy 

Performance Expectancy was used successfully as an antecedent of FDA use intention in the 

studies from Lee, Sung and Jeon (2019), and Zhao and Bacao (2020). In the first case, the authors based 

their construct on the UTAUT model and defined it as the extent in which an individual believes that 

the use of a system will be helpful in improving a job’s performance. It was also stated how it is a direct 

determinant of behavioral intention to use, especially in cases of information technology adoption, as 

it has been tested in multiple studies with positive conclusions about its predictive factor. On the 
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second case, Zhao and Bacao (2020) based the construct on the ECM model and expected users with 

higher performance expectancy to have a greater intention in usage. It was also noted how 

performance expectancy is probably the most important determinant for FDA adoption. Consequently, 

this study proposes that: 

H3: Performance Expectancy is a variable that allows segmenting FDA users into clusters. 

 

2.5.4. Usefulness 

The studies by Roh and Park (2019), Choi (2020), and Yeo, Goh and Rezaei (2017) showed that 

usefulness has a significant influence on behavioral intention of FDAs. In their studies, Roh and Park 

(2019) and Choi (2020) base their construct on the element perceived usefulness from the Technology 

Acceptance Model. It is defined as the degree in which a user believes that using a specific technology 

improves the performance of a task, and therefore, values the benefits it provides. It is mentioned that 

this construct in itself relies on a user’s outcome judgement, where users with more positive 

judgements are also expected to have a stronger intention to use towards the technological tool. It is 

noticeable how perceived usefulness is similar to performance expectancy, as also noted by previous 

research (Hamzat & Mabawonku, 2018; Alwahaishi & Snásel, 2013; Vermaut, 2016). However, Yeo, 

Goh and Rezaei (2017) use the concept of perceived usefulness to introduce an alternate version 

referred to as post-usage usefulness. The main difference with the construct used by these authors is 

that post-usage usefulness refers to the long-term belief of usefulness in contrast to perception. It is 

therefore important for FDA companies to provide useful solutions to customer needs in a long-term 

perspective, allowing to formulate the following hypothesis: 

H4: Usefulness is a variable that allows segmenting FDA users into clusters. 

 

2.5.5. Ease of Use  

Roh and Park (2019) and Ray et. al. (2019) proved in their studies the relationship between ease 

of use and intention to use in the FDA setting. First, Roh and Park (2019) use the Technology 

Acceptance Model to present the construct ease of use, defining it as the degree to which a user 

expects a technological tool to be effortless. The concept of ease of use can also be known as 

complexity in the Innovation Diffusion Theory, and as effort expectancy in the UTAUT model. It is 

hypothesized that ease of use depends on a user’s self-efficacy, where users with higher self-efficacy 

underestimate the effort required by a technological tool. Likewise, Ray et. al (2019) extend the 

definition of this construct by applying it directly to FDA context. It is defined as the ease and comfort 

for placing an order, filtering food choices and tracking an order, making the technological solution 

easy to understand and use. Hence, users with higher ease of use will have higher adoption rates of 

FDAs, increasing the usage intention. With this, the following hypothesis is formulated: 

H5: Ease of Use is a variable that allows segmenting FDA users into clusters. 
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2.5.6. Trust 

Trust was mainly used in the research from Zhao and Bacao (2020) to prove the relationship 

between trust and intention to use for FDAs. In their research, trust is defined as the state of individual 

faith in regard to intentions, with prospective actions following the proper behavior of integrity and 

ability. Specifically to the FDA context, they identify its importance given that trustworthiness can 

dictate a user’s expectation towards an FDA’s provided service. In other words, if a service is found to 

be reliable, there is higher trustworthiness from FDAs and, therefore, a higher intention to use. 

Additionally, trust is represented as an extension of the UTAUT model, where it is defined in terms of 

being a mental perception reflecting the perceived security against risk and uncertainty. Furthermore, 

the authors discuss trust being recognized as an important antecedent of satisfaction and adoption of 

information technologies, and a predictor of continuance usage. 

In addition, a second research involves trust in a secondary manner through the usage of 

transaction reliability in FDAs as a proven antecedent of intention. In his study, Verma (2020) builds 

the concept of transaction reliability by discussing how it plays a critical role in building trust for the 

buying process, and its relation to the Consumer Value Theory as a functional element that users 

search for before any purchase. Based on these elements, the following hypothesis is proposed: 

H6: Trust is a variable that allows segmenting FDA users into clusters. 

 

2.5.7. Compatibility 

Compatibility, also known as lifestyle compatibility, had a direct effect on intention to use FDAs on 

the studies performed by Roh and Park (2019), and Belanche, Flavián and Perez-Rueda (2020). Roh and 

Park (2019) defined it as the perceived fit of a technological solution with a user’s lifestyle and values. 

This is due in part to the fact that technological solutions that do not fit a person’s lifestyle seem to 

represent higher effort to use, have no advantages in its use, and hence result in a lower intention to 

use.  Likewise, Belanche, Flavián and Perez-Rueda (2020) discussed how a person’s behaviors and 

purchase decisions are influenced greatly by the lifestyle compatibility. As a complementary view, they 

argued how a consumer’s lifestyle reflects the need to determine a social identity, which itself drives 

the adoption of a new product or service. Thus, the next hypothesis is stated: 

H7: Compatibility is a variable that allows segmenting FDA users into clusters. 

 

2.5.8. Social Influence 

The studies performed by Lee, Sung and Jeon (2019), and Zhao and Bacao (2020) were successful 

in proving the anteceding relationship between social influence and intention to use in the FDA setting. 

This variable definition is based, on both studies, on the UTAUT model – defining it as an important 

antecedent of behavioral intentions. According to the latter, social influence reflects the degree to 

which a user gains willingness to use a certain technology from other individuals’ encouragement. The 

surrounding individuals may either be family, friends, or colleagues that pressure or incite technology 

adoption in accordance with their own perceptions. This is complemented by Lee, Sung and Jeon 

(2019) by explicitly stating that stronger perceptions from peers regarding the use of a certain 
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technology will lead to higher likelihood for the individual to adopt the same technology. Hence, the 

following hypothesis is stated: 

H8: Social Influence is a variable that allows segmenting FDA users into clusters. 

 

2.5.9. Subjective Norm 

Roh and Park (2019), and Belanche, Flavián and Perez-Rueda (2020) used subjective norm in their 

models explaining the antecedents of intention to use. Roh and Park (2019) describe it as the extent 

in which a user receives pressure to use a specific technology from people within his circle. It is based 

on the fact that people may incorporate beliefs from peers into their own value systems as a way of 

achieving social acceptance or in the way compatibility is perceived after being influenced by others. 

In addition, Belanche, Flavián and Perez-Rueda (2020) argue that the exponential growth of FDAs 

cannot be analyzed without taking into account the important effect of subjective norms in the spread 

of word of mouth and influence among user groups. Hence, it becomes a relevant factor for driving 

intention. However, Lee, Sung and Jeon (2019) discussed in their study how social influence is 

analogous to subjective norm – one belonging to the UTAUT model while the other belongs to the 

Theory of Reasoned Action. On top of that, construct measurement revolves around the same issues 

in the statements used for these two variables. Therefore, subjective norm is to be excluded from 

being used directly, as the use of social influence is enough to measure peer pressure in FDA intention 

to use. With this in mind, the final conceptual model of this research is updated to the version displayed 

in Figure 2.5. The next section will explore the methodology to be used in the data recollection and 

analysis of information around this model. 

 

 

Figure 2.5 – Final Conceptual Model
35

. 

 

 

35 Figure 2.5 shows the final model of this study, after removing constructs aiming at the same 
psychographic explanation. 
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3. METHODOLOGY 

3.1.  METHODOLOGY OVERVIEW 

The present study is categorized under the conclusive descriptive research type
36

, following a 

single cross-sectional design
37

. Tasks are grouped into different stages that are executed sequentially, 

having a specific objective in each task.  

 

3.2. THEORETICAL FRAMEWORK AND FORMULATION OF HYPOTHESES  

The Theoretical Framework stage consisted of performing all tasks related to literature review with 

the objective of defining a set of candidate variables based on relevant findings, scheming the 

research’s design, and taking into account methodologies and best practices from previous research.  

As mentioned in section 2, literature reviewing followed a specific process. First, an extensive 

literature review was performed to identify relevant articles and complementary work for this research 

from different fields like Food Delivery Applications, Market Segmentation Analysis and Data Mining. 

Figure 3.1 showcases an overview of the different literature resources used with their publication year. 

Objectives and scope were revised in accordance with findings and fine-tuned to guarantee relevance 

of this research for decision-making in business scenarios and contribution to theory.  

 

 

Figure 3.1 – Overview of Reviewed Literature
38

. 

 

 

36 The descriptive research type is used to describe characteristics of a market or population, making use 
of hypotheses prior to the research and using a structured design. 

37 Single cross-sectional design means collecting a single sample from a specific target segment. 
38 Figure 3.1 shows how FDAs have been a growing topic in the research field, and the way this research 

used mainly recent articles to detect antecedents of intention to use.  
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Guidelines and premises for the research design were extracted from reviewed literature: 

• Food Delivery Applications are an important industry with growth potential due to the digital 

boom, the changes in consumer behavior, and the context of the 2020 pandemic –as 

mentioned in section 2.1. It represents a relevant business problem that can be tackled 

through research. 

• Studying the psychographic and behavioral aspect of FDA users is a relevant task that aids in 

the design of marketing strategies looking to drive user retention and frequency increase by 

targeting intention to use, as discussed in sections 2.1.2 and section 2.2. Increasing intention 

to use is an important task in the current competitive environment of FDAs worldwide. 

• As discussed in section 2.2, Likert scales are a common and valid method of collecting data 

for psychographic constructs, maintaining a reliability measure like the Cronbach’s alpha over 

a threshold of 0.6 and a scale ranging between 5 and 9. Likewise, collecting this data through 

online surveys is a popular method used in previous research, allowing researchers to gather 

information at a lower cost and a faster pace. 

• Section 2.3 displays multiple data mining techniques that have been applied in Market 

Segmentation Analysis, showcasing a good practice of applying a two-step procedure to 

define an optimal number of clusters before executing the clustering algorithms. Moreover, 

a wide range of technological tools and evaluation techniques are available for implementing 

Market Segmentation, allowing researchers to define freely the tools and metrics to use. 

• From section 2.5, it can be seen that limiting geographically this study is optional. However, 

previous research has recommended including a broad perspective as an attempt to extract 

insights that might be more generalizable. Hence, this study will open geographical 

boundaries and include a question about respondents’ nationalities. 

Second, the reviewed literature was used to identify relevant psychographic components that 

could become segmentation variables, as discussed in section 2.4. Hypotheses regarding the incidence 

of these variables in FDA segmentation are formulated in section 2.5 and exhibited in Table 3.1. This 

set of hypotheses will be tested in subsequent stages.  

 

 

Table 3.1 – Hypotheses Overview.  
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3.3. DESCRIPTIVE RESEARCH  

The Descriptive Research stage aims at collecting all necessary data for hypothesis testing and 

customer clustering. The data required for this research corresponds to quantitative primary data 

gathered in a way that allows evaluation of the hypotheses showcased in Table 3.1. The medium for 

data collection is set to be a survey that measures the different selected constructs. 

Regarding the survey structure, and based on the relevant findings of the literature review stage, 

the questionnaire is built to have 13 blocks of questions that use a mixture of ordinal and nominal 

scales in a total of 37 questions. The survey starts with a consent that discusses voluntary participation, 

data collection policies, ethical requirements, and general purpose of the study. It is then followed by 

a screening question that allows filtering out users that have not had any contact with Food Delivery 

Applications in the period between January 2020 and the present. The third block consists of all 

behavioral variables, detecting frequency of usage, tenure, and preferences on existing Food Delivery 

Applications. Then, blocks 5 through 12 use a 7-point Likert scale to evaluate all the psychographic 

variables, namely satisfaction, attitude, usefulness, performance expectancy, ease of use, social 

influence, trust and compatibility. The scale ranges from strongly disagree (1) to strongly agree (7), and 

both blocks and questions within blocks are to be shown in a randomized order. Finally, a demographic 

block collects information that allows characterizing the sample of respondents. Table 3.2 illustrates 

the structure of the questionnaire with each block’s objective and number of questions. The survey 

was piloted beforehand using qualitative responses from 6 users, applying corrections on items 

manifesting interpretation or ambiguity issues. The final survey can be consulted in Appendix 3.  

 

 

Table 3.2 – Survey Structure
39

.  

 

Existing questionnaires were used to formulate the psychographic evaluation of the different 

variables. It is important to note that current measurement items were selected in function of their 

 

39 Table 3.2 shows the survey structure used for obtaining data. 



30 

 

conciseness and clarity, looking to build a survey that is both precise and concrete. Additionally, and 

given the similarity between the constructs perceived usefulness and performance expectancy, the 

measurement statements for usefulness were built based on Yeo, Goh and Rezaei (2017)’s post-usage 

usefulness - in order to guarantee differentiation among these constructs. Table 3.3 displays the 

different reference questionnaires used from previous literature. 

 

 

Table 3.3 – Sources of previous questionnaires used in this research
40

.  

 

Design and distribution of the questionnaire is executed online, using the platform Qualtrics to 

create the electronic survey. This platform allows managing customer experience through the use of 

multiple tools, including surveys. As mentioned by De Corte and Van Kenhove (2017), and discussed in 

section 3.2, distributing and conducing an online survey is consistent when the medium of 

investigation is Internet related. Additionally, a non-probabilistic method sampling is used, as the 

population is not fully known given the geographic openness of this study. In accordance with the 

analysis of Yeo, Goh and Rezaei (2017), this sampling method is viable when the sampling frame is 

unavailable, data needs to be collected quickly, and low costs are desired. Particularly for this research, 

convenience, voluntary response, and snowball sampling were used. Table 3.4 illustrates the different 

distribution methods used. 

 

 

Table 3.4 – Distribution methods used for the online questionnaire
41

.  

 

 

 

40 For further understanding on how construct questions were defined, please consult the original studies 
using each construct used in this study. 

41 Results of the snowball method used in this study, representing mostly Whatsapp references. 



31 

 

Finally, the descriptive research stage is finalized with a proper assessment of results and collected 

data. In total, 568 respondents accessed the electronic survey that, after submitting it to scrutiny and 

quality check, accounted for a total of 416 complete questionnaires – 73.24% from the total answered. 

Out of these, 54 responses were screened out, leaving 362 valid records for undergoing clustering. 

 

3.4. SEGMENT EXTRACTION 

The Segment Extraction stage comprises all tasks for the application of data mining models for 

clustering. It will follow the Cross-Standard Industry Process for Data Mining (CRISP-DM), where a 

standard framework for performing Data Mining projects is provided (Wirth & Hipp, 2000) – able to be 

used with languages like R or Python. Python is a programming language used widely for purposes like 

web scraping, data visualization and data science applications. Its popularity is due, among others, to 

the wide number of useful libraries available, its simple syntax and object-oriented design, and for 

providing high-level data structures (Nagpal & Gabrani, 2019). Therefore, both graphical and 

mathematical techniques will be used to show the results of this stage, using the programming 

language Python – version 3.6.12 - in the Anaconda computer program. 

First, data understanding will be applied to identify the relationships among variables - as well as 

each variable’s general statistics. It will be followed by a data preparation task, where quality issues, 

cleaning and transformations will be applied to the data. In Model creation, different unsupervised 

learning techniques will be used to detect patterns in data, evaluate hypotheses and find relevant 

groupings. Additionally, feature importance will be assessed in order to evaluate each variable’s 

discriminatory power for customer segmentation.   

 

3.4.1. Data Understanding 

3.4.1.1. Data Setup and Quality Assessment 

Respondents’ data is extracted from Qualtrics by exporting 2 csv files: one with all answers 

represented in text format and another with all answers in value format. In order to work with the 

data, an initial set of transformations was applied to unify categorical and numerical columns into a 

single file – creating a single data frame with all relevant information. Applied transformations included 

dropping unnecessary columns, eliminating descriptive rows, setting a unique index made up of the 

response ID, and renaming relevant columns. In addition, a final data frame was created where 

incomplete surveys and screened answers were removed, leaving only complete answers from 

respondents who claimed having used FDAs in the period between January 2020 and January 2021. 

The forementioned dataset’s quality was revised by evaluating the existence of duplicate records, 

incomplete answers, and repeated IDs – concluding that no quality issues were present in the final 

data. This final dataset, used hereafter as the starting point for analysis and conclusions, includes 362 

records and 38 columns. The Python libraries and functions used for data manipulation, evaluation, 

analysis, and visualization are described in Table 3.5. 
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Table 3.5 – Imported Libraries
42

 

 

3.4.1.2. Variable Behavior 

The different variables are explored and analyzed, as to understand their behavior and 

characteristics in the sample. An Exploratory Data Analysis
43

 is performed to identify data patterns and 

perform a thorough understanding of the data. Firstly, sociodemographic variables were explored and 

analyzed, finding the following insights. These results are shown in Table 3.6. 

 

 

Table 3.6 – Sample Characteristics 

 

42 For future studies, take as reference the libraries used for data analysis and modelling. 
43 Exploratory Data Analysis refers to the analysis of data to detect anomalies, find patterns and test 

hypotheses with the use of statistics and visualization methods. 
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- Regarding gender, the sample has a slightly higher representation of women, with 56,6% of 

respondents identifying as female (212 users), 41.4% of respondents identifying as male (150 

users), and no respondents identifying with other gender representations. 

- Respondents are highly educated, with at least 96% having higher education (350 users), and 

53% having post-graduate education (193 users). In general, master’s degree is the most 

representative education level with 50.5% of share (183 users), followed by bachelor’s 

degree with 43.4% of share (157 users). 

- Respondents’ age is between 19 and 73 years old, with a mean of 33, and approximately 75% 

of users being under 36. This means that, in terms of generation, most respondents belong 

to the millennial generation – in accordance with what was mentioned in section 2.1.2. on 

the importance of millennials in the expansion and adoption of FDAs. 

- The sample had a total participation of 31 different nationalities. Almost 75% of all 

respondents are nationals from the Americas; with 233 users being from Colombia, 17 users 

from the United States of America, 12 from Brazil, and 9 belonging to 7 other American 

countries. They are followed by European respondents, who represent around a 22% of 

share; with 56 users being from Portugal and 22 belonging to 13 other European countries. 

Lastly, 3% of share are Asians with 11 users, while 1 user is African, and 1 user is from Oceania 

– representing 0.27% each. 

- Regarding residence, 66% of users live in the Americas, 29% of users live in Europe, 2% of users 

live in Asia and 2% of users live in Oceania. The most significant residence countries are 

Colombia with 180 users, Portugal with 82 users, and United States of America with 38 users. 

Sample wise, this characteristic has an important incidence in results – as the screening 

question filtered out users with no FDA contact in the last year. This means that responses 

are based on experiences within residence countries from the last year. Residence 

distribution is shown in Figure 3.2. 
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Figure 3.2 – Distribution of Country of Residence
44

. 

 

Likewise, behavioral variables were analyzed - namely frequency, tenure, and preference. 

Additional insights from the sample were found: 

- Almost 80% of respondents use an FDA at least once a month (286 users), with around 34% 

using them on a weekly basis (124 users). The highest representation in frequency is found 

in respondents who use FDAs a few times a week, with 31.2% of share (113 users), followed 

by a ‘once or twice a month’ usage with 26.8% of share (97 users), and by a ‘once a week’ 

usage with 17.9% of share (65 users). Less frequent users have a lower representation, with 

16.3% of respondents using FDAs less than once a month, and only 4.7% of respondents using 

FDAs less than once a semester (17 users). 

- Around 84% of respondents have experience with FDAs for more than a year (305 

respondents), and almost 30% have been using them for more than 3 years (107 

respondents). In terms of share, 29.5% of the sample has used FDAs for over 36 months (107 

users); 25.4% has experience with FDAs between 24 to 36 months (92 users); and 29.3% has 

used these apps between 12 to 24 months (106 users). 11.6% of the sample has only 6 to 12 

months of experience with FDAs (42 users), while only 4.1% has less than 6 months of tenure 

(15 users). 

- Preference is mainly driven by the local FDAs available in respondents' residence country – 

as can be seen in Figure 3.3. Only 6 users declared preferring using direct delivery from the 

restaurant over an FDA; and 3 users manifested having no preference between apps. 

 

44 Figure 3.2 illustrates country distribution for this study. See the limitations for further understanding 
on suggestions for future studies. 
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Figure 3.3 – Distribution of Application Preference
45

. 

 

3.4.1.3. Construct Validity 

After having collected all the data, constructs were evaluated regarding their validity by measuring 

the Cronbach’s alpha
46

 for the used scale. This is done to ensure that constructs are reliable and 

consistent; guaranteeing the respondent’s interpretation of the statements is the same as the 

intended meaning (Yeo, Goh & Rezaei, 2017). In order to assess this, a threshold of 0.6 is defined as 

the minimum tolerable value for Cronbach’s alpha, and the factor loadings are evaluated using the 

Pingouin library. Table 3.7 reveals how all measured items are in the range of 0.6463 and 0.9019, 

exceeding the forementioned threshold. With this, it can be concluded that all constructs are viable 

for undergoing segment extraction. 

 

 

Table 3.7 – Construct reliability assessment
47

. 

 

45 Figure 3.3 shows application preference and its bias in relation to the country of residence, as well as 
the sample’s relevance for FDA study, with few users having no preference of FDAs over other solutions. 

46 Cronbach’s alpha is an indicator of scale reliability, measuring internal consistency. 
47 Table 3.7 allows concluding that all constructs are candidates for clustering, above 0.6 threshold. 
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3.4.2. Data Preprocessing 

3.4.2.1. Data Transformation 

Once construct validity is assessed and confirmed, data transformations are needed in order to 

create the final variables for clustering. To do this, the individual elements for each construct are 

merged into a single component – creating the overall measurement for each psychographic feature. 

Figure 3.4 shows the summary statistics for the resulting psychographic elements. 

 

 

Figure 3.4 – Summary statistics for Psychographic Features
48

. 

 

Likewise, the behavioral variables are transformed to create new features that are useful for 

undergoing clustering. A new integer feature called YearsPurchases represents the amount of 

purchases a user performs during a year, and it is created based on the frequency variable. Table 3.8 

shows the applied transformations to each level in frequency. In addition, another integer feature 

called MonthsOfUse is added to the dataset, representing the number of months that a respondent 

has been using an FDA – based on the tenure variable. The applied transformations are shown in Table 

3.9. 

 

 

Table 3.8 – Creation of the yearly purchases feature
49

. 

 

 

48 Figure 3.4 shows the behavior of final psychographic constructs, showing that in general constructs 
have similar behavior, with Ease of Use being in average the highest scored with the lowest standard deviation, 
while Social Influence has the lowest average score and the highest standard deviation. Behavior is further 
analyzed in Results and Discussion. 

49 Table 3.8 shows the logic used to create the Yearly Purchases variable. 
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Table 3.9 – Creation of tenure in months feature
50

. 

 

3.4.2.2. Data Preparation 

Having defined that all variables are applicable to clustering algorithms, outlier detection is 

performed to each feature in order to clip values that may affect performance of clustering methods. 

This is done specifically to work with a single dataset that allows visualizing the best results for all 

evaluated models in the Scikit Learn library, including those who detect noise or are sensitive to outlier 

data (Pedregosa et. al., 2011)
51

. Table 3.10 shows the number of outliers detected for each feature 

through 3 different methods, namely percentiles method
52

, Tukey’s fences method
53

, and Standard 

deviation method
54

. The percentiles method proves to be the least strict method in terms of the 

feasible range of values for each variable, detecting the least number of outliers overall. On the other 

hand, Tukey’s fences method detects a narrower range of allowed values for each feature, proving to 

be a sharper method with the largest number of detected outliers. Hence, these two methods will be 

used in Cluster Tendency Assessment to evaluate which clipping method performs better, and there 

on, will be applied to the final dataset. 

 

 

Table 3.10 – Outlier detection
55

. 

 

50 Table 3.9 shows the logic used to create the tenure in months variable. 
51 For details on used models, please see section 3.4.3. Modeling. 
52 Percentile’s method clips or removes the 1st and 99th percentile of the sample to reduce effects of 

outliers 
53 Tukey’s fences method uses an interquartile range to determine the range of accepted values. 
54 Standard deviation method considers data points above or below 3 standard deviations to be outliers. 
55 Table 3.10 shows the results of the outlier detection analysis. Given that a single dataset was used for 

all modelling techniques, outlier treatment was required for techniques sensitive to outlier data. 
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Likewise, scaling methods are evaluated with the objective of diminishing the effect of scale and 

distances among all variables, including YearsPurchase and MonthsOfUse. A previous assessment on 

data distribution for each construct helped detecting skews, in general towards the upper answers (4 

to 7). Scaling methods allow accentuating distances among data points to easily identify patterns in 

data for detecting non-natural clusters. Two scaling methods were applied, namely normalization
56

 

and standardization
57

, as results may be significantly different depending on the scaling method used. 

The objective is to perform an evaluation of outputs from the different scaling method in order to keep 

the one with the best expected performance.  Table 3.11 shows the final datasets that are candidates 

for the modeling stage. 

 

 

Table 3.11 – Resulting datasets for Cluster Tendency Assessment
58

. 

 

3.4.3. Modeling 

The Scikit Learn library is a Python module that offers multiple ML algorithms for academic and 

commercial problems at a medium scale (Pedregosa et. al., 2011). It includes different classes for 

clustering implementation that can be explored and used for different scenarios in this study. It is 

recognized as being very efficient and easy to use, and therefore, is the main library used in this 

research’s modeling. The different available classes provided in this module for clustering are shown 

in Table 3.12.  

 

Table 3.12 – Available clustering techniques in Scikit Learn
59

.  

 

56 Normalization, also known as Min Max Scaling, is a scaling technique that rescales values into a range 
between 0 and 1. 

57 Standardization is a scaling technique that rescales values by centering the data’s mean in zero with a 
unit standard deviation. 

58 Table 3.11 shows the dataset combinations that was tested with multiple techniques to decide on an 
optimal combination of outlier clipping method and scaling method that maximizes clustering result. 

59 Adapted from https://scikit-learn.org/stable/modules/clustering.html. These clustering techniques 
were used in model analysis.  
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These techniques involve different sets of assumptions and parameters that are unbeknown 

beforehand, and therefore, require testing to identify best performing algorithms in terms of clusters’ 

cohesion, separation, and shape. Due to this, a two-step clustering approach is applied. First, Cluster 

Tendency Assessment is used to explore the existence of groups in the data, to identify the best 

performing dataset in terms of outlier removal and scaling method, and to extract an estimation on 

the number of clusters for algorithms requiring this parameter an input – also referred to as k. 

Secondly, modeling techniques are applied to the data to determine optimal algorithms for the 

problem at hand, as well as an initial set of hyperparameters for each model that allows optimizing 

results. With these two steps, modeling is then fine-tuned with business needs to determine the 

optimal solution. 

Decision-making in model evaluation needs to be data-driven, and as so, different indicators need 

to be used for assessment. Scikit Learn is a module also known for providing methods for easy 

comparison of algorithms for a given application (Pedregosa et. al., 2011). Hence, this module will also 

be used for evaluating the results from the clustering algorithms. Table 3.13 shows the available 

evaluation methods in the Scikit module. 

 

Table 3.13 – Available evaluation methods for clustering techniques in Scikit Learn
60

.  

 

From Table 3.13, the techniques involving RAND index, Mutual Information, V-measure, Fowlkes-

Mallows and Contingency Matrix require the true labels of clustered data to perform an evaluation. 

Hence, these techniques will not be considered - as true labels are not known in this research. 

Alternatively, the Silhouette, Calinski-Harabasz and Davies-Bouldin scores will be used as the definite 

evaluation methods for cluster quality. 

 

3.4.3.1. Cluster Tendency Assessment 

Cluster Tendency Assessment is performed to evaluate the existence of clusters in the data and 

define the best dataset to use for modeling purposes. A total of fifteen techniques are used to achieve 

 

60 Adapted from https://scikit-learn.org/stable/modules/clustering.html. These evaluation techniques 
give the framework of evaluation methods used in this study. 
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this assessment, in addition to projecting the expected number of clusters that maximizes the 

evaluation metrics. Methods used include: 

- Dendrograms
61

 and projected Silhouette scores from Hierarchical Clustering, using single, 

complete, average and ward linkage methods
62

. 

- Projected silhouette scores using K-means, Mini-batch K-means and Spectral Clustering
63

. 

- Distortion score elbow using K-means. 

- Gap statistics using K-means. 

- Calinski-Harabasz Score using K-means and Spectral clustering. 

- Davies-Bouldin score using K-means 

- Visual Assessment Tendency (VAT) and Hopkins’s statistic
64

 

 Table 3.14 showcases the results from the evaluation methods used, as well as the identification 

of which dataset performs the best and second best for each technique. The dataset preprocessed 

with clipped outliers using percentiles method and standardized with StandardScaler
65

 had the best 

overall results in 6 simulations, and second best in 3 of them. Namely, this dataset showed the best 

silhouette scores when simulated through agglomerative clustering with single and complete linkage, 

k means, spectral clustering, and Hopkins’s statistic. In addition, it showed second best results for 

simulations for silhouette scores with agglomerative average linkage, Calinski-Harabasz score with K 

means, and Davies-Bouldin score with K-Means. Therefore, Dataset 3 is chosen for the modeling stage. 

In addition, K-Means is used multiple times to evaluate projected results. Since this model is simple, 

and projected results are available, it is chosen as a base model for comparison purposes when 

analyzing results from other algorithms.  

In line with this, Visual Assessment Tendency is used to graphically evaluate the results of the 

Hopkins Statistic – which can be seen in Figure 3.5. It can be concluded that the data can be clustered, 

although the resulting clusters will be more reproducible
66

 or constructive
67

 instead of being natural
68

. 

However, reproducible and constructive clusters still manage to provide useful business insights from 

complementary perspectives, and as so, the results from this study can still be applied to FDA business 

contexts. Furthermore, projections with Dataset 3 suggest the cluster number to be 2, 4, 10 or 13; with 

 

61 Dendrogram is a tree-like diagram used for representing hierarchical relations between data points, as 
well as agglomerative clustering behavior. 

62 Linkage methods specify the way that the distance between clusters is calculated. 
63 Spectral clustering uses a similarity matrix to reduce dimensionality on a dataset, in order to perform 

clustering on a low dimensional space.  
64 Hopkins’s statistic is a measurement of cluster tendency. 
65 StandardScaler is a class in Python that allows standardizing data. 
66 Reproducible segmentation refers to separating data when no natural boundaries exist, but still based 

on an underlying structure in the data. Segmentation is considered reproducible when, despite not having natural 
separations, different studies reveal similar results – making those results less random. 

67 Constructive segmentation refers to separating data conveniently when no natural boundaries exist, 
and data has no underlying structure.  

68 Natural segmentation refers to the traditional view of segmentation, where segments are naturally 
separated one from another. 
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a mode of 2, median of 2, and mean of 4. This will be a starting point for hyperparameter fine-tuning 

in models that require as input the number of k. The complete evaluation and comparison between 

datasets is available in Appendix 4. 

 

 

Table 3.14 – Cluster Tendency Assessment results for different datasets
69

.  

 

 

Figure 3.5 – Visual Assessment Tendency for Dataset 3
70

. 

 

Once all variables are created, a correlation analysis is performed on the final dataset in order to 

identify highly correlated pairs of variables, as highly correlated features create distortion in clustering 

outputs. Highest correlations are found in the pair or variables: performance expectancy and attitude 

(0.64), attitude and satisfaction (0.63), usefulness and attitude (0.62), trust and satisfaction (0.62). 

However, results of this analysis show that no correlation exceeds a threshold of absolute 0.7. 

 

69 Table 3.14 shows the logic behind decision making on optimal dataset to use for modelling stage.  
70 Figure 3.5 shows the improved visual method for clustering assessment for dataset3, where clustering 

may be done at the expense of having reproducible or constructive segments. iVAT performed in Python. 
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Therefore, all constructs and new features are viable for clustering. Figure 3.6 shows the results of this 

analysis. 

 

Figure 3.6 – Correlation Analysis
71

. 

 

3.4.3.2. Evaluation of Modeling Techniques 

Once the final dataset is defined, the evaluation of modeling techniques provides an 

understanding of which algorithms could deliver better outcomes for the problem at hand, as well as 

the range of possible values for an evaluation metric, such as the Silhouette score. For the algorithms 

in Table 3.15, different parameter fine-tuning methods were applied to determine an optimal 

combination of inputs that allowed maximizing the Silhouette metric. This table showcases the best 

results achieved for each algorithm, and Appendix 5 details all specifications used for algorithm 

optimization. 

 

 

Table 3.15 – Results from initial model evaluation
72

.  

 

This evaluation allows discarding algorithms that do not perform optimally for non-naturally 

clustered data, or algorithms that classify a significant amount of data points as noise. In this sense, 

Mean Shift
73

 is discarded as a possible solution given that 97.4% of data is grouped into a single cluster; 

 

71 Figure 3.6 evidences how no correlations among variables create an impediment for their use in this 
exercise. 

72 Table 3.15 shows how the best baseline model is Mini-Batch K-Means with a silhouette score of 0.27261. 
73 Mean Shift is an algorithm that detects local maxima of density to find clusters. 
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DBSCAN
74

 is discarded for detecting a single useful cluster; and OPTICS
75

 is discarded for classifying 

21.3% of data as noise. Furthermore, it can be seen that optimal clustering for the remaining solutions 

in terms of Silhouette score ranges from 0.272611 to 0.198844, all of them for k = 2. The best 

performing model is Mini-batch K-Means with a silhouette score of 0.272611 – which will be the new 

baseline model for analysis. However, clustering data in 2 groups does not necessarily provide the best 

business answers – and as so, a trade-off between the optimal Silhouette score and alternative 

solutions must be done in order to obtain best business results. As suggested by Dolnicar, Grün & 

Leisch (2018), one approach for determining the optimal number of clusters is to repeat procedures 

for a set of clustering quantities and evaluate all results. Based on this, the evaluation of modeling 

techniques is extended for cluster quantities above 2 – as can be seen in Tables 3.16, 3.17, and 3.18. 

 

 

Table 3.16 – Results for model evaluation with k=3
76

 

 

 

Table 3.17 – Results for model evaluation with k=4
77

 

 

 

Table 3.18 – Results for model evaluation with k=5
78

 

 

74 DBSCAN stands for density based spatial clustering of applications with noise, and it is an algorithm with 
the ability to detect data groups with arbitrary shape. 

75 OPTICS stands for ordering points to identify clustering structure, and it is an extension of DBSCAN. 
76 Table 3.16 shows best performing model with 3 clusters (Agglomerative) among evaluated techniques. 
77 Table 3.17 shows best performing model with 4 clusters (BIRCH) among evaluated techniques. 
78 Table 3.18 shows best performing model with 5 clusters (BIRCH) among evaluated techniques. 
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Evaluating model performance for cluster quantity above 2 allows finding alternate solutions that 

may maximize the trade-off between cluster quality and business purpose. Possible Silhouette scores 

in these alternatives range from 0.186177 to 0.122822 – with some alternatives being rejected due to 

unbalanced cluster distribution. Overall, the best performing algorithm for each number of k will be 

examined to determine if richer insights are extracted in comparison to k = 2. This means taking each 

result and contrasting outcomes with the baseline model to find the best fit between cluster quality 

and business insights. The next section will cover: 

- Analysis of the baseline model’s result, which is a Mini-Batch K-Means model achieving a 

silhouette score of 0.272611 with 2 clusters. 

- Analysis of the best performing model with 3 resulting clusters, which is an Agglomerative 

clustering model with a Silhouette score of 0.158837. 

- Analysis of the best performing model with 4 resulting clusters, which is a BIRCH
79

 model with 

a Silhouette score of 0.176225. 

- Analysis of the best performing model with 5 resulting clusters, which is a BIRCH model with 

Silhouette score of 0.169280.  

- Comparison between perspectives and conclusion on which model fits best the research 

problem. 

 

3.4.4. Evaluation 

3.4.4.1. Best performing model for k=2 (baseline model) 

Evaluation is first done by understanding the characteristics of the base model, which had the 

best results in regard to the Silhouette score – equal to 0.272611. This Mini-Batch K-Means model 

outputs data in 2 clusters, with 70.7% of data in a cluster (256 users) and 29.3% of data in another 

cluster (106 users). The parameters used for this result are stated in Appendix 5.  Figure 3.7 shows the 

behavior of each cluster in a polar graph, allowing to easily detect how one cluster collects users with 

higher values in all features, while the other cluster holds users with lower values. 

Complementing this view on data with individual boxplots for each feature allows detecting 

variables with higher importance. Higher discriminatory power between clusters can be observed in 

attitude, performance expectancy, compatibility, and year purchases. Likewise, variables like 

satisfaction, usefulness, social influence, and trust also showed relevance at the moment of 

differentiating user groups. However, ease of use and months of use showed less importance – with 

differences between groups being less obvious. Figure 3.8 shows the results from the individual 

boxplots.  

 

 

 

79 BIRCH stands for balanced iterative reducing and clustering using hierarchies. It is based on a clustering 
feature tree that is used to perform multilevel clustering. 
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Figure 3.7 – Polar graph for best performing model (Mini-Batch K-Means) at k = 2
80

. 

 

Furthermore, control variables can be examined for additional pattern detection. However, no 

significant differences or traits in age, education, gender, nationality, residence, or channel within 

resulting clusters were found in comparison to the sample. Table 3.19 shows the contrast of control 

variables between these 2 clusters. 

 

 

Table 3.19 – Comparison of control variables of Mini-Batch K-Means for k=2
81

 

 

Finally, in depth cluster evaluation can be performed by analyzing each construct, along with 

its elements, using the scores’ Likert equivalencies. This allows characterizing the resulting clusters 

with the information provided in the survey and the measurement tool. Likert equivalencies for this 

modeling solution can be found in Table 3.20. 

 

80 Axis represented in the form of polar coordinates. Plotted using Line_Polar from Plotly, in order to show 
segment differences on used variables. 

81 Table 3.19 compares categorical variables in clusters. No significant differences were found. 
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Figure 3.8 – Boxplots for best performing model (Mini-Batch K-Means) at k = 2
82

. 

 

 

82 Y axis for all boxplots corresponds to the standardized results of the 7-point Likert scale for evaluated 
constructs. For mean comparison between clusters, please see Table 3.20. 



47 

 

 

Table 3.20 – Likert scale results for Mini-Batch K-Means model at k=2
83

 

 

The previous information allows characterizing the resulting clusters in 2, as follows: 

- Cluster 0 - The Brand Ambassadors: Around 71% of users are characterized as being more 

satisfied customers, with positive attitude towards FDA usage and finding a positive 

compatibility of FDAs with their lifestyle. They are open to recommending an app to others, 

perceiving FDAs to be useful and having a positive expected outcome from their use, trusting 

the app. They find FDAs easy to use and have a rather neutral perception of social influence 

in FDA usage, with a slight susceptibility to being influenced by others’ opinions. They also 

use FDAs more frequently.  

- Cluster 1 - The Unconvinced: Approximately 29% of users are less satisfied customers, 

inclining more towards being neutral in satisfaction and with neutral attitude towards FDA 

usage - especially in desirability to use. In addition, they do not find FDAs to be compatible 

with their lifestyle and have neutral outcome expectations from their usage. These customers 

 

83 Likert scale equivalencies are used as the base for cluster characterization in k=2 
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are more neutral in their usefulness perception, as well as in their trust for FDAs. They find 

FDAs slightly less easy to use than cluster 0 and are not influenced by society into using them. 

Hence, their FDA usage is significantly lower in comparison to the other cluster. 

 

3.4.4.2. Best performing model for k=3  

The best performing model for k=3 is a Hierarchical Agglomerative Model, with a Silhouette score 

of 0.158837. The model outputs data in 3 clusters, distributed in a way that 62.1% of data is in cluster 

0 (225 users), 25.6% of data is in cluster 2 (94 users), and 11.9% of data is in cluster 1 (43 users). These 

results are obtained by passing as arguments the number of desired clusters, the Ward
84

 linkage 

method, and the Euclidean distance metric
85

. Figure 3.9 shows the model’s polar graph, allowing to 

evaluate cluster behavior overall. In general, cluster 0 groups users with the highest values in all 

features, while cluster 1 has the lowest values in almost all features. Cluster 2 is an intermediate level 

between the other segments, with a slight change in ranking in the yearly purchases and months of 

use features. 

 

Figure 3.9 – Polar graph for best performing model (Agglomerative clustering) at k = 3
86

. 

 

The individual boxplots show how higher discriminatory power between clusters can be observed 

in satisfaction, attitude, usefulness, performance expectancy, and trust. They are followed by variables 

 

84 Ward linkage method seeks to merge clusters in Hierarchical Agglomerative clustering aiming at 
minimizing the error sum of squares in each merge. 

85 A distance metric is a function that outputs a distance between two points. The Euclidean distance is 
the length of a straight line between points, calculated with their Cartesian coordinates by applying the theorem 
of Pythagoras. 

86 Axis represented in the form of polar coordinates. Plotted using Line_Polar from Plotly , in order to 
present segment differences on used variables. 
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like social influence, yearly purchases, and compatibility - who also showed importance in 

differentiating segments. Ease of use and months of use showed less importance, similar to the results 

from k=2 modeling. Figure 3.10 displays the feature boxplots for the model. 

 

 

Figure 3.10 – Boxplots for best performing model (Agglomerative clustering) at k = 3
87

. 

 

Moreover, control variables are also examined, finding that cluster 2 has a significant share of 

Portuguese residents in comparison to other clusters. In addition, cluster 2 also has different behavior 

in education, where the most significant level is bachelor’s degree – while other clusters are dominated 

by master’s degree. Users from this cluster also accessed the survey through Mail and WhatsApp, more 

than through social media. These concentrations in cluster 2 are also evidenced in cluster 1, which has 

 

87 Y axis for all boxplots corresponds to the standardized results of the 7-point Likert scale for evaluated 
constructs. For mean comparison between clusters, please see Table 3.22. 
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a higher representation of people from the Americas and with master’s degree - in comparison to the 

sample. Table 3.21 shows the contrast of control variables between clusters for this model. 

 

 

Table 3.21 – Comparison of control variables for Agglomerative clustering k=3
88

 

 

As mentioned previously, using the scores’ Likert equivalencies allows characterizing the 

resulting clusters with the information provided in the survey and the measurement tool. The model’s 

results are shown in Table 3.22. 

Analyzing all the previous information allows characterizing the 3 clusters, as follows: 

- Cluster 0 - The Brand Ambassadors: 62% of users have high levels of satisfaction with FDAs, 

with a great attitude towards them, and a positive impression of their usefulness and 

performance. They find FDAs easy to use and can be influenced by their social circle into using 

them or not. They have high trust in FDAs and find them compatible with their lifestyle, 

resulting in a high frequency of purchases. 

- Cluster 1 - The Skeptics: 12% of users are slightly unsatisfied with FDAs, with a slight negative 

attitude towards them, and no expectations regarding usefulness or performance. They 

manage to use FDAs relatively easy and cannot be influenced by their social circle in regard 

to usage. They need to be convinced about the app’s trustworthiness, and do not find FDAs 

neither compatible nor incompatible with their lifestyle. All of this results in a low frequency 

of purchases.  

- Cluster 2 - The High Potentials: made up of 26% of users that are in general satisfied with 

FDAs, with a good attitude towards them and a relatively good impression of their usefulness 

and performance. They find FDAs easy to use and cannot be influenced by their social circle 

in regard to usage. They have a relatively good level of trust towards the app, but do not find 

FDAs neither compatible nor incompatible with their lifestyle. All of this results in the lowest 

frequency of purchases in comparison to the other clusters, representing a great opportunity 

to build loyalty and increase RFM, by increasing purchase frequency from monthly to weekly. 

Sample wise, these users are slightly younger and mostly have a bachelor education, with a 

good representation from Portugal. 

 

88 Table 3.21 compares categorical variables in clusters. Significant differences were found (detailed in 
text) 
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Table 3.22 – Likert scale results for Agglomerative clustering model at k=3
89

  

 

3.4.4.3. Best performing model for k=4  

The best Silhouette score for the k=4 models is 0.176225, and it is achieved with a BIRCH model 

parametrized with the number of clusters equal to 4, a threshold
90

 of 1.5, and a branching factor
91

 of 

30. It outputs 67.1% of data in cluster 0 (243 users), 16.6% of users in cluster 2 (60 users), 13.2% of 

users in cluster 1 (48 users), and 3% of users in cluster 3 (11 users). The polar graph for this result is 

shown in Figure 3.11. Similar to previous results, cluster 0 holds users who have the highest values for 

all features, while cluster 3 holds users with smaller values. Cluster 1 and cluster 2 have intermediate 

values, exchanging for specific variables. Cluster 1 scores higher than cluster 2 in yearly purchases, 

 

89 Likert scale equivalencies are used as the base for cluster characterization in k=3 
90 The threshold parameter in BIRCH is used to determine the maximum radius allowed for merging a new 

sample with the closest subcluster. If the radius exceeds the threshold, a new subcluster group is created. 
91 The branching factor in BIRCH is used to determine the maximum number of subclusters per node, also 

known as the maximum number of children per node. 
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months of use, compatibility, social influence, and performance expectancy; while cluster 2 has higher 

results in satisfaction, attitude, usefulness, ease of use and trust. 

 

 

Figure 3.11 – Polar graph for best performing model (BIRCH) at k = 4
92

. 

 

The boxplots evidence a higher discriminatory power in variables like compatibility, satisfaction, 

attitude, and yearly purchases. Likewise, other variables have relevant discriminatory power like 

performance expectancy and usefulness. However, ease of use and months of use once more showed 

less importance – along with social influence and trust. Figure 3.12 shows the results from this analysis.  

Furthermore, control variables are also examined for pattern detection in the resulting clusters. 

Similar to the results from the previous model, cluster 2 also shows a higher representation of Portugal 

residents holding in its majority a bachelor’s degree, with half of users in this cluster living in Europe. 

Table 3.23 shows the comparison of control variables between these 2 clusters. 

 

Table 3.23 – Comparison of control variables of BIRCH model for k=4
93

 

 

92 Axis represented in the form of polar coordinates. Plotted using Line_Polar from Plotly, in order to 
present segment differences on used variables. 

93 Table 3.23 compares categorical variables in clusters. Significant differences were found (detailed in 
text) 
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Figure 3.12 – Boxplots for best performing model (BIRCH) at k = 4
94

. 

 

Finally, in depth cluster evaluation can be performed by analyzing each construct, along with 

its elements, using the scores’ Likert equivalencies. This characterizes clusters with the measurement 

tool used to collect data. These equivalencies can be found in Table 3.24. 

 

 

94 Y axis for all boxplots corresponds to the standardized results of the 7-point Likert scale for evaluated 
constructs. For mean comparison between clusters, please see Table 3.24. 
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Table 3.24 – Likert scale results for BIRCH model at k=4
95

 

 

The analyzed data allows giving characterization to clusters, as is detailed next: 

- Cluster 0 - The Brand Ambassadors: composed of 67% of users that feel satisfied with FDAs, 

using them with the most positive attitude and finding them to be highly compatible with 

their lifestyle. They feel that FDAs are very useful, have great expectations regarding their 

performance, and find them very easy to use. In general, most of these users have no 

pressure on using apps based on social influence. They trust the apps and have the highest 

frequency of purchase. 

- Cluster 1 - The Heartless Shoppers: made up of 13% of users that are neither satisfied nor 

dissatisfied with FDAs, with a neutral attitude towards them, a neutral position regarding 

trust, and finding them neither compatible nor incompatible with their lifestyle. However, 

they find good use in FDAs, have good expectations regarding their performance, and find 

them relatively easy to use. This results in a good frequency of purchase. In addition, most of 

these users have no pressure on using apps based on social influence.  

- Cluster 2 - The High Potentials: these 16% of users feel satisfied with FDAs, with a good 

attitude towards them, but finding to be neither compatible nor incompatible with their 

 

95 Likert scale equivalencies are used as the base for cluster characterization in k=4. 
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lifestyle. They do find a good use for FDAs, have good expectations regarding performance, 

and find them relatively easy to use. They tend to be unlikely to use apps based on social 

influence and have a slight positive perception regarding FDA trustworthiness. They are also 

relatively new users in comparison to other clusters, with a low frequency of purchase.  

- Cluster 3 - The Nonconformists: a 3% of users that are dissatisfied and unwilling to 

recommend FDAs to others, with a bad attitude towards them - especially in regard to 

desirability to use. They do not find them useful and have negative expectations regarding 

their performance, with no defined position on whether they are easy to use or not. They do 

not allow their actions to be driven by social pressure and have a neutral position regarding 

trust. They believe FDAs to be incompatible with their lifestyle, resulting in the lowest 

frequency of purchase among all users. 

 

3.4.4.4. Best performing model for k=5  

The best Silhouette score for a number of clusters equal to 5 is 0.168290, which is achieved with 

a BIRCH model. The result is accomplished by passing as parameters the desired number of clusters, 

the threshold set to 1.5, and the branching factor set to 70. It produces 5 clusters distributed with 

59.9% of data in cluster 0 (217 users), 24.3% of data in cluster 4 (88 users), 9.4% of data in cluster 1 

(34 users), 3.3% of data in cluster 3, and 3% of data in cluster 2 (11 users). Figure 3.13 shows the polar 

graph for all features, allowing to identify how cluster characteristics are less evident when the sample 

is segmented into 5 groups. Still, it is clear that cluster 2 holds all users with the lowest values for all 

features, while cluster 3 is dominated by users with a high number of purchases. 

 

Figure 3.13 – Polar graph for best performing model (BIRCH) at k = 5
96

. 

 

96 Axis represented in the form of polar coordinates. Plotted using Line_Polar from Plotly, in order to 
present segment differences on used variables. 
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The complementary view of individual boxplots shows how compatibility, satisfaction and yearly 

purchases are the most important features in this solution. They are followed by performance 

expectancy, social influence, and attitude – who also hold discriminatory power relevant enough for 

clustering. Among the weaker variables are again present ease of use and months of use – 

accompanied by usefulness and trust. Figure 3.14 shows the results from these individual boxplots.  

 

 

Figure 3.14 – Boxplots for best performing model (BIRCH) at k = 5
97

. 

 

 

97 Y axis for all boxplots corresponds to the standardized results of the 7-point Likert scale for evaluated 
constructs. For mean comparison between clusters, please see Table 3.26. 
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From examining the control variables, it can be detected how cluster 1 and cluster 3 have a higher 

representation of people from the Americas in comparison to other clusters. In addition, cluster 0 has 

a higher share of people with bachelor’s degree, but the trend of having a cluster with Portuguese 

residents with bachelor’s degree does no longer hold. Table 3.25 shows the comparison of control 

variables between these 5 clusters. 

 

 

Table 3.25 – Comparison of control variables of BIRCH model for k=5
98

 

 

Lastly, using Likert equivalencies for deeper cluster understanding in this solution proves to be 

more challenging than the previous models. Characterizing the resulting clusters with the information 

from the measurement tool is not a clear task, as differences between groupings are less obvious. 

However, characterization can be performed with the provided information. The details for the Likert 

equivalencies are shown in Table 3.26. 

 

 

98 Table 3.25 compares categorical variables in clusters. Significant differences were found (detailed in 
text) 
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Table 3.26 – Likert scale results for BIRCH model at k=5
99

 

 

Once conclusions from characterizing profiles are performed, the following descriptions are made 

to fit the mentioned results:  

- Cluster 0 - The App Ambassadors: this group is made up of 60% of users that are highly 

satisfied with FDAS and find them greatly compatible with their lifestyles. They have a high 

purchase frequency and a positive attitude towards them. These users find them useful, have 

great performance expectations for them, trust them and find them easy to use. In addition, 

they manifest no reaction to social influence in regard to using apps for delivery services. 

- Cluster 1 - The Heartless Shoppers: these 9% of users are neutral on satisfaction; but have a 

slight positive attitude towards FDAS - finding some compatibility between the apps and their 

lifestyle. Regardless of this, they have a slightly higher tenure than other clusters and show a 

great purchase frequency. They find some use in FDAs, have relatively good performance 

expectations for them, and find them moderately easy to use. They have no reaction to social 

influence and no position on trust. 

- Cluster 2 - The Nonconformists: are a 3% of users that are dissatisfied and are incompatible 

with FDAs in their lifestyle. They have a negative attitude towards them, do not find them 

useful and have bad performance expectations. In addition, they have no position on how 

 

99 Likert scale equivalencies are used as the base for cluster characterization in k=5 
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easy they are to use or if they are trustworthy, with negative reactions to social pressure on 

using these apps. All these perceptions result in the lowest purchase frequency overall.  

- Cluster 3 - The All Stars: a 3% of users that are highly satisfied, highly compatible with FDAs 

and have the highest purchase frequency - almost daily. They have a positive attitude towards 

them, trust them, find them useful and easy to use. They also have great performance 

expectations for FDAs and are slightly prone to being socially influenced into using them. 

- Cluster 4 - The Intermittent Misfits: they are 24% of users that are satisfied, have a slightly 

positive attitude towards FDAs and trust them; but are neutral on compatibility with lifestyle, 

resulting on a relatively low purchase frequency. They find some use for them and manifest 

no difficulty in their interactions with the apps. Also, they have relatively good performance 

expectations, and a slight negative reaction to social influence. 

 

3.4.4.5. Model Comparison and Decision 

After thoroughly analyzing the results from the best performing solutions, it is necessary to 

decide upon a single model that outperforms the rest in terms of cluster quality and business fit. This 

final set of solutions, composed of 4 models providing between 2 and 5 clusters, have Silhouette scores 

ranging from 0.158837 to 0.272611. Comparatively, the business characterizations performed in 

sections 3.4.4.1 to 3.4.4.4 allow concluding that having cluster quantities above 2 provide richer 

insights and more actionable segments than the baseline model, which delivers a relatively simple 

segmentation of users. In addition, these comparisons also allow concluding that clusters tend to be 

more reproducible than constructive, as certain segments tend to reappear throughout different 

algorithms, parameters, and approaches. For example, the segment defined as Brand Ambassadors is 

present in all solutions, while the segments High Potentials, Heartless Shoppers and Non-conformists 

are present in at least 2 solutions. 

Figure 3.15 allows comparing all 4 solutions in a simple way, by showcasing cluster 

characteristics in all variables along with a measurement of cluster quality. From this, it can be 

concluded that the best solution for performing market segmentation of FDA users with psychographic 

and behavioral variables is the BIRCH model with 4 resulting clusters. This is stated given that it has 

better defined segments than the BIRCH model with 5 clusters and the Agglomerative model with 3 

clusters; while also delivering a better business solution than the Mini-batch K-means baseline model 

with 2 clusters. That is, Birch with 4 clusters not only detects the same cluster with most variables at 

their lower levels detected in MiniBatch Kmeans with 2 clusters, but also manages to separate the 

bigger cluster into 3 segments, without renouncing to an acceptable silhouette score. Hence, this 

model will be used in the next section to completely profile the 4 resulting segments with the available 

information from psychographic, behavioral, socio-demographic and geographic data. 
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Figure 3.15 – Polar graph and Silhouette score comparison for best solutions
100

. 

 

3.5. SEGMENT PROFILING 

The Segment Profiling stage concludes the research by further analyzing the results for the BIRCH 

model with 4 clusters and enhancing the previously discussed customer profiles with more detailed 

data. 

In particular for this model, some variables played more important roles than others when 

achieving separation of data into groups. The attitude feature managed to separate users into 4 

different levels, becoming the best segregator among psychographic constructs (positive, neutral, 

partially positive, and partially negative attitudes towards FDAs). Similarly, the variable compatibility 

managed the biggest gap amid results, exposing very distant perspectives among cluster results 

(compatible, neutral, and incompatible). Other variables achieved interesting separation of data, 

allowing to clearly identify differences between clusters - like satisfaction (satisfied, partially satisfied, 

neutral), usefulness (useful, partially useful, partially unuseful), and performance expectancy (very 

good expectations, good expectations, bad expectations). Finally, the remaining features exposed less 

discriminatory power while still managing to separate users into three different levels, as seen in ease 

 

100 Axis represented in the form of polar coordinates. Plotted using Line_Polar from Plotly. From overall 
view of all graphs it can be stated that Birch of 4 clusters is the best solution. 
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of use (easy, somewhat ease, neutral), social influence (neutral, partially uninfluenceable, 

uninfluenceable), and trust (high, partially high, neutral). This final characterization of the 4 clusters is 

depicted in Table 3.27.  

 

 

Table 3.27 – Final Characterization with Psychographic variables
101

 

 

This is further analyzed with summary statistics for each segments’ psychographic variables. The 

three variables with least discriminatory power also show standard deviations higher than 1, meaning 

that clusters contain users from multiple levels and are not as pure as other labels from other variables. 

This can be seen in ease of use (Heartless shoppers – 1.06; Non-conformists – 1.24), social influence 

(Brand ambassadors – 1.24; Heartless shoppers – 1.27; High potentials – 1.47), and trust (Heartless 

shoppers – 1.06; Non-conformists – 1.41). Likewise, other variables with better performance also 

presented similar behavior, like satisfaction (Non-conformists – 1.24), attitude (High potentials – 1.10) 

and compatibility (High potentials – 1.27; Non-conformists – 1.01). Nevertheless, a closer look at these 

deviations allows concluding that it does not affect the overall classification of users as the High 

potentials and Non-conformists contain multiple actionable elements that allow creating segment 

strategies unaffected by this overlap. The summary statistics are presented in Table 3.28.  

However, it is also important to state that no single variable presents a pure representation of the 

segments’ labels, as from the analysis of the summary statistics and the boxplots presented before, it 

can be seen how overlapping among clusters is unavoidable. Nevertheless, the stronger features 

manage to have a great proportion of data holding the pure label assigned through the cluster’s mean. 

Hence, the segment characterization in this study still depicts a trustworthy method of applying 

marketing strategies for FDA users. 

Regarding behavioral variables, characterization is slightly more challenging given that these two 

variables are synthetic and were created from categorical variables. In the case of yearly purchases, 

differentiation among clusters is easy to detect as the majority of users in each cluster is clearly inclined 

towards a specific frequency period. Still, it is noticeable how no clear differentiation is achieved 

among groups. Contrarily, months of use does not allow a trustworthy characterization of cluster users 

based on their tenure. However, it does provide a way to tackle users within clusters to drive less loyal 

users to desired behaviors. Customers within each cluster were further grouped into 3 categories that 

will be discussed in the results: short-tenure (users that became FDA customers during the COVID-19 

pandemic period, approximately between January 2020 and March 2021), middle-tenure (users that 

 

101 Table 3.27 shows an overview of each cluster in the final solution with its Likert equivalente for each 
psychographic construct. 
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became FDA customers before the COVID-19 pandemic period, approximately between January 2019 

and January 2020), and long-tenure (users having a relationship with FDAs for longer than 3 years). 

Table 3.29 shows the final characterization with behavioral variables.  

 

 

Table 3.28 – Summary statistics for Psychographic variables 
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Table 3.29 – Final Characterization with Behavioral variables
102

 

 

As for sociodemographic and control variables, a drilldown on differences between clusters allows 

finding interesting perspectives to complement the segment profiles. Regarding gender, there is a 

slight change in proportions in 2 clusters in comparison to the population. The High potentials have a 

higher representation of individuals identifying as female, while the Non-conformists have a higher 

representation of individuals identifying as male, both in comparison to the sample’s proportions. 

Regarding education, it is interesting to notice how the Non-conformists have a higher proportion of 

well-educated users, also having the highest fraction of masters and PhD graduates from all segments. 

Similarly, the High potentials have the highest representation of high school and bachelor graduates, 

and the Heartless shoppers have higher representations of masters and high school graduates in 

comparison to the population. If these findings are contrasted with their age, no real trend is found 

between education and age as cluster means are very similar, except for the High potentials, where 

most of its users are 30 years old or less. These users also show a higher representation of residents 

from Europe over all other segments, while the Heartless shoppers have a higher concentration of 

people from the Americas. Finally, High potentials also exhibit a higher proportion of answers from 

Email and WhatsApp in comparison to the sample, while Non-conformists have a higher participation 

from Social Media. These results are shown in Table 3.30.  

 

 

102 Table 3.29 shows an overview of each cluster in the final solution with its Likert equivalents for each 
behavioral construct. 
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Table 3.30 – Final Characterization with Sociodemographic and Control variables
103

 

 

In closing, segment profiles can be fully completed with descriptions covering all available 

information, as follows: 

- Cluster 0 - The Brand Ambassadors: this segment makes up for 67% of users and are, in 

general terms, the ideal set of customers for an FDA. They have the highest purchase 

frequency from all segments, being very frequent shoppers. 64% of users in this segment 

make weekly purchases, while 34% purchases on a monthly basis and only 2% buys through 

FDAs semiannually. They feel satisfied with their experiences in FDA usage (μ: 5.90; σ: 0.60), 

finding them useful (μ: 5.71; σ: 0.68) and with very good expectations on their performance 

(μ: 5.85; σ: 0.64). Their attitudes towards FDAs are positive (μ: 5.96; σ: 0.67) as they find them 

to be compatible with their lifestyles (μ: 5.63; σ: 0.84). They feel FDAs are easy to use (μ: 

6.04; σ: 0.69), have high trust on their usage (μ: 5.72; σ: 0.66), and have a neutral perception 

regarding social influence on utilization (μ: 4.44; σ: 1.24). Most of these consumers are 

experienced users, with 63% of them being long-tenured. However, a significant proportion 

is still middle-tenured (28%) and short-tenured (9%). Sample wise, these users have no 

significant differences in socio-demographic variables. 

 

103 Table 3.30 shows an overview of each cluster in the final solution with its distributions for 
sociodemographic variables. 
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- Cluster 1 - The Heartless Shoppers: 13% of respondents are in this segment, made up of 

consumers mainly characterized for being good shoppers but dominated on neutral or 

partially positive perceptions. They are neither satisfied nor unsatisfied with FDAs (μ: 4.34; 

σ: 0.85), declaring a neutral perception in their attitudes towards them (μ: 4.34; σ: 0.96) and 

are indecisive on whether these apps are compatible or not with their lifestyles (μ: 4.47; σ: 

0.95). They also show no defined position on whether they find FDAs to be trustworthy (μ: 

4.34; σ: 1.06) or if they are socially influenceable into using them (μ: 3.50; σ: 1.27). However, 

they do feel FDAs are partially useful (μ: 4.60; σ: 0.93), find them easy to use (μ: 5.17; σ: 1.06), 

and have relatively good expectations on their performance (μ: 4.70; σ: 0.85). This leads to a 

good purchase frequency, where most users in this segment can be classified as recurrent 

shoppers. 50% of Heartless shoppers purchase on a weekly basis, 44% buy on a monthly basis, 

and only 6% does it semiannually. They are mostly experienced with FDAs, with 56% being 

long-tenured, 31% being middle tenured and 13% being short-tenured. Sample wise, they 

have a higher representation of masters and high school graduates in comparison to the 

population (58.33% and 4.66%, respectively) and have the highest concentration of people 

residing in the Americas over all segments (81.25%). 

- Cluster 2 - The High Potentials: 16% of users are part of this segment, dominated by a younger 

population with a somewhat frequent purchase habit that, even with positive perceptions on 

most psychographic elements, has still to define whether FDAs are compatible or not with 

their lifestyle (μ: 3.52; σ: 1.27). They feel satisfied with these apps (μ: 5.66; σ: 0.59), have a 

partially positive perception on their trustworthiness (μ: 5.37; σ: 0.79), and have partially 

positive attitudes towards them (μ: 5.05; σ: 1.10). Even though they are young, this segment 

is characterized as being unlikely to use FDAs based on social influence exerted from peers 

(μ: 3.25; σ: 1.47). They find FDAs partially useful (μ: 5.27; σ: 0.79), with somewhat good 

expectations on their performance (μ: 4.60; σ: 0.96) and finding them easy to use (μ: 6.01; σ: 

0.67). This is manifested in their purchase frequency, where most of them have monthly 

purchases (77%), followed by weekly consumers (15%) and only a small proportion being 

semi-annual users (8%). They are mostly recent users, with 43% being short-tenured, 30% 

being middle tenured and 37% being long-tenured. Sample wise, they have the highest 

representation of high school and bachelor graduates (6.66% and 51.66%, respectively); 

consequent with their age, as 58.33% of its population is 30 years old or younger. They have 

a slightly higher representation of individuals identifying as female in comparison to the 

sample (63.33%) and show the highest share of European residents over all other segments. 

(51.66%)  

- Cluster 3 - The Nonconformists: the last 3% of users make up this segment, portrayed as 

having unfavorable perceptions regarding FDAs and their use, reflected in their very low 

purchase frequency. These users feel partially dissatisfied (μ: 3.02; σ: 1.24) and declare FDAs 

to be incompatible with their lifestyles (μ: 2.15; σ: 1.01). In congruence with this, they assume 

negative attitudes towards these apps (μ: 2.54; σ: 0.65), finding them partially unuseful (μ: 

3.34; σ: 0.88), and with bad expectations on their performance (μ: 2.93; σ: 0.75). Hence, they 

are not influenceable by society into using FDAs (μ: 1.60; σ: 0.49). However, they do not find 

the apps difficult to use nor do they distrust them, revealing to be neutral both on ease of 

use (μ: 4.48; σ: 1.24) and trust (μ: 3.93; σ: 1.41). As expected, their shopping habits are 

undesirable – with most of the segment characterized as being occasional shoppers. Their 
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frequency is either monthly (55%) or semiannually (45%), with no one in this segment having 

weekly purchases. Their tenure is mixed, with 36% being long-tenured, 37% being middle-

tenured, and 27% being short-tenured. Sample wise, they distinguish themselves apart for 

having the highest representation of post-graduates – with no high school graduate users, 

27.27% share of bachelors and 63.63% of master graduates. Additionally, they hold the 

highest share of PhD graduates in comparison to other segments (9%). Lastly, they have a 

slightly higher representation of individuals identifying as male in comparison to the sample 

(45.45%).  
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4. RESULTS AND DISCUSSION 

As stated in Table 3.1, one of the purposes in this study is to determine if the discriminatory power 

of the psychographic variables selected for clustering is enough to be considered good variables for 

segmentation exercises. Furthermore, the behavioral variables used in this research are also prone to 

be evaluated in FDA context. Table 4.1 shows a qualitative analysis based on the behavior of the 

forementioned variables on all four evaluated models, segregating their performance on most 

relevant, relevant, and weak clustering variables.  

 

Table 4.1 – Feature importance assessment
104

 

 

It is noticeable how some variables occupy different positions on different models, while others 

retain their positions on multiple runs. The yearly purchases feature played an important role in all 

scenarios, while the variables compatibility, attitude, satisfaction, and performance expectancy proved 

to be between very relevant and relevant in all models. Other features interchange roles in different 

simulations, being very relevant in some clustering solutions, while being weak variables in others. 

These variables are usefulness, social influence, and trust. Finally, ease of use and months of use were 

found to be weak in all models – even though some discrimination was achieved with their use. 

Therefore, hypotheses involving the use of these variables for clustering is accepted for all 

psychographic constructs, as all of them provided useful information in the final solution. 

Moreover, analyzing the overall results allows gaining further insights for the FDA industry. On one 

hand, it is very positive to see how usability and user experience practices applied to mobile app design 

 

f 
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have been successful at implementing easy to use interfaces. This given that 3 out of 4 segments 

described FDAs to be easy to use, and the non-conformists segment had a neutral position even when 

most other variables have negative associations for this group. This means that, in general, almost no 

one finds FDAs difficult to use. Another insight worth mentioning is how FDAs have managed to build 

trust in their users. No segment manifested having trust issues while using these apps, although there 

is still an opportunity to guide unconvinced segments, like the Heartless shoppers and Non-

conformists, into having a positive perception on trust. Sample wise, 92% of respondents had either 

neutral or positive perceptions on trust; and 97% of respondents had either neutral or positive 

perceptions on ease of use. Additionally, it is important to mention how social influence is not an 

aspect that FDAs need to take into account when designing marketing strategies with this 

segmentation model. This because even though no segment is particularly described as being 

influenceable, 44% of the sample claimed to have some sort of influence from society into using FDAs. 

This means that the clustering solution was not able to group these influenceable users into a single 

category, or that social influence is not as important in generating distance between users as other 

variables used for modeling. As such, it can be concluded that even though ease of use, social influence 

and trust are important psychological aspects that need to be tackled by FDAs, they are not key 

elements for marketing strategies at the moment of this study. 

In addition, and having segment profiles created based on research findings, it is necessary to 

enrich results by determining the general implications for Food Delivery Application companies 

targeting customers in their online sales strategy design. By using psychographic and behavioral 

segmentation, FDAs can increase loyalty in their customer base, decide on product enhancements, and 

aim marketing efforts at increasing app usage and purchase frequency.  

As a starting point, it is important to highlight how the largest customer segment is composed of 

ideal consumers who purchase frequently and have very positive perceptions about these apps. This 

segment, the Brand Ambassadors, is a segment that needs to be delighted and protected. The main 

objective that FDAs must pursue for this group is to continue building their loyalty towards FDAs, and 

achieving a higher usage based on new, innovative features that thrill and hook these users. Even 

though they purchase frequently, there is still a big opportunity to push purchase frequency within the 

segment, as 37% of these users do not have weekly purchases. Also, even if this is the most valuable 

customer segment, some further research must be done on customer needs and wants, as there are 

opportunities to increase satisfaction, compatibility, and attitude. By further developing initiatives that 

rise perceptions on these constructs, FDAs will have better retention strategies and be better prepared 

for the increasing base of competitors entering the FDA industry.  

A deeper look into the Brand Ambassadors delimits business actions that need to be pursued. It is 

of great importance to protect this great mass of consumers that are satisfied with FDAs and find them 

of use in their lifestyles and routines. FDAs should increase protection measures for this segment 

aiming for loyalty and retention, especially in the period following COVID-19 vaccination and 

deconfinement measures, which reduces significantly the dependence of users on FDAs as a way for 

supplying food. A way to do this is to delight these users by understanding what surprises them and 

what makes them desire to use FDAs; providing new features, new restaurant offerings and better 

services that match expectations and lifestyles. Furthermore, and given that they represent the 

segment with the highest share, the needs and wants of these users should drive product increments 

and product roadmaps by using their characteristics as the main buyer persona for app innovation and 
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new releases. This is especially important in the design of service differentiators that allow standing 

out from the competition, where using the Brand Ambassadors as the main user of customer journey 

mapping becomes of great use. This will allow FDA designers to detect improvement opportunities for 

providing faster delivery services, easier access to information, and more time-saving features. These 

users should also be the base for all massive communications, like ATL and branding strategies, given 

that it allows targeting nonregistered users with characteristics that are ideal for new customers. In 

line with this, these users should also be targeted with referral campaigns, given that the Brand 

Ambassadors are willing to recommend an app to others and exert social influence into using them. 

Notwithstanding that these users are satisfied; FDAs need to nurture customer relationships and push 

business development with partnerships that match both the user’s compatibility with lifestyle and 

with the way the desire to feed themselves. All of these elements need to be intertwined into a full 

loyalty and rewards program, leading to higher satisfaction, a more positive attitude, and a better fit 

into lifestyle - increasing intention to use and hence the frequency of purchases
105

. 

The next segment to tackle is that one composed of the Heartless shoppers, where FDAs should 

aim at convincing and conquering them, inducing involvement in a way that allows pushing users from 

this segment into the Brand Ambassadors. The best way to do this is by offering a stellar experience, 

increasing satisfaction, compatibility, and attitude – especially in short-term initiatives following the 

COVID-19 pandemic period. This is important because, even though most of them became users before 

the pandemic period, they have a high perception that FDAs match the current situation that they are 

living. Increasing these psychographic elements may induce higher involvement, and therefore, an 

increase in usage.  

Achieving psychological and emotional involvement in this segment is a critical step that FDAs need 

to impulse. It means building loyalty in this segment and creating links that reinforce retention and 

use. To start, it is important to perform market research in order to understand the specific elements 

that generate dissatisfaction or fall short to meet expectations in the Heartless Shoppers, as well as 

understanding desire to use, app advocacy, fit in lifestyle and preferences. The results of market 

research will allow activating marketing campaigns and product improvements that increase 

perceptions and judgements on FDAs, rising usage intention and engagement. Furthermore, involving 

these users in business decisions – like validating features and epics in the product roadmap – allows 

having a critical review with a straightforward evaluation. Lastly, and as these consumers need to be 

conquered, operational KPIs need to be monitored carefully since any failure to provide the expected 

service (delivery time, food quality, food tracking, easy process of food ordering) can result in customer 

churn or a reduction in intention to use. FDAs need to aim at providing these users with charming 

experiences that build loyalty, especially built on trust, usefulness, and expected performance, in order 

to increase satisfaction and compatibility
106

. 

The third segment to focus on are the High Potentials, where FDAs need to boost and engage these 

consumers. Given their potential, a strategy involving offers, promotions and discounts is adequate for 

 

105 Business objectives and suggested actions for the Brand Ambassadors are based on findings presented 
in section 3.5, with a special focus on construct elements SA2, SA3, AT2, AT3, CO1, CO2, CO3, CO4, PE1, PE2, PE3, 
PE4, SI3, US1, US2 – available in Table 3.24. 

106 Business objectives and suggested actions for the Heartless Shoppers are based on findings presented 
in section 3.5, with a special focus on construct elements SA1, SA2, SA3, SA4, SA4, AT2, AT3, CO1, CO2, CO4, PE1, 
PE2, PE3, PE5, US1, US2, US4, TR1, TR2, TR3 – available in Table 3.24. 
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increasing intention to use and purchase frequency. It is important for FDAs to seize the opportunity 

of having customers who already feel satisfied with FDAs and are only needing to find a fit with lifestyle 

or a motivation to increase purchases and use. By doing this, the High Potentials segment may become 

a steppingstone in the customer lifetime value for user evolution, leading to becoming Brand 

Ambassadors eventually. 

Firstly, FDAs need to address the understanding of these user’s lifestyles and find potential spots 

of where delivery services may match. It is important to include an understanding of work 

environments and living conditions – as these factors are crucial in the rise of FDA usage in certain 

communities. A special focus should be given to understanding wage and expenses, as low purchase 

frequency may be related to the fact that this segment is younger and has less academic background 

than other groups. Once a match has been found, marketing strategies should aim at communicating 

value propositions that fit these user’s lifestyles, current situation in life, and daily routines. If this is 

accompanied by interesting offers, promotions, and discounts – especially in the areas of interest of 

this segment and in accordance with wage insights – it is very likely that engagement will be achieved. 

Additionally, comprehension of the High Potentials’ lifestyles may incur in interesting product 

developments that drive desirability, increase the app’s importance in daily life, and potentialize the 

willingness to recommend. In addition, exposure to the partnerships developed for the Brand 

Ambassadors may also increase the way High Potentials perceive compatibility between food options 

offered in FDAs and their desired nutrition. This may also help retain these users, as over 40% of them 

started using FDAs during the pandemic period
107

.  

Finally, the last segment to face is the Non-conformists, who should work as a segment with a 

strategy of “listen and learn” - especially through Customer Service. Understanding their pain points 

and non-conformities will allow FDAs to detect pitfalls in service or value proposition. If required, 

proactive research may be performed using low-cost methods to understand these users’ 

personalities, lifestyles, experiences, and expectations.  

Having in mind that the main objective is to learn from this segment’s nonconformities, FDAs 

should first listen to their complaints and service gaps, evaluating with qualitative studies the reasons 

behind these users’ lack of motivations, unwillingness to recommend, low expectations, and minimum-

service requirements, as findings in these fields may help determining a minimum viable product when 

designing new releases. In this same line, Non-conformists make an ideal extreme user when 

evaluating new features, bug resolution, and product enhancement - given their critical reception to 

FDAs in general. However, and given that these users represent a small proportion of consumers, no 

hard actions should be implemented. Resources should not be allocated exclusively to this segment, 

but rather included in tactics directed to other segments, as possibly neighboring tactics might have 

an effect on attitude, perception or compatibility – converting some Non-conformist users into one of 

the other desirable segments
108

. 

 

107 Business objectives and suggested actions for the High Potentials are based on findings presented in 
section 3.5, with a special focus on construct elements SA2, SA3, AT3, PE1, CO1, CO2, CO3, CO4 – available in 
Table 3.24. 

108 Business objectives and suggested actions for the Non-conformists are based on findings presented in 
section 3.5, with a special focus on construct elements SA1, SA2, AT2, AT3, CO1, CO3, CO4, SI1, SI2, SI3, PE1, PE4 
– available in Table 3.24. 
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5. CONCLUSIONS 

The Food Delivery Industry is a market that has been increasing in importance in the past decade, 

not only because of its relevance in the digital age, but also because of the worldwide events occurring 

in recent years. Among factors catalyzing its growth are millennial adoption, societal changes in 

household composition, concentration of office spaces in urban areas, and internalization of food 

choices. The rising interest in these services has increased competition and, therefore, forced Food 

Delivery Applications to become fast-paced businesses focused on growth and differentiation.  

An important lever for growth in Food Delivery Applications is managing to retain users, 

guaranteeing better income flows from recurrent consumers who purchase periodically. As such, 

visualizing customers’ intention to use is a key element in the design of marketing strategies that aim 

at increasing purchase frequency in their customer base. Understanding predecessors of intention to 

use, from a Consumer Behavior perspective, discloses elements with a strong incidence on FDA 

adoption that must be tackled as a means for increasing transactions. 

By understanding technology adoption models and their applications to the Food Delivery 

industry, significant antecedents of intention to use were identified and analyzed – namely 

satisfaction, attitude, usefulness, performance expectancy, ease of use, social influence, trust, and 

compatibility. These psychological factors with incidence on usage intention become key drivers for 

accomplishing business objectives. However, consumer typology varies in regard to psychographic 

factors, and as such, FDA businesses must first understand market composition in terms of these 

variables.  

Using a variety of data mining techniques, and based on psychographic and behavioral features, 

market segments for the FDA industry were identified and analyzed. Using the forementioned features 

in conjunction with purchase frequency and tenure, allowed identifying four segments: The Brand 

Ambassadors, a group of ideal consumers with frequent purchases; the Heartless Shoppers, users with 

great purchase behavior but low involvement; the High Potentials, a group with high involvement but 

relatively low number of purchases; and the Non-conformists, a small group of users with no 

involvement and very low purchase frequency. 

To conclude, a complete scenario of market composition was achieved with the use of alternate 

segmentation methods. Not only was it achievable, but also viable and valuable for companies 

competing in the Food Delivery industry. It provided a different method for market segmentation that 

shines light on psychological aspects that affect intention to use - a central element in user’s willingness 

to purchase. By targeting the antecedents of intention to use in their marketing efforts, FDA companies 

drive buying frequency, customer lifetime value and profits. Furthermore, by deploying these 

marketing tactics based on the identified segments, Food Delivery companies boost revenue by 

focalizing on specific consumer profiles that are undetectable in traditional market segmentation 

methods. 

 

 



72 

 

6. LIMITATIONS AND RECOMMENDATIONS FOR FUTURE WORKS 

The execution of this study encountered several limitations that may be addressed in future works 

to enhance results and complement findings from this research. Machine learning projects, and in 

particular unsupervised learning techniques like clustering, require making decisions based on 

assumptions and interpretations from data, like the ideal number of clusters, the quantity of features 

to use, or the understanding of results for profiling purposes. Hence, future works may tackle certain 

aspects that may improve findings based on more accurate information that ease decision-making.  

First, sampling and distribution have an opportunity for improvement. Given the budget and scope 

of this research, the sampling methods described in section 3.3 resulted in a high participation from 

Colombian users. Even if geographic features were not part of the clustering set, cultural aspects 

involving consumer behavior have incidence on psychographic constructs, and therefore, may have an 

effect on results. In addition, a higher participation of educated users may also alter depiction of reality 

in comparison to standard FDA users. Future researchers are encouraged to distribute questionnaires 

evenly among geographies and populations as a way to avoid bias resulting from cultural beliefs and 

social norms. 

Secondly, this research did not have access to real behavioral data from specific customers, 

resulting in a low number of behavior variables being used. As a consequence, these variables were 

collected mainly in survey questions as categorical data, sacrificing the impact of real, continuous 

behavioral data. It is highly recommended for future researchers to obtain sponsorship from an FDA 

company, as to nurture psychographic constructs with real RFM data that will most likely lead to richer 

business insights. 

Next, there is an opportunity for researchers and businesses aiming at having more defined 

clusters to apply this same methodology but reducing the number of variables. As discussed in the 

results, certain variables like ease of use, social influence and trust had low discriminatory power or 

implied less urgent business decisions. Removing them from the clustering set may shine light on 

segments with more concise and separated clusters – or even in new ways to visualize FDA customers. 

Lastly, soft clustering approaches were not used in this research, and hence, observations have a 

sole classification. As the data showed, the cluster overlap is high, meaning customers are more likely 

to belong to multiple classes instead of only one. Researchers are encouraged on using soft clustering 

approaches, like Gaussian models, to evaluate multi-class membership that may lead to more 

structured business suggestions for real world market segmentation situations. 
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8. APPENDIX 1 – STRUCTURAL EQUATION MODELING IN FDAS 

In their study aimed at understanding what factors drive FDA usage after the COVID-19 pandemic 

in China, Zhao and Bacao (2020) found that user satisfaction is the main variable influencing reuse. 

They based their study on three existing technology adoption frameworks, namely Expectancy 

Confirmation Model (ECM)
109

, Unified Theory of Use and Acceptance of Technology Model (UTAUT)
110

 

and Task-Technology Fit Model
111

. They concluded that perceived task-technology fit, trust, 

performance expectancy and social influence are all significant factors determining continuous usage. 

They were also able to show how effort expectancy and confirmation did not prove to be significant in 

having a direct relationship with usage, but rather affect one of the previously mentioned significant 

factors. On one hand, effort expectancy was found to be insignificant towards satisfaction and 

performance expectancy, while confirmation has an incidence in both of them. Figure 8.1 depicts the 

model of this study, with all hypotheses and results. 

 

 

Figure 8.1 – Zhao and Bacao’s Model and Hypothesis Results
112

. 

On another perspective, Roh and Park (2019) attempted to identify the impact of value systems 

and moral obligations on FDA adoption in South Korea. This was based largely on the belief that moral 

obligation restricts individuals from acting on convenience and that it has a symbolic sense to share a 

 

109 Expectancy Confirmation Model, known as ECM, is a model that uses three dimensions to evaluate the 
usage intention of technology. It is based on performance expectancy, confirmation and satisfaction. 

110 Unified Theory of Acceptance and Use of Technology model, known as UTAUT, is a model for explaining 
technology acceptance. It is based on performance expectancy, effort expectancy, facilitating conditions and 
social influence. 

111 Task-Technology Fit Model, known as TTF, is a model that evaluates technology adoption based on the 
fit between the information technology’s capabilities and the task that the user must perform. 

112 Taken from Zhao, Y., & Bacao, F. (2020). What factors determining customer continuingly using food 
delivery apps during 2019 novel coronavirus pandemic period?. International journal of hospitality management, 
91, 102683. 
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meal at home. Such restrictions may come from guilt of ordering food in comparison to preparing it at 

home, inclination towards meal cooking for family members, and existing negative perceptions of 

convenience food. Their study was based on existing models for technology adoption, such as the 

Technology Acceptance Model (TAM)
113

 and Innovation Diffusion Theory
114

, finding that people with 

high moral obligation are more resistant to their convenience-seeking impulses than people with low 

moral obligation, therefore, having less adoption intention of FDAs. In this study, high moral obligation 

was evaluated as being married, while low moral obligation was evaluated as being single. In addition, 

they managed to prove that intention is positively influenced by ease of use and usefulness, with an 

emphasis on the influence that compatibility and subjective norm apply on it. Likewise, ease of use is 

influenced by compatibility and convenience orientation, while usefulness is influenced by 

compatibility and subjective norm. Figure 8.2 shows the evaluated constructs and the results from the 

hypotheses testing. Significant differences were found between these married and single groups, with 

a higher effect of convenience orientation on compatibility, and compatibility on intention, in the 

singles group. Likewise, ease of use and usefulness were found to be highly significant in the married 

group in comparison to the singles sample. 

 

Figure 8.2 – Roh and Park’s Model and Path Analysis Results
115

.  

 

Yeo, Goh and Rezaei (2017) provided a complementary viewpoint in their Malaysian study about 

the structural relationships among previous consumer experiences, attitudes, and behavioral intention 

towards FDA. Constructs used in this research were based on the Technology Acceptance Model 

 

113 Technology Acceptance Model (TAM) describes a user’s attitudes and intentions to accept and use new 
technology. It is based in perceived usefulness and perceived ease of use.  

114 Innovation Diffusion Theory suggests that the innovation characteristics of technology drive its 
adoption, based on relative advantage, complexity, compatibility, trial ability, and observability. 

115 Taken from Roh, M., & Park, K. (2019). Adoption of O2O food delivery services in South Korea: The 
moderating role of moral obligation in meal preparation. International Journal of Information Management, 47, 
262-273. 
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(TAM), the Contingency Framework
116

 and the Extended Model of IT Continuance
117

. They managed to 

illustrate how the behavioral intention towards FDAs is influenced by the attitude of the person 

towards FDAs, with both of them having positive influence from convenience motivation and post 

usage usefulness. The two latter ones are themselves influenced by hedonic motivations, time saving 

orientation and price saving orientation. In addition, convenience motivation was also found to be 

influenced by prior online purchase experience, while post usage usefulness is not affected by this 

variable. Figure 8.3 displays the model of attitude and behavior tackled in the mentioned research, 

with all tested relationships. 

 

 

Figure 8.3 – Yeo, Goh and Rezaei’s Model Schema for Behavioral Intention 
118

.  

 

Moreover, Cho, Bonn and Li (2019) conducted an additional relevant study in China, where several 

quality attributes were tested with respect to their impact towards user perceived value, attitude and 

intention to use. It was concluded that there is a positive influence of convenience, design, 

trustworthiness and variety of food choices on perceived value, which itself influences both the 

attitude towards FDAs and the intention of further use. It was also detected that price did not have a 

relevant influence on this model, while trustworthiness was found to be the most significant attribute. 

Their analysis was extended to identify relevant changes in the model’s structure between single-

 

116 The Contingency Framework by Anderson and Srinivasan is a model showing support between 
satisfaction and loyalty in e-commerce environments, moderated by inertia, perceived value, trust, purchase size 
and convenience motivation. 

117 Extended Model of IT Continuance is an extended version of the Continuance Model proposed by Oliver 
in 1980, explaining the continuance behavior of technology by using the variables disconfirmation, post usage 
usefulness, satisfaction, IT self-efficacy and facilitating conditions. 

118 Taken from Yeo, V. C. S., Goh, S. K., & Rezaei, S. (2017). Consumer experiences, attitude and behavioral 
intention toward online food delivery (OFD) services. Journal of Retailing and Consumer Services, 35, 150-162 
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person and multi-person households. Findings point to a higher relevance of convenience and design 

in multi-person households, while price and variety are valued in greater proportion by single-person 

household users. Trustworthiness once more was identified as being very significant regardless of 

household composition. Figure 8.4 depicts the resulting model, with all tested relationships between 

constructs. 

 

 

Figure 8.4 – Cho, Bonn and Li’s Model and Hypothesis Results
119

. 

 

Furthermore, Ray et. al. (2019) endeavored to understand the motives that explain FDA adoption 

in India by evaluating the association between uses and gratification with intention to use. They based 

the evaluated constructs on the Uses and Gratification Theory
120

, measuring the influence on intention 

of convenience, customer experience, societal pressure, search of restaurants, delivery experience, 

listings, ease-of-use and quality control – as shown in Figure 8.5. They were able to prove the high 

importance of customer experience and ease of use, with search of restaurants falling closely behind. 

Likewise, they proved that listings had a negative but significant impact on intention. 

 

 

119 Taken from Cho, M., Bonn, M. A., & Li, J. J. (2019). Differences in perceptions about food delivery apps 
between single-person and multi-person households. International Journal of Hospitality Management, 77, 108-
116. 

120 Uses and Gratification Theory refers to a model explaining the uses and gratification behind a 
consumer’s choice of medium to satisfy needs. 
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Figure 8.5 – Ray, Dhir, Bala and Kaur’s Model and Hypothesis Results
121

. 

Additional relevant studies include Koiri, Mukherjee and Dutta’s (2019) model explaining the 

factors impacting FDA perception on consumers from the Indian city of Guwahati, where Time savings, 

Offers, Convenience and Payment Mode were found to be relevant. Variety seeking, which was also 

tested in this study, was found to be irrelevant for perception. Figure 8.6 shows the conceptual model 

from this study. Similarly, Nanaiah (2020) also designed and tested a model that intended to explain 

several factors influencing the ordering frequency in college students from the Indian city of Bangalore. 

This study found that there was a positive relationship between offers, discounts and delivery time 

with the frequency of FDA usage, while no relationship was found for the variables user design, number 

of registered restaurants and charged penalties. Figure 8.7 illustrates the research’s conceptual model. 

Also, Kim and Hwang (2020) contributed to this topic by providing insights from the formation of eco-

friendly behavioral intention towards using drone delivery services in FDAS from South Korea. This 

research was based on the Norm Activation Model
122

 and Theory of Planned Behavior
123

, integrating 

multiple constructs into a single model oriented at understanding drivers of the eco-friendly usage of 

drones. The research concluded stating that moral obligation and subjective norm are critical aspects 

that need to be triggered by companies pushing drone delivery services. Figure 8.8 shows the model 

of this research.   

 

Figure 8.6 – Koiri, Mukherjee and Dutta’s Conceptual Model for Perception
124

. 

 

121 Taken from Ray, A., Dhir, A., Bala, P. K., & Kaur, P. (2019). Why do people use food delivery apps (FDA)? 
A uses and gratification theory perspective. Journal of Retailing and Consumer Services, 51, 221-230. 

122 The Norm Activation Model, known as NAM, is a model that examines altruistic and eco-friendly 
behavioral intentions  

123 The Theory of Planned Behavior, known as TPB, is a theory relating behavior to beliefs through 
constructs such as attitude, subjective norms and perceived behavioral control. 

124 Adapted from Koiri, S. K., Mukherjee, S., & Dutta, S. (2019). A Study on Determining the Factors 
Impacting Consumer Perception Regarding the Online Food Delivery Apps in Guwahati. GIS Business, 14. 
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Figure 8.7 – Nanaiah’s Conceptual Model for Frequency of Ordering
125

. 

 

 

Figure 8.8 – Kim and Hwang’s Model Results for Eco-Friendly Behavioral Intention
126

. 

 

Jeon, Kim and Jeong (2016) performed a complementary study where they intended to discover 

the relationship between service quality attributes of FDAS with the emotional response and 

willingness to use in South Korean residents. In order to understand this relationship, the research 

 

125 Adapted from Nanaiah, P. N. (2020). A Study on Consumer Behaviour and the Impact of Food Delivery 
Apps on the College Students in Bangalore. International Journal of Research in Engineering, Science and 
Management, 3(3), 462-466. 

126 Taken from Kim, J. J., & Hwang, J. (2020). Merging the norm activation model and the theory of planned 
behavior in the context of drone food delivery services: Does the level of product knowledge really matter?. 
Journal of Hospitality and Tourism Management, 42, 1-11. 



84 

 

team based their constructs on the PAD theory
127

, specifically pleasure and arousal. It was concluded 

that the design and sympathy attributes in FDA service quality influences positively arousal, even 

though arousal was found to have no effect on willingness to use. The reliability and design attributes 

were concluded to have an influence over pleasure, with pleasure – along with informativity and 

mobility – having a positive influence on willingness to use. The conceptual model of this research is 

shown in Figure 8.9. 

 

 

Figure 8.9 – Jeon, Kim and Jeong’s Conceptual Model for Willingness to Use
128

. 

 

Gunden, Morosan and DeFranco (2020) presented another interesting model, which consisted on 

explaining what persuades an American customer to use FDAs. Based on the Theory of Persuasive 

Information on Information Systems
129

, the researchers hypothesized on the influence of utilitarian 

and hedonic web browsing on persuasion, as well as the effects of price orientation and social 

influences on this same variable. It was found that all relationships in this model were highly significant, 

in exception of the link between utilitarian web browsing with persuasion. As a result, this research 

concluded that price saving orientation, hedonic web browsing, and social influence are all strong 

predictors for persuasion in the FDA context. Figure 8.10 shows the results of this model.  

 

127 PAD stands for Pleasure, Arousal and Dominance, and it consists of an emotional state model.  
128 Taken from Jeon, H. M., Kim, M. J., & Jeong, H. C. (2016). Influence of smart phone food delivery apps' 

service quality on emotional response and app reuse intention-Focused on PAD theory. Culinary science and 
hospitality research, 22(2), 206-221. 

129 The theory of persuasive information on Information Systems states that consumers can be influenced 
by Information Systems into changing initial behaviors in a non-coercive manner. This is achieved through the 
interactions between the user and the Information System, which are easy to achieve and are designed with 
endogenous intent. 
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Figure 8.10 – Gunden, Morosan and DeFranco’s Model and Results for Persuasion
130

. 

 

Choi (2020) sought to understand the drivers behind the reuse intention of FDAs in consumers 

from South Korea. Based on the Technology Acceptance Model, the constructs perceived ease of use 

and perceived usefulness were modeled against intention to reuse, along with the added constructs 

of familiarity and satisfaction. It was found that familiarity leads to positively increasing both the 

perceived ease of use and perceived usefulness, with perceived ease of use itself having a positive 

influence over perceived usefulness. However, perceived ease of use did not have a significant 

influence over satisfaction, while perceived usefulness and familiarity both did. Regarding reuse 

intention, it was found that familiarity, satisfaction, and perceived usefulness all have a positive 

influence on this behavior, with satisfaction being the strongest predictor. Overall, the results from 

this research point out that users that feel more familiar with an application are less likely to switch to 

a competitor app, having a higher feeling of satisfaction, and therefore, are more likely to continue 

using it. Figure 8.11 shows the model’s schema and results.  

 

 

130 Taken from Jeon, H. M., Kim, M. J., & Jeong, H. C. (2016). Influence of smart phone food delivery apps' 
service quality on emotional response and app reuse intention-Focused on PAD theory. Culinary science and 
hospitality research, 22(2), 206-221. 
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Figure 8.11 – Choi’s Model and Results for Reuse Intention
131

. 

 

Lee, Sung and Jeon (2019) also contributed to the understanding of continuous FDA usage in South 

Korea by attempting to explain continuous use intention with constructs derived from the Unified 

Theory of Acceptance and Use of Technology 2
132

 (UTAUT2) model. Even more, they decided to expand 

the model’s constructs with the factor information quality anteceding continuous intention, 

performance expectancy and effort expectancy. This construct was included because it is recognized 

as being a fundamental factor for building trust. They concluded that continuous intention was driven 

by performance expectancy, habit and social influence, with information quality having an indirect 

incidence through performance expectancy. As such, it was affirmed that the perceived usefulness a 

user has based on app design and reliable information leads to higher usage as the real benefits, like 

time saving or cuisine variety, become tangible. Figure 8.12 shows the conceptual model and results 

from this research. 

 

 

131 Taken from Choi, J. C. (2020). User Familiarity and Satisfaction With Food Delivery Mobile Apps. SAGE 
Open, 10(4), 2158244020970563. 

132 The Unified Theory of Acceptance and Use of Technology 2 is an augmented version of the UTAUT 
model that includes psychological and cognitive factors, like value, price habit and hedonic motivation. 
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Figure 8.12 – Lee, Sung and Jeon’s Model and Results for Reuse Intention
133

. 

 

In addition, Verma (2020) used the Stimulus-Organism-Response Theory
134

 and the Consumer 

Value Theory
135

 to design a model that explains purchase intention on Indian FDAs using transaction 

reliability as an antecedent. Likewise, transaction reliability is mapped to having product presentation, 

product availability and ease of use as stimuli anteceding it. On top of that, the research aimed at 

understanding differences in these relations between the male and female gender. The entire model 

was tested and supported, in exception of the influence of product availability over transaction 

reliability. It was also concluded that males have a higher perception of transaction reliability with 

better presentation and ease of use, while females perceive abundance in product availability with 

better presentation. The study suggests that food presentation on mobile devices generates a sense 

of product availability, which itself eases the use of the application. It also concluded that gender is a 

moderator for mediation effects. Figure 8.13 shows the structural model and hypotheses results of 

this research. 

 

 

133 Taken from Lee, S. W., Sung, H. J., & Jeon, H. M. (2019). Determinants of continuous intention on food 
delivery apps: extending UTAUT2 with information quality. Sustainability, 11(11), 3141. 

134 The Stimulus-Organism-Response Theory, known as SOR, is a theory stating that it is possible to 
stimulate user’s emotions and internal state to obtain desired behavioral responses.  

135 Consumer Value Theory, known as CVT, is a theory stating that purchase intention is influenced by 
what consumers believe they get from using a service, namely the perceived utility and epistemic values.  
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Figure 8.13 – Verma’s Structural Model and Results for Purchase Intention
136

. 

 

Finally, Belanche, Flavián and Perez-Rueda (2020) created a model based in the Theory of Planned 

Behavior to explain both intention to use FDAs and intention to spread references about an FDA. 

Specifically, the constructs attitude, subjective norms, perceived control, security and app lifestyle 

compatibility were modeled and tested on citizens from the United States. This was performed along 

with the demographic variables age, gender and occupation, which fulfilled the role of control 

variables. Multiple relations were supported, allowing the research team to conclude that both 

attitude and subjective norms have a strong prediction power regarding intention to use and on word 

of mouth. Regarding intention to use, it is also influenced positively by the customer’s lifestyle 

compatibility, while word of mouth intention is influenced by security. Interestingly, it was also 

concluded that older customers need to perceive control over the application before manifesting an 

interest to recommend it. The model tested by the authors is shown in Figure 8.14. 

 

 

136 Taken from Lee, S. W., Sung, H. J., & Jeon, H. M. (2019). Determinants of continuous intention on food 
delivery apps: extending UTAUT2 with information quality. Sustainability, 11(11), 3141. 
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Figure 8.14 – Belanche, Flavián and Perez-Rueda’s Structural Model and Results for Purchase 

Intention
137

. 

 

In addition, Table 8.1 summarizes the conclusions of the relevant complementary studies 

previously mentioned in the Literature Review. Conclusions form these models are used as clustering 

variables in section 3 and detailed in Appendix 2. 

 

Table 8.1 – Conclusions of Complementary Studies on FDAs
138

 

 

137 Taken from Belanche, D., Flavián, M., & Pérez-Rueda, A. (2020). Mobile Apps Use and WOM in the 
Food Delivery Sector: The Role of Planned Behavior, Perceived Security and Customer Lifestyle Compatibility. 
Sustainability, 12(10), 4275. 

138 Adapted from Ray, A., Dhir, A., Bala, P. K., & Kaur, P. (2019). Why do people use food delivery apps 
(FDA)? A uses and gratification theory perspective. Journal of Retailing and Consumer Services, 51, 221-230 
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9. APPENDIX 2 – RELEVANT MODELS INVOLVING FOOD DELIVERY APPLICATIONS  

 

Research 
Objective Author(s) Country Explained Variables Identified Relevant Relations Discarded Relations 
Understanding 
factors that 
influence 
continuous 
usage of FDAs 
after COVID 19 
pandemic. 

Zhao and 
Bacao 
(2020) 

China Continuance Intention 
Satisfaction 
Performance Expectancy 

Confirmation - Satisfaction 
Confirmation - Performance Expectancy 
Perceived Task Technology Fit - Performance Expectancy 
Perceived Task Technology Fit - Continuance Intention 
Social Influence - Satisfaction 
Social Influence - Continuance Intention 
Trust - Satisfaction 
Trust - Continuance Intention 
Performance Expectancy - Satisfaction 
Performance Expectancy - Continuance Intention 
Satisfaction - Continuance Intention 

Effort Expectancy - Continuance Intention 
Effort Expectancy - Performance Expectancy 
Effort Expectancy - Satisfaction 

Evaluating the 
influence of 
moral 
obligations in 
FDA adoption. 

Roh and 
Park 
(2019) 

South 
Korea 

Intention to use FDAs 
Usefulness 
Ease of Use 
Compatibility 

Ease of use - Usefulness 
Ease of use - Intention 
Usefulness - Intention 
Compatibility - Ease of use 
Compatibility - Usefulness 
Compatibility - Intention  
Convenience orientation - Ease of Use 
Convenience orientation - Compatibility (single) 
Subjective norm - Compatibility 
Subjective norm - Usefulness 
Subjective norm - Intention 

Convenience orientation - Compatibility (married) 
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Explaining the 
structural 
relationships 
between 
consumer 
experiences, 
attitudes and 
behavioral 
intention 
towards FDAs. 

Yeo, Goh 
and 
Rezaei 
(2017) 

Malaysia Behavioral intention 
Attitude towards OFD  
Convenience Motivation 
Post-usage Usefulness 

Hedonic Motivations - Convenience Motivation 
Hedonic Motivations - Post-usage Usefulness 
Prior Online Purchase Experience - Convenience 
Motivation 
Time Saving Orientation - Convenience Motivation 
Time Saving Orientation - Post-usage Usefulness 
Price Saving Orientation - Convenience Motivation 
Price Saving Orientation - Post-usage Usefulness 
Convenience Motivation - Post-usage Usefulness 
Convenience Motivation - Attitude towards OFD 
Convenience Motivation - Behavioral intention 
Post-usage Usefulness - Attitude towards OFD 
Post-usage Usefulness - Behavioral intention 
Attitude towards OFD services - Behavioral intention 

Prior Online Purchase Experience - Post-usage 
Usefulness 

Exploring 
quality 
attributes 
through 
perceptions, 
and 
understanding 
the difference 
between single 
and married 
individuals. 

Cho, Bonn 
and Li 
(2019)  

China Intention to continue using 
Perceived Value 
Attitude towards FDAs 

Convenience - Perceived Value 
Design - Perceived Value 
Trustworthiness - Perceived Value 
Various food choices - Perceived Value 
Perceived Value - Attitude 
Perceived Value - Intention 
Attitude towards FDAs - Intention 

Price - Perceived Value 

Understanding 
the motives 
behind FDA 
usage by 
associating 
uses and 
gratification to 
intention. 

Ray et. al. 
(2019)  

Not 
specified 

Intention to use Customer experience - Intention 
Search of restaurants - Intention 
Listing - Intention 
Ease of use - Intention 

Convenience - Intention 
Societal pressure - Intention 
Delivery experience - Intention 
Quality Control - Intention 
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Identifying 
factors 
influencing 
emotional 
response and 
willingness to 
use apps in the 
surge of food 
delivery 
services. 

Jeon, Kim 
and Jeong 
(2016)  

South 
Korea 

Reuse intention 
Arousal 
Pleasure 

Design - Arousal 
Sympathy - Arousal 
Design - Pleasure 
Reliability - Pleasure 
Informativity - Use intention 
Mobility - Use intention 
Pleasure - Use intention 

Informativity - Arousal 
Mobility - Arousal 
Reliability - Arousal 
System Capability - Arousal 
Informativity - Pleasure 
Mobility - Pleasure 
Sympathy - Pleasure 
System Capability - Pleasure 
Design - Use intention 
Reliability - Use intention 
Sympathy - Use intention 
System Capability - Use intention 
Arousal - Use intention 

Explaining the 
drivers behind 
ecofriendly 
behavior 
intention of 
drone food 
delivery 
services. 

Kim and 
Hwang 
(2020)  

South 
Korea 

Eco-behavioral intention 
Attitude 
Personal Norm 
Ascribed Personality 

Problem awareness - Ascribed responsibility 
Ascribed responsibility - Personal norm 
Personal norm - Behavioral intentions 
Attitudes - Behavioral intentions 
Subjective norm - Behavioral intentions 
Perceived behavioral control - Behavioral intentions 
Problem awareness - Attitude 
Subjective norm - Personal norm 

 

Exposing the 
relationship 
between 
consumer 
persuasion and 
available 
information in 
FDAs. 

Gunden, 
Morosan 
and 
DeFranco 
(2020)  

United 
States 

Persuasion 
Utilitarian web browsing 
Hedonic web browsing 

Price saving orientation - Utilitarian web browsing 
Price saving orientation - Hedonic web browsing 
 Hedonic web browsing - Persuasion 
Social Influence - Persuasion 

Utilitarian web browsing - Persuasion 
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Examining 
relationships 
between reuse 
intention and 
familiarity, 
satisfaction, 
perceived ease 
of use and 
perceived 
usefulness. 

Choi 
(2020) 

South 
Korea 

Reuse Intention 
Perceived Usefulness 
Perceived ease of use 
Satisfaction 

Familiarity - Reuse Intention 
Familiarity - Perceived ease of use 
Familiarity - Perceived Usefulness 
Familiarity - Satisfaction 
Perceived ease of use - Perceived Usefulness 
Perceived Usefulness - Reuse Intention 
Perceived Usefulness - Satisfaction 
Satisfaction - Reuse Intention 

Perceived ease of use - Satisfaction 

Identifying the 
key 
determinants 
that affect use 
intention of 
FDAs, using the 
UTAUT2 model. 

Lee, Sung 
and Jeon 
(2019) 

South 
Korea 

Continuous intention 
Performance expectancy 
Effort Expectancy 

Information quality - Performance expectancy 
Information quality - Effort Expectancy 
Performance expectancy - Continuous intention 
Social influence - Continuous intention 
Habit - Continuous intention 

Information quality - Continuous intention 
Effort Expectancy - Continuous intention 
Facilitating Conditions - Continuous intention 
Hedonic motivation - Continuous intention 
Price value - Continuous intention 

Examining how 
FDAs affect 
user's cognitive 
and affective 
states, along 
with 
subsequent 
behavior.  

Verma 
(2020) 

India Purchase Intention 
Transaction Reliability 

Presentation - Product Availability 
Product Availability - Ease of use 
Presentation - Transaction Reliability 
Ease of Use - Transaction Reliability 
Transaction Reliability - Purchase Intention 

Product Availability - Transaction Reliability 

Analyzing the 
factors 
impacting FDA 
consumer 
perception. 

Koiri, 
Mukherje
e and 
Dutta 
(2019)  

India Perception Convenience - Perception 
Mode of Payment - Perception 
Time saving - Perception 
Offers - Perception 

Variety Seeking - Perception 
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Understandin
g the main 
motivations 
leading 
consumers to 
use and 
recommend 
FDAs. 

Belanche, 
Flavián 
and 
Perez-
Rueda 
(2020)  

United 
States 

Intention to use 
WOM Intention 

Attitude - Intention to use 
Subjective norm - Intention to use 
App Lifestyle compatibility - Intention to use 
Occupation - Intention to use 
Attitude - WOM Intention 
Subjective norm - WOM Intention 
Security - WOM Intention 
Age - WOM Intention 
Intention to use - WOM Intention 

Perceived Control - Intention to use 
Security - Intention to use 
Age - Intention to use 
Gender - Intention to use 
Perceived Control - WOM Intention 
App Lifestyle compatibility - WOM Intention 
Gender - WOM Intention 
Occupation - WOM Intention 

Comprehendi
ng the factors 
influencing 
FDA usage 
frequency. 

Nanaiah, 
2020 

India Ordering Frequency  Offers & discounts - Ordering Frequency 
Delivery time - Ordering Frequency  

Restaurant options - Ordering Frequency  
User interface - Ordering Frequency  
Penalties charged - Ordering Frequency  
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10. APPENDIX 3 – ELECTRONIC QUESTIONNAIRE  
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11. APPENDIX 4 – CLUSTER TENDENCY ASSESSMENT  
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12. APPENDIX 5 – SPECIFICATIONS FOR EVALUATING MODELING TECHNIQUES  
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