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Abstract      

 

The aim of this study is to understand consumers’ acceptance of future My Data based preventive 

eHealth services so that service designers can develop and market services that are user-driven and 

attractive to consumers. One of the most discussed benefits of My Data is to combine it with health 

services to empower consumers to actively participate in preventive health behavior and self-

management that could increase the general health of citizens and lead to turn down the costs of 

public health care. 

 

However to reach their fullest potential and nationwide adoption, it is crucial to understand also the 

consumer perspective to these new health care solutions. Thus to address this research problem, 

factors affecting consumers’ acceptance of new technology and factors affecting consumers’ intention 

to engage in preventive health behavior will be investigated. In addition, since My Data based 

preventive eHealth services include new technologies that are still unfamiliar to the wider population 

and aim for significant changes in life-styles of consumers, barriers to the acceptance of these services 

will be investigated.  

 

This research was conducted using quantitative methods. First, a literature review on previous 

research in preventive eHealth services, technology acceptance and health behavior was conducted. 

Based on the literature review, 13 hypothesizes along with sub-hypothesizes were created that again 

formed the framework of the research. Hypothesizes and research framework were tested by 

conducting a quantitative survey. Data for this study was gathered with a web based survey where the 

link was sent to the email addresses of the staff and student of the University of Oulu. 855 responses 

were analyzed with SPSS statistics program using confirmatory factor analysis and regression 

analysis. 

 

Based on the survey data analysis, seven direct factors (Performance Expectancy, Effort Expectancy, 

Social Influence, Facilitating Conditions, Habit, Vulnerability and Self-Efficacy – technology use) 

that affect consumers’ Behavioral Intention to use future My Data based preventive eHealth services 

were identified. In addition, two factors that affect Behavioral Intention through other factors 

(Severity and Self Efficacy – healthy behavior) were identified. Significant Barriers to the acceptance 

of future My Data based preventive eHealth services were Resistance to change and personal 

impediments. Thus the research complements the Unified theory of acceptance and use of technology 

2 (UTAUT 2) with the health protective behavior factors Self-Efficacy, Threat Appraisals and 

Barriers and adapts the model into future My Data based preventive eHealth acceptance context. 
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Additional information     

 



 

 

CONTENTS 

 
1 INTRODUCTION............................................................................................... 8 

1.1 Background and purpose of the study ..................................................... 8 

1.2 Research objective and research questions............................................ 10 

1.3 Relation to previous literature and research methodology .................. 11 

1.4 Key concepts ............................................................................................. 12 

1.5 Structure of the research ......................................................................... 13 

2 CONSUMER ACCEPTANCE OF FUTURE MY DATA BASED 

PREVENTIVE EHEALTH SERVICES......................................................... 15 

2.1 My Data ..................................................................................................... 15 

2.2 Preventive eHealth Services .................................................................... 16 

2.2.1 Benefits ........................................................................................... 17 

2.2.2 Functions ......................................................................................... 18 

2.2.3 Challenges ....................................................................................... 19 

2.3 Background of Consumer Acceptance and Use of Technology ........... 20 

2.3.1 Theory of Reasoned Action and Technology Acceptance Model .. 20 

2.3.2 Other prominent theories of technology adoption .......................... 25 

2.3.3 The Unified Theory of Acceptance and Use of Technology .......... 26 

2.4 Health behavior theories.......................................................................... 27 

2.4.1 Health Belief Model ........................................................................ 28 

2.4.2 Protection Motivation Theory ......................................................... 29 

2.4.3 Social Cognitive Theory ................................................................. 30 

2.4.4 Uniformity of Health behavior theories and contribution to UTAUT 

2 ...................................................................................................... 30 

2.5 The model of Consumer acceptance of My Data based preventive 

eHealth services ....................................................................................... 32 

2.5.1 Performance Expectancy ................................................................ 34 



 

 

2.5.2 Effort Expectancy ........................................................................... 35 

2.5.3 Social Influence .............................................................................. 36 

2.5.4 Facilitating Conditions .................................................................... 37 

2.5.5 Hedonic Motivation ........................................................................ 38 

2.5.6 Habit ................................................................................................ 39 

2.5.7 Self-Efficacy ................................................................................... 41 

2.5.8 Threat Appraisals ............................................................................ 43 

2.5.9 Barriers ............................................................................................ 44 

2.5.10 Proposed model of Consumer acceptance of future My Data based 

preventive eHealth services ............................................................ 45 

3 RESEARCH METHODOLOGY .................................................................... 47 

3.1 Research design and philosophy ............................................................. 47 

3.2 Research methods ..................................................................................... 47 

3.3 Data gathering .......................................................................................... 48 

4 EMPIRICAL ANALYSIS ................................................................................ 51 

4.1 Overview of the sample data ................................................................... 51 

4.2 Factor Analysis ......................................................................................... 56 

4.3 Regression analysis................................................................................... 59 

4.3.1 Regression Analysis for Direct Variables ....................................... 59 

4.3.2 Regression Analysis for the interdependencies of health behavior 

factors ............................................................................................. 62 

4.4 Moderating effect of Age, Gender and Experience on the direct 

variables ................................................................................................... 63 

4.4.1 Moderating effect of Age ................................................................ 63 

4.4.2 Moderating effect of Gender ........................................................... 64 

4.4.3 Moderating effect of Experience .................................................... 65 

4.5 Empirical Results ..................................................................................... 65 

4.5.1 H1: Performance Expectancy ......................................................... 65 



 

 

4.5.2 H2: Effort Expectancy .................................................................... 66 

4.5.3 H3: Social Influence ....................................................................... 67 

4.5.4 H4: Facilitating Conditions ............................................................. 67 

4.5.5 H5: Hedonic Motivation ................................................................. 68 

4.5.6 H6: Habit ......................................................................................... 69 

4.5.7 H7, H8 and H9: Self-Efficacy ......................................................... 69 

4.5.8 H10, H11 and H12: Threat Appraisals ........................................... 71 

4.5.9 H13: Barriers ................................................................................... 73 

4.5.10 Confirmed model of Consumer acceptance of future My Data based 

preventive eHealth services ............................................................ 74 

5 CONCLUTIONS ............................................................................................... 76 

5.1 Theoretical implications .......................................................................... 76 

5.2 Managerial implications .......................................................................... 81 

5.3 Research validity and reliability ............................................................. 83 

5.4 Limitations ................................................................................................ 84 

5.5 Suggestions for future research .............................................................. 85 

 



 

 

FIGURES 

Figure 1. Structure of the research. ........................................................................................... 14 

Figure 2. Theory of Reasoned Action (Davis, Bagozzi & Warshaw 1989). ............................ 21 

Figure 3. Technology Acceptance Model (TAM). Adapted from Davis et al. (1989). ........... 23 

Figure 4. The Unified Theory of Acceptance and Use of Technology 2 model. Adapted from 

Venkatesh et al. (2012). ............................................................................................................... 27 

Figure 5. Proposed model of Consumer acceptance of future My Data based preventive 

eHealth Services. ......................................................................................................................... 46 

Figure 6. Confirmed model of Consumer acceptance of future My Data based preventive 

eHealth services. .......................................................................................................................... 75 

 

TABLES 

Table 1. Overview of the technology acceptance and health behavior theories ..................... 32 

Table 2. Gender distribution in the sample. ............................................................................. 51 

Table 3. Age distribution in the sample. .................................................................................... 52 

Table 4. Experience of the more popular preventive eHealth related technologies. ............. 52 

Table 5. Experience of the less popular preventive eHealth related technologies. ................ 53 

Table 6. Mean scores for the respondents’ overall health attitude in the sample data. ........ 53 

Table 7. Mean scores for the respondents’ overall health monitoring behavior in the sample 

data. .............................................................................................................................................. 54 

Table 8. Mean scores for the respondents’ overall preventive health behavior in the sample 

data. .............................................................................................................................................. 55 

Table 9. Frequencies for the respondents’ health goal in the sample data. ............................ 55 

Table 10. KMO and Bartlett’s Test for UTAUT 2 factors....................................................... 56 

Table 11. KMO and Bartlett’s Test for Mediating process of health protection motivation 

factors ........................................................................................................................................... 56 

Table 12. Factor Loadings and Cross-loadings for the Mediating process of health protection 

motivation .................................................................................................................................... 57 

Table 13. Factor loadings and cross-loadings for UTAUT 2 ................................................... 58 

Table 14. Cronbach’s Alpha test for direct variables .............................................................. 59 

Table 15. Regression Analysis for Direct Variables ................................................................. 60 

https://d.docs.live.net/8829e8a0dcd16022/Asiakirjat/GRADU_melkein%20valmis.docx#_Toc419711969


 

 

Table 16. Regression analysis for direct variable of the final model ...................................... 61 

Table 17. Regression Analysis for the effect of Threat Appraisals and Self-Efficacy on 

Barriers. ....................................................................................................................................... 62 

Table 18. Regression Analysis for the effect of Threat Appraisals and Self-Efficacy on 

Performance Expectancy. ........................................................................................................... 63 

Table 19. Moderating effect of Age on UTAUT 2 factors and Barriers ................................. 64 

Table 20. Moderating effect of Gender on UTAUT 2 factors .................................................. 64 

Table 21. Moderating effect of Experience ............................................................................... 65 



8 

 

1 INTRODUCTION 

This is a Master’s thesis in a field of marketing focusing on consumers’ acceptance of 

future My Data based preventive eHealth services. The aim of the study is to 

investigate what factors affect Finnish consumers’ of working age intention to use My 

Data based preventive eHealth services in the future. The goal is to provide insights 

that help service designers to develop and market user driven and attractive My Data 

based preventive eHealth services to consumers. In the following chapter, background 

and purpose of the research will be explained along with the research questions, key 

concepts and the research framework. 

1.1 Background and purpose of the study 

Constantly increasing health care costs have led countries and health care providers to 

the point where the system must be reinvented. At the same time, increasing amount 

of new ways to monitor health and wellbeing have made it possible for society to start 

moving health care more towards personalized, preventive and participatory emphasis. 

(Tekes 2014.) Digital and mobile technologies available for consumers like 

pedometers, accelerators, hearth-rate measurement instruments and GPS-trackers are 

empowering consumers to analyze bodily and mental functioning that once was the 

privilege of health professionals (Pantzar & Ruckenstein 2015). To reach this goal and 

let individuals to take more responsibility of their own health, it is important to liberate 

the data that organizations have in their possession about the consumers’ behavior 

(Tekes 2014). The solution to the liberation of data is the development of My Data 

network, a systemic change to human centered way of organizing personal data 

(including health data) held by different organizations and service providers.  

The idea behind My Data is to connect consumer databases of organizations with 

information technology, applications and devices that gather personal data from the 

individual and give the control over this data back to the individuals. Thus individuals 

could utilize personal data to learn, how their current behavior affects their own health 

and again change their behavior toward a preventive direction and self-management. 

Companies on the other hand, could develop applications and services that utilize 

personal data to empower consumers to take preventive health actions and educate 
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them about their own behavior in a personalized way. The development of My Data 

has already started internationally e.g. in USA and Great Britain and also Finland is 

developing its own My Data network. The advantage in Finland is that its high 

education level combined with highly developed information technology 

infrastructure provides a fertile ground in a small country to develop new nationwide 

innovative solutions like My Data.  (Liikenne- ja viestintäministeriö 2014.) 

However to reach their fullest potential and nationwide adoption, it is crucial to 

understand also the consumer perspective to these new health care solutions. Thus it 

is a matter of consumer acceptance, which determines the final usage behavior and 

broadening of new health services into the daily lives of private households 

(Wilkowska & Ziefle 2011). According to Venkatesh, Thong and Xu (2012), consumer 

acceptance of a technology is determined by intention to use, which again leads to the 

actual use of the technology. Studying acceptance of new technologies prior to their 

final launch allows important changes to be made to the system before final judgment 

of a wider public. New technologies can sometimes not only intrude or irritate 

consumers by doing too much and too often but can also generate risks or even anxiety 

toward the technology. (Cocosila, Archer & Yan 2009.) Thus launching unfinished 

services before taking consumers’ perspectives account could possibly lead to an 

unwanted first impression of services that consumers perceive un-useful, irritating or 

even anxious. Again changing that first impression would require extra resources that 

can be avoided by studying consumer perspectives early prior to the launch. 

The focus of this study is to investigate what factors influence consumers’ intention to 

use My Data based preventive eHealth services prior the use. According to Venkatesh 

et al. (2012), intention to use a technology is a good predictor of the actual future use. 

Future My Data based preventive eHealth services will combine health information 

technologies, applications and wearable devices that collect health data from an 

individual and transfer it to common database, were individual has control over her 

own data and right to choose where to use the data (Liikenne- ja viestintäministeriö 

2014). Collecting health data from multiple devices and service providers enables 

health data to be analyzed more profoundly for the purpose of preventive behavior and 

self-management (Tekes 2014). The purpose of these services is to educate individual 

about daily behavior and how it affects her health status and also to give 
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recommendations to preventive actions or change in the behavior (Liikenne- ja 

viestintäministeriö 2014).  

In order for preventive eHealth to be successful, it is thus imperative to understand 

consumers’ point of view toward these services, so that the technologies, services and 

marketing campaigns can be matched to consumer needs (Jung & Berthon 2009). 

Before the potential components of preventive eHealth services that are most useful 

and attractive for consumers can be clarified, factors influencing the consumer 

acceptance must be identified (Wilson & Lankton 2004). In addition, since collecting 

and exchanging sensitive personal data of individuals’ between systems is an essential 

part of My Data based preventive eHealth services (Tekes 2014), it is important to 

understand consumers’ barriers to health information technology usage. This is crucial 

because attitudes and barriers can again influence perceived health care quality, choice 

of providers and consumers’ willingness to participate in health information exchange 

(Ancker, Silver, Miller & Kaushal 2012; Deng 2013). 

1.2 Research objective and research questions 

The aim of this study is to understand what factors affect consumers’ intention to use 

future My Data based preventive eHealth services, so that service designers can 

develop and market services that are user-driven and attractive to consumers. Thus the 

main research question is: 

What factors affect consumers’ acceptance of future My Data based preventive 

eHealth services? 

To answer the main research question, three sub-research question will be determined 

that together answer the main research question. First, since future My Data based 

preventive eHealth services include new technologies to the consumers, factors 

affecting consumers’ intention to use a technology will be investigated. Secondly, 

because preventive eHealth services aim for a behavioral change into healthier life-

style, factors affecting consumers’ intention to engage in preventive health behavior 

will be investigated. Finally, since individuals’ health is a very sensitive topic and My 

Data based preventive eHealth solutions that gather sensitive health data are 
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particularly new innovation to the wider population, significant barriers to the 

consumer acceptance of these services will be investigated. Thus the sub-research 

questions will be following: 

1. What factors affect consumers’ intention to use future My Data based 

preventive eHealth technologies? 

2. What factors affect consumers’ intention to engage in preventive health 

behavior? 

3. What barriers consumers’ have to the acceptance of future My Data based 

preventive eHealth services? 

1.3 Relation to previous literature and research methodology 

EHealth has recently received lots of attention in social sciences in the domain of 

Internet studies. However, only 3 % of these studies focusing on the acceptability of 

eHealth, makes user’s subjective evaluation of the tools an understudied domain. 

(Jiang, Wang, Peng and Zhu 2015.) This study will however address this gap by 

focusing on the user perspective and studying the acceptance of preventive eHealth 

services from the consumer point of view. 

Technology acceptance generally is also a relatively mature research area and has 

received plenty of attention in previous research (Venkatesh, Morris, Davis & Davis 

2003). The most popular theories in the study field have gathered lots of attention also 

in the study of eHealth acceptance (Deng 2013; Guo, Sun, Wang, Peng & Yan 2013; 

Rho, Kim, Chung, Choi 2014). However the most popular theories of technology 

acceptance used in the study of eHealth were originally developed to study technology 

acceptance in organizational context, which is why their fit for consumer preventive 

eHealth context can be argued (Venkatesh et al. 2012). Thus the framework for this 

study will be based on a theory developed for consumer technology acceptance 

context. In addition, this study will investigate the effect of moderating variables (age, 

gender and experience) that have generated less attention in previous studies of 

eHealth acceptance. 
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Several studies have also stated the need for health behavior theories to be applied in 

the study of eHealth acceptance (Riley, Rivera, Atienza, Nilsen, Allison & 

Mermelstein 2011; Sun, Wang, Guo & Peng 2013; West, Hall, Arredondo, Berrett, 

Guerra & Farrel 2013). Many health behavior theories state that individual will engage 

in health protective behavior as a result of perceived threat to a negative health 

condition and will to avoid that threat (Weinstein 1993; Bandura 2004). Since the 

objective of preventive eHealth services is to help consumers to maintain a healthy 

life, using them is similar to health protective behavior (Deng 2013). Previous 

literature on technology acceptance has also found that consumers can have negative 

perceptions against new information technologies that become barriers to the 

acceptance (Cocosila et al. 2009). To address this point, it is necessary to also 

investigate possible barriers to consumers’ acceptance of future My Data based 

preventive eHealth service. 

The research design of this study is quantitative research, which allows generalizable 

results to be made from the research data (Creswell 2009, 145). First a review of the 

previous research will be conducted that will form the basis for research hypothesizes 

and the research framework. The research framework and hypothesizes will then be 

tested by conducting a quantitative web based survey for the staff and students of the 

university of Oulu. Finally, the survey data will be analyzed with a confirmatory factor 

analysis and a regression analysis. Based on the results, research hypothesizes will be 

confirmed or rejected and the final research model will be confirmed. 

1.4 Key concepts 

Technology Acceptance: Intention to use a technology in the future, which in the end 

leads to the actual use of the technology (Venkatesh et al 2012). 

My Data: A human-centered way of organizing consumer data that allows individuals 

to manage, share and exchange their own data between different services (Liikenne- 

ja viestintäministeriö 2014). 

My Data based Preventive eHealth services: Information technologies, applications 

and wearable devices that are connected together to collect health data from 
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individuals into My Data network to educate and empower consumers to take part in 

preventive health behavior (Liikenne- ja viestintäministeriö 2014). 

Preventive health behavior: An action or course of action to improve health or prevent 

an unhealthy outcome (Rosenstock, Strecher & Becker 1988). 

1.5 Structure of the research 

The structure of the research will be following (see Figure 1). In the next chapter, a 

review of previous literature will be conducted to form the research framework and 

research hypothesizes. First the concept of My Data will be presented and previous 

research in preventive eHealth will be discussed to understand special characteristics 

of future My Data based preventive eHealth services. Next, previous research on 

technology acceptance, including the eight theories that where basis for the Unified 

Theory of Acceptance and Use of Technology (UTAUT) and UTAUT 2, will be 

reviewed to understand technology acceptance of consumers. In addition, three 

theories of health protective behavior will be reviewed to understand factors affecting 

consumers’ motivation and intention to engage in preventive health behavior. 

In the third chapter the research methodology will be discussed. First the research 

design and philosophy will be explained that are basis for the research methods chosen 

in this study. Also the data gathering methods will be explained and discussed. In the 

fourth chapter, the empirical data will be analyzed and the research hypothesizes will 

be confirmed or rejected to form the final research model. In the final chapter, the 

research results will be presented along with the theoretical and managerial 

implications. Also research limitations and suggestions for future research will be 

presented. 
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Figure 1. Structure of the research. 
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2 CONSUMER ACCEPTANCE OF FUTURE MY DATA BASED 

PREVENTIVE EHEALTH SERVICES 

In this chapter the concept of My Data will be described and a literature review of 

previous research in preventive eHealth services, technology acceptance and health 

behavior will be conducted. First future trends regarding the My Data and previous 

research on preventive eHealth services will be reviewed to understand specific 

characteristics of My Data based preventive eHealth services and technologies that 

might affect consumers’ willingness to use and accept these services. Next eight 

theories of technology acceptance that form UTAUT and in addition UTAUT 2 will 

be reviewed to understand how previous literature has discussed technology 

acceptance. Also three prominent theories used to explain health behavior will be 

reviewed to better understand factors that motivate consumers to take part in 

preventive health behavior and self-care. Finally based on the literature review, the 

research framework and hypothesizes will be constructed. 

2.1 My Data 

Today organizations have huge amount of data (Big Data) in their possession about 

consumers and consumer behavior that they have gathered from the transactions, credit 

card use, Internet search, clicking history etc. (Liikenne- ja viestintäministeriö 2014). 

However, at the moment only the organizations that control this consumer information 

are benefiting from the Big Data (Tekes 2014). Even though organizations are utilizing 

huge amounts of personal data gathered from consumers to gain profits, the individuals 

from whom the data is gathered, do not understand what information is gathered from 

them and how this information is utilized for example for recommendation in social 

media or for targeted advertising (Liikenne- ja viestintäministeriö 2014). According to 

US Federal Trade Commission, businesses today know as much or even more about 

the individuals than their family or friends and often this data is also gathered without 

the permission of the individuals (FTC 2014). 

The starting point of My Data in the future is anthropocentrism, where the operations 

of society are built around the human, opposite to the current trend where the human 

is reduced as a part of the system and the focus is in the operational precondition of 
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organizations. The goal is to develop application, service and business infrastructures 

that utilize personal data, into the direction where the individual has a central part in 

making the decisions about how her own data will be utilized. However, currently 

there has not yet been developed a mutual and open standard on how to deal with the 

personal data and yet no organization has the power to gather, handle and combine 

personal data from multiple service providers. Still, discussions about the benefits of 

My Data and development work to forward the utilization of My Data has already been 

started in countries like USA, Great Britain and also in Finland. (Liikenne- ja 

viestintäministeriö 2014.) 

One of the most discussed benefits of My Data is to combine it with health services to 

empower consumers to actively participate in preventive health behavior and self-

management that could increase the general health of citizens and lead to reduce costs 

of public health care (Tekes 2014). The applications and services built around the 

personal data would enable data based personalized feedback systems like exercise 

and nutrition monitoring. However, today it is not possible to exchange health data 

between different service providers because it is locked to the databases of different 

organizations.  My Data on the other hand would contribute these services by increase 

the amount of data available for more profound analysis of the individual health 

behavior, because data gathered from multiple services and applications could be 

connected together. (Liikenne ja viestintäministeriö 2014.) 

2.2 Preventive eHealth Services 

The concept of eHealth includes a number of different forms like health information 

technology, which is related to electronic health records (Ancker et al. 2013), eHealth 

services provided via mobile phones, personal digital assistants, satellite devices and 

other mobile devices that are called m-health (Deng 2013), mobile health management 

services (Hung & Jen 2012), mobile health monitoring services (Lee & Rho 2013) or 

mobile health care (Lin 2011). In this study the focus will however be on My Data 

based preventive eHealth services that are provided for consumers with different levels 

of health status to empower them to take part in preventive health behavior. 
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An essential part of preventive eHealth services is a personal health record that refers 

to a consumer governed systems that allow individuals to store, manage, share and 

access their own health data (Tang, Ash, Bates, Overhage, Sands 2006; Kahn, Aulakh 

& Bosworth 2009). This health data can again be combined with information 

technology to empower consumers to proactively take part in their own health 

management and preventive health behavior (Tang et al. 2006; Hung & Jen 2012). In 

addition they are useful tools for increasing health understanding and educating 

consumers to become better aware of their own health status (Kahn et al. 2009). 

2.2.1 Benefits 

The benefits of preventive eHealth are diverse including reduced costs for public 

health care as a result of increased health of consumers (Jung & Berthon 2009), 

empowerment of consumers to proactively take part in self-care (Hung & Jen 2012) 

and improved access for personalized health data (Tang et al. 2006; Ancker et al. 2013; 

Deng 2013). Because preventive eHealth services are linked to individually hold 

personal mobile devices, they provide a confidential and safe means to access delicate 

and personal health information (Deng 2013). 

Preventive eHealth services are useful tools to help an individual to adhere healthy 

behavior with timely reminders that encourage her in daily life to make choices that 

aim for a healthier lifestyle and better wellbeing (Hung & Jen 2012). Past research has 

also found that social networks and peer support can have significant effect in helping 

individual to reach better results in adopting health related behavioral change. With 

preventive eHealth services, the health data can be for example shared in social 

networks to obtain second opinions from other consumers in similar situations. This 

can again harness peer support and social influence as a supportive force that help 

individual to achieve her health goals. (Kahn et al. 2009.)  

Other benefits of preventive eHealth include improved communication between 

individual and her nutrition therapist, coach or even doctor with mutually shared health 

data and continuous communication despite time and place (Tang et al. 2006). This 

kind of interaction will thus, allow real time individualized preventive health care with 
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recommendations and reminders from health professional to the consumer (Lin 2011; 

Lee & Rho 2013). 

2.2.2 Functions 

Preventive eHealth systems range from the simplest stand-alone personal health record 

applications that consumers can buy from application stores in Internet and for which 

data is entered manually. (Tang et al. 2006.) With the more complex systems, the 

platform of personal health record is administered by an external organization like 

Google Health and can be linked to multiple applications that gather health data from 

the individual. The limitation with the more simple systems is that entering data 

manually to the personal health record is not only time consuming, but can also lead 

to errors and variance in information quality. These kind of systems that lack a reliable 

automation are neither convenient nor attractive to consumers and will eventually lead 

to low levels of adoption rates. (Kahn et al. 2009.) Also a significant limitation of 

stand-alone systems is that the individual might not be able to connect data from 

various applications of different providers and again cannot capitalize all relevant data 

to end up with optimal health solutions (Tang et al. 2006). Thus the goal of future My 

Data based preventive eHealth services is to enable connection of multiple applications 

and devices, which gather health data from an individual and provide individualized 

guidelines on how to affect her own health in a preventive way (Liikenne- ja 

viestintäministeriö 2014). 

Preventive eHealth service applications can include four kinds of interaction. (1) 

System-to-consumer interaction provides information to educate user about her own 

health status, reminders and alerts encourage individual to take preventive health 

actions like exercise. (2) Consumer-to-system connection allows individual to update 

new data to the system related to changes in health status for example if new allergies 

occur. (3) Consumer-to-consumer interaction promotes connection with other 

individuals via e-mail, group participation and social networking to provide peer 

support. (Kahn et al. 2009.) This is particularly important because group support from 

people having the same health issues have been found to positively affect individual’s 

health management motivation and ability (Rho et al. 2014). Finally, (4) system-to-

system interaction allows automatic data transfer between mobile health applications 
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and external personal health records to keep health information updated and accurate 

(Kahn et al. 2009). Microsoft Health Vault for example allows individual to gather 

health data from different applications and devices to an external heath database where 

this data can be managed and shared with family and health organizations (Microsoft 

2015). 

Personal health records can gather subjective data like manually entered and described 

symptoms and objective data like automatic blood pressure measurements. The 

reliability of individual entered data depends on the nature of the data, individual’s 

general literacy and health literacy and also motivation to enter the data. An ideal 

preventive eHealth service gathers health data from multiple sources and also visually 

demonstrates all these sources for the user (Tang et al. 2006). These sources could 

include clinical, financial and personal data for example from health organizations and 

providers including non-health organizations like work places, grocery stores and also 

from family members so that individual’s health behavior could be planned better. The 

goal is that consumers could have access to all the data gathered from their daily life 

by multiple applications in the Internet. (Kahn et al. 2009.)  

2.2.3 Challenges 

Even though there is strong belief that preventive eHealth will improve the quality of 

care, concerns related to for example the security and privacy of preventive eHealth 

services still exist especially in the consumer point of view (Ancker et al. 2013; Deng 

2013). Preventive eHealth services are new innovations that promote significant 

change in life-styles like monitoring of daily routines, which might cause negative 

reactions in consumers. Cognitive barriers like resistance to change and technology 

anxiety especially in the part of the elderly consumers have been found to have 

significant negative effect on the acceptance of preventive eHealth services (Guo et al. 

2013). Achieving significant health related outcomes requires a complete behavioral 

change in life-style, which again can be a challenge for many people and requires a lot 

of individual effort to success (Kahn et al. 2009). 

For the success of preventive eHealth and effective capitalizing of health related data 

it is necessary that consumers are willing to measure, store and manage their own 
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health data (Kim & Park 2012). Individuals however might not have enough 

motivation to maintain the health data updated and individuals’ manually entered data 

can have a poor quality (Tang et al. 2006). One of the main challenges related to 

preventive eHealth is also that yet there has not been developed a system where health 

data could freely flow between different organizations (Kahn et al. 2009). Individual 

health data today can be stored in multiple databases of different organizations, which 

restrains exploiting all the data for optimal health solutions (Tang et al. 2006). With 

mobile devices that are used to access preventive eHealth services via Internet, the 

different levels of information technology competence, Internet access for example in 

rural areas and consumer health literacy might cause challenges for the wider adoption 

of preventive eHealth services (Kahn et al. 2009). The challenge is to present the health 

data in an understandable way for users with different levels of health literacy so that 

it is possible to conduct health preventive actions based on this data. Consumers might 

not for example have sufficient motivation to improve their health literacy until they 

encounter a chronic disease. (Tang et al. 2006.) In order to develop effective consumer 

driven preventive eHealth services that provide enough benefits and are easy to use 

and learn, it is important to take account the factors affecting the behavioral intention 

to use these systems (Tang et al. 2006; Lin 2011; Kim & Park 2012; Rho et al. 2014).  

2.3 Background of Consumer Acceptance and Use of Technology 

Since preventive eHealth services include technologies that are new to a large part of 

consumers, it is important to understand factors affect consumers’ acceptance of new 

technologies. One of the most prominent theories used to study acceptance and use of 

new technologies is the Unified Theory of Acceptance and Use of Technology 

(UTAUT) by Venkatesh et al. (2003). In the following section, eight theories that were 

used to form UTAUT will be reviewed. In addition, since this study will investigate 

technology acceptance in consumer context, the extension of UTAUT to fit consumer 

context (UTAUT 2) will be reviewed. 

2.3.1 Theory of Reasoned Action and Technology Acceptance Model 

The roots of technology acceptance literature are in social psychology and behavioral 

sciences (Taylor & Todd 1995b; Venkatesh & Davis 2000; Venkatesh et al. 2003). 
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One of the first models adapted to user acceptance of technology was the Theory of 

Reasoned Action (Taylor & Todd 1995b), which was originally developed to explain 

human behavior generally in a wide range of contexts (Sheppard, Hartwick & 

Warshaw 1988). According to Theory of Reasoned Action (Figure 1), actual behavior 

is determined by behavioral intention. Thus, if a person intends to use a technology in 

the future, she will most probably actually use that technology in the future. Behavioral 

intention is affected together by individual’s subjective norm and attitude. Attitude is 

defined as individual’s positive or negative feeling related to performing a behavior 

(e.g. using a technology) and is determined by beliefs and evaluations about the 

consequences of performing the behavior. Subjective norm on the other hand is defined 

as individual’s perception of what important others (e.g. family and friends) think 

about performing the behavior and is determined by the perceived expectations of 

important others and motivation to comply with these expectations. (Ajzen & Fishbein 

1980 via Sheppard et al. 1988.) 

 
 

Figure 2. Theory of Reasoned Action (Davis, Bagozzi & Warshaw 1989). 

Even though widely adapted to consumer behavior, Theory of Reasoned Action has 

been criticized to have significant limitations in predicting individual behavior because 

it does not acknowledge choice situations with multiple options, predicting only a 

single behavior and also excludes individual goals from the model as determinants of 

behavior (Sheppard et al. 1988). As Theory of Reasoned Action is such a general 

model of behavior, it does not alone explain individual’s use behavior profoundly 
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enough to give a deep understanding of technology acceptance but provides a good 

basis for further theory development (Davis, Bagozzi & Warshaw 1989). 

Theory of Reasoned Action was later adapted by Davis (1989) to computer usage, who 

developed the Technology Acceptance Model (Figure 2), a theory explaining users’ 

acceptance in wide range of computer technology and end-user contexts (Davis et al. 

1989). The basic idea behind Technology Acceptance Model is to explore how 

external factors related to the target technology influence internal beliefs (usefulness 

and ease of use), attitudes and intentions toward technology use. Technology 

Acceptance Model differs from the Theory of Reasoned Action in that it excludes 

subjective norm from the model and proposes two new variables, which are perceived 

usefulness and perceived ease of use that again affect individual’s beliefs, attitudes and 

intentions. Perceived usefulness is determined as the degree in which a technology 

increases one’s ability to perform a behavior and perceived ease of use defines how 

easy the technology is to use. (Davis 1989.)  

The relationships between different factors in Technology Acceptance Model can be 

seen in Figure 3. Thus according to the theory, individual will first evaluates how 

useful and easy to use a technology is and then based on this association will form a 

positive or negative attitude towards it. Based on technology’s usefulness and the 

positive or negative attitude towards it, the individual will form intention to use the 

technology or reject it. (Davis et al. 1989.) The second determinant of intention in 

Theory of Reasoned Action, subjective norm was included again as the determinant of 

intention by Venkatesh and Davis (2000), who adapted the Theory of Planned 

Behavior into Technology Acceptance Model and introduced TAM 2 an extension of 

the original Technology Acceptance Model. 
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Figure 3. Technology Acceptance Model (TAM). Adapted from Davis et al. (1989). 

Theory of Reasoned Action was also extended into Theory of Planned Behavior to 

make the model fit situations where the individuals might differ in their perceived 

ability to perform a behavior like efficient use of a new technology. Theory of Planned 

Behavior includes an additional direct determinant of behavioral intention into the 

model called perceived behavioral control, which is determined as individual’s 

perceived ability to perform a behavior. Thus according to this theory, individual will 

formulate intention to use a technology based on her positive or negative attitude 

towards a technology, what important others think about the technology and how 

confident individual is in her ability to use that technology. (Taylor & Todd 1995b.) 

In their study of Technology Acceptance Model and Theory of Planned Behavior, 

Taylor and Todd (1995b) also introduce and test a decomposed Theory of Planned 

Behavior model, which is similar to the original Theory of Planned Behavior but 

decomposes the control beliefs associated with attitude, subjective norm and 

behavioral control into multi-dimensional belief structure. Thus it is a wider structure 

than the original Theory of Planned Behavior including the determinants of intention 

from Technology Acceptance Model in the control belief structure and incorporating 

also additional control beliefs. Taylor and Todd (1995b) argue that Technology 

Acceptance Model as a simpler model might be preferable for predicting the pure IT 

usage. On the other hand, they state that the decomposed model provides a deeper 

understanding of behavioral intention with the wider belief construct. In another 
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words, the decomposed Theory of Planned Behavior provides more factors for 

intention to do something in general but the Technology Acceptance Model provides 

a clear and easily understandable model to predict the intention and actual use of 

information technology. 

Taylor and Todd (1995a) also developed a model combining Technology Acceptance 

Model and Theory of Planned Behavior (C-TAM-TPB) to understand behavior of 

inexperienced IT users. In C-TAM-TPB, perceived usefulness and ease of use from 

Technology Acceptance Model are added to the Theory of Planned Behavior as 

determinants of attitude to provide a more complete understanding of IT usage. C-

TAM-TPB differs from the decomposed Theory of Planned Behavior in that it 

excludes the decomposed control belief structure used in the model. Additionally in 

C-TAM-TPB, perceived usefulness is a direct determinant of intention similar to 

Technology Acceptance Model. Thus the C-TAM-TPB combines the clear predictive 

power of Technology Acceptance Model in explaining IT usage with factors 

explaining behavior also in general level.  

Another theory with roots in psychology called the Motivational Model has also been 

adapted to information technology acceptance literature and combined with 

Technology Acceptance Model (Venkatesh, Speier & Morris 2002). Motivational 

Model proposes two distinct determinants that create motivation to use a technology 

called extrinsic motivation and intrinsic motivation. Extrinsic motivation measures 

individual’s perception of gaining rewards for using a technology and is similar to 

perceived usefulness in Technology Acceptance Model (Venkatesh et al. 2002; 

Venkatesh et al. 2003). Intrinsic motivation on the other hand presents enjoyment that 

individual perceives from using a technology, which is a new factor related to the 

theories explained above (Venkatesh et al. 2002). Thus the Motivational Model 

contributes the Technology Acceptance Model with a factor explaining the enjoyment 

generated from using a technology and extends its predictive power related to more 

entertaining information technologies. 

There are mixed findings in technology acceptance literature about the direct effect of 

intrinsic motivation on intention to use a technology. Venkatesh et al. (2002) found 

that intrinsic motivation is more important in understanding short-term acceptance or 
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rejection than direct intention to use a technology. Cocosila et al. (2009) on the other 

hand found that intrinsic motivation is even more important determinant of intention 

than extrinsic motivation in non-organizational setting. The results may however arise 

from the fact that participants for their study of mobile health application were young 

students with good health status. They conclude that Motivational Model is a good 

model especially for the early investigation of information technology acceptance 

since it captures the two main drivers of IT applications in general and does not study 

the use situation in details like Technology Acceptance Model for example with 

perceived ease of use factor. 

2.3.2 Other prominent theories of technology adoption 

Thompson and Higgins (1991) have introduced a competing theory for models adapted 

from Theory of Reasoned Action, which is called The Model of PC Utilization. This 

model points out six direct predictors of IT use called: job fit, complexity, long-term 

consequences, affect, social factors and facilitating conditions. Contrary to the 

theories developed from Theory of Reasoned Action, Thompson and Higgins (1991) 

studied only the use behavior of personal computers excluding the behavioral 

intention factor from the model. 

Moore and Benbasa (1991), adapted the Innovation Diffusion Theory to study 

individual acceptance of technology. In their model seven determinants of innovation 

diffusion where tested: relative advantages, ease of use, image, visibility, 

compatibility, result demonstrability and voluntariness of use. The proposed model 

proved to be useful tool in predicting early user acceptance of innovations.  

Compeau and Higgins (1995) adapted the Social Cognitive Theory to study 

individuals’ beliefs about their abilities to use computer technology competently and 

how it affects the use behavior. They conducted the first research to study impact of 

individuals’ self-efficacy on reaction to computer technology and found out that it is 

an important factor determining individual feelings and use of information technology. 
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2.3.3 The Unified Theory of Acceptance and Use of Technology 

In a study of Venkatesh et al. (2003), eight theories described above were compared 

and tested to form the Unified Theory of Acceptance and Use of Technology 

(UTAUT). The main goal for UTAUT was to combine the contributions of the 

fragmented and mature technology acceptance literature and to form a unified theory 

to explain the use and acceptance of technology of individuals. UTAUT incorporates 

four direct determinants of intention and use behavior that have significant effect on 

the use and acceptance of a technology: (1) performance expectancy, (2) effort 

expectancy, (3) social influence and (4) facilitating conditions. Performance 

expectancy is similar to perceived usefulness and effort expectancy to perceived ease 

of use in the Technology Acceptance Model. Social influence on the other hand is 

similar to subjective norm in the Theory of Planned Behavior and facilitating 

conditions is one control belief of behavioral control in the decomposed Theory of 

Planned Behavior. Facilitating conditions is a direct determinant of behavior in 

UTAUT and is determined as external conditions that help individual to perform a 

behavior. Also four key moderators for the direct determinants were confirmed in 

UTAUT namely: gender, age, experience and voluntariness of use. UTAUT explains 

up to 70 percent of the variance in intention, which is clearly more than any of the 

other theories presented above that ended up explaining approximately 40 percent of 

variance. (Venkatesh et al. 2003.) 

Since then, UTAUT, which is presented in figure 4, has been successfully adapted and 

tested in a wide range of contexts such as e-learning (Wang, Wu & Wang 2009), 

mobile wallets (Shin 2009) mobile banking and mp3 player usage (Im, Hong & Kang 

2011) and eHealth (Sun et al. 2013). Even though widely used, UTAUT has also been 

criticized because it was developed and tested to predict technology acceptance only 

in organizational context (Bowman, Carlsson, Molina-Castillo & Walden 2006). To 

close this gap, Venkatesh et al. (2012) updated and extended the original UTAUT to 

study technology acceptance and use in consumer mobile technology context and 

proposed UTAUT 2. The new model incorporates three new constructs: hedonic 

motivation, price value and habit. Hedonic motivation is determined as the enjoyment 

that individual perceives for using a technology, price value refers to the perceived 

value that exceeds monetary costs of using the technology and habit is determined as 
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the extent to which individual will perform a behavior automatically because of 

learning. The moderator perceived voluntariness of use is excluded from the UTAUT 

2 as an unnecessary factor for consumer context. (Venkatesh et al. 2012.) 

 

Figure 4. The Unified Theory of Acceptance and Use of Technology 2 model. Adapted from 

Venkatesh et al. (2012). 

2.4 Health behavior theories 

Intention to use preventive eHealth services is similar to the intention to engage in 

health protective behavior in sense that both aim to maintain a healthy life (Deng 

2013). Interactive technologies like preventive eHealth services that aim for behavioral 

change and promotion of healthier lifestyles for individuals will not be successful 

unless consumers have a sufficient motivation to use those systems and take 

advantages of them (Bandura 2004). Therefore it is crucial to apply theories of health 

behavior into the study of acceptance and use of preventive eHealth services. Similar 
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findings have been stated by Riley et al. (2011) who found evidence for the need of 

health behavior theories to be applied in the development of user centric eHealth 

technologies. Also West et al. (2013) found a similar need in their study of mobile 

phone diet applications. Three theories of health protective behavior namely Health 

Belief Model, Protection Motivation Theory and Social Cognitive Theory have been 

successfully adapted into preventive eHealth context by several researchers (Bandura 

2004; Kim & Park 2012; Deng 2013; Sun et al. 2013; Lee & Rho 2013). In the 

following, a review of these four theories will be conducted to gain a deeper 

understanding of what factors affect consumers’ motivation and intention to take part 

in preventive self-care and self-management and in contrast, what barriers consumers 

can possibly have to intention to engage in preventive health behavior and to 

technology acceptance. 

2.4.1 Health Belief Model 

Health Belief model was developed from social psychology and behavioral theories to 

help to understand why individuals do or do not engage in health related actions. The 

basic assumption behind the model is that an individual will either choose to engage a 

particular health related action or not, based on the desire to avoid an illness and the 

belief that a particular action will prevent the illness. (Janz & Becker 1984.) 

The original Health Belief Model consists of four basic factors: (1) perceived 

susceptibility (of getting a negative health condition), (2) perceived severity (of a 

possible negative health condition), (3) perceived benefits (of a particular action in 

preventing the negative health condition) and (4) perceived barriers (to taking a 

preventive health action) that affect individual health motivation and again intention 

to take the preventive action. (Janz & Becker 1984.) Thus according to the Health 

Belief Model, for an individual to engage in preventive health behavior she must have 

an incentive to take the action, feel threatened by current behavioral patterns and 

believe that the change will lead to valued outcomes at acceptable costs. Health Belief 

Model was later extended with self-efficacy factor by combining it with the Social 

Cognitive Theory. Self-efficacy is determined as the extent to which one believes that 

she is able to perform a behavior that leads to a valued outcome. Health Belief Model 

was initially developed to predict intention to engage in simpler health behavior like 
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one-time immunization or screening tests. Thus changing lifelong habits like eating, 

drinking or exercising is far more difficult process and requires a good confidence that 

one is able to make those changes before an intervention is possible. (Rosenstock et 

al. 1988.) In this respect the addition of self-efficacy improves Health Belief Model’s 

predictive power for intention to engage in behavioral change that is also necessary for 

the preventive eHealth services to work properly. Health Belief Model has been 

successfully adapted with the technology acceptance theories into eHealth acceptance 

research. For example Lin (2011) combined Technology Acceptance Model, 

innovativeness theory and Health Belief Model to study asthma care mobile services 

acceptance and found out that the combination of these three models improved 

significantly the predictive value of mobile health acceptance model. 

2.4.2 Protection Motivation Theory 

Protection Motivation Theory is a widely used model of disease prevention and health 

promotion. Originally developed to explain the effects of fear appeals on health 

attitudes and behavior, the model is very similar to Health Belief Model. It combines 

similar factors: severity, vulnerability, response cost, response efficacy and self-

efficacy. The main difference between the two models is that while Health Belief 

Model lists the variables contributing to behavioral intention, in the Protection 

Motivation Theory intention to take preventive health action is formed as a result of 

two cognitive processes. First the individual will evaluate possible threats (severity 

and vulnerability) of getting an illness and compare them to the intrinsic and extrinsic 

rewards of a negative behavior. Secondly the individual will evaluate her ability to 

cope with the threat (response efficacy, self-efficacy and response cost). As a result of 

the two processes, the protection motivation will be formulated, which again acts as a 

force to formulate intention to take the action. (Floyd, Prentice-Dunn & Rogers 2000.) 

Protection Motivation Theory has been successfully combined with the technology 

acceptance theories like UTAUT in prior research to study mobile health service 

acceptance (Sun et al. 2013). In addition, it has been found to account well for the 

intention to change behavior (Milne, Orbell & Sheeran 2002), which is also why it fits 

so well for the context of preventive eHealth services that promote behavioral change 

for heathier lifestyle.  
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2.4.3 Social Cognitive Theory 

As described above, Social Cognitive Theory has been successfully applied to the 

study of technology acceptance. However, the model has been successfully adapted 

also to the study of individual intention to engage in health protective behavior. 

According to Social Cognitive Theory six basic determinants affect health related 

behavior: knowledge of risks and benefits of health related actions, perceived self-

efficacy, outcome expectations about the costs and benefits of health related habits, 

individual goals and finally, perceived socio-structural barriers and facilitators for 

individual to make the change and achieve her goals. Self-efficacy is the central part of 

Social Cognitive Theory in that it affects the behavior directly and via other 

determinants. According to Bandura (2004), other theories of health behavior are 

predicting well individual’s health habits but that Social Cognitive Theory is the only 

theory to provide predictors and principles to guide individuals into a behavioral 

change.  

2.4.4 Uniformity of Health behavior theories and contribution to UTAUT 2 

Many studies have noted the fact that just like technology acceptance theories, also the 

most popular health behavior theories have more similarities than differences 

(Weinstein 1993; Floyd et al. 2000; Bandura 2004; Sun et al. 2013). Health Belief 

Model, Protection Motivation Theory, and Social Cognitive Theory all developed 

from social psychology are based on the same basic assumption that the expectation 

of a negative outcome and the desire to avoid that outcome will lead to a protective 

behavior (Weinstein 1993; Bandura 2004). Each of the models have factors 

representing some kind of threat that cause sufficient motivation to act and evaluation 

of outcomes for performing or not performing the act. Also all three models include a 

cost-benefit analysis that includes possible barrier for the act. (Weinstein 1993; 

Bandura 2004.) 

Self-efficacy was originally included only for the Protection Motivation Theory and 

for Social Cognitive Theory but later also to the Health Belief Model by Janz and 

Becker (1984). Social Cognitive Theory identifies socio-structural facilitators as a 

factor that has a positive effect on the behavior. Health Belief Model and Protection 
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Motivation Theory are not separating facilitating conditions as an individual factor 

(Rosenstock et al. 1988; Floyd et al. 2000). Health Belief Model and Social Cognitive 

Theory describe social factors with different terms. Health Belief Model states that for 

a person to make a decision to act, she must receive internal or external cues to action 

where the external cues represent the social factors (Janz and Becker 1984). In Social 

Cognitive Theory the expected social outcomes of a behavior represent social factors 

(Bandura 2004), but Protection Motivation Theory on the other hand does not 

explicitly present social factors as determinants of behavioral intention (Floyd et al. 

2000). It should also be noted that Health Belief Model is the only theory of these three 

that includes demographic variables like gender and age as part of the evaluation 

process that leads to the behavior. 

Health behavior theories complement UTAUT 2 model with three new variables: self-

efficacy, threat appraisals and barriers (see Table 1). Although excluded from the 

UTAUT as insignificant factor for technology acceptance in organizational context 

(Venkatesh et al. 2003), self-efficacy is an important factor in health behavior theories 

explaining individual’s confides in her ability to achieve health outcomes (Janz & 

Becker 1984; Floyd et al. 2000; Bandura 2004). Threat appraisals on the other hand 

play an important role in creating motivation to take action to avoid negative health 

outcome or to improve poor health condition (Floyd et al. 2000) while using preventive 

eHealth services. Finally, barriers to health protective behavior and use of preventive 

eHealth services explain wide variety of cognitive barriers related to lack of motivation 

and concerns toward technology use that can have significant negative affect on 

behavioral intention to use those systems. 



32 

 

 

2.5 The model of Consumer acceptance of My Data based preventive eHealth 

services 

The research model of this study will be based on the previous theories of technology 

acceptance and health behavior (see Table 1). Since the objective of this study is to 

investigate preventive eHealth service acceptance in consumer context, UTAUT 2, 
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which extends the original model UTAUT to fit in consumer context will be adapted 

to the research model. Many studies of preventive eHealth have stated the need for 

health behavior theories to be applied in the research (Riley et al. 2011; Lee & Rho 

2013; Sun et al. 2013). Health behavior models fit well with technology acceptance 

models, because they have similarities not only with each other (Weinstein 1993; 

Bandura 2004) but also with technology acceptance theories (Sun et al. 2013). For 

example Social Cognitive Theory has been used to explain both technology acceptance 

and engagement to health protective behavior (Taylor & Todd 1995b; Compeau & 

Higgins 1995; Bandura 2004). 

Technology acceptance theories and health behavior theories both include social 

factors as an important determinant of individual behavioral intention and also 

complement each other with additional determinants. While technology acceptance 

theories take account external factors like perceived usefulness, ease of use and 

facilitating conditions (Venkatesh et al. 2003), health behavior theories on the other 

hand include factors that affect individual motivation to take the preventive health 

action like threat appraisals and self-efficacy (Sun et al. 2013). 

Preventive eHealth services are new innovations that require individual to gather and 

store personal and sensitive health data to personal health records (Kim & Park 2012). 

In addition, the adoption of preventive eHealth does not only include adopting a new 

technology but can also aim for significant changes in individual’s life-style. (Kahn et 

al. 2009.) Thus it is necessary to study also cognitive barriers that consumers might 

have related to these types of new innovations and changes in life-style. To address 

this point of view perceived barriers to preventive eHealth service acceptance will be 

added to the research model. 

Since My Data based preventive eHealth services have not yet been developed into 

their fullest potential in Finland, the use behavior and price value originally presented 

in the UTAUT 2, will be excluded from this model. The use behavior will be excluded 

because the target group of the study cannot experience the use situation of My Data 

based preventive eHealth services. The price value on the other hand will be excluded 

since there have not yet been developed any service models and price structures for 
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consumer focused preventive eHealth services. Next the research hypothesizes and 

research model will be formulated and explained. 

2.5.1 Performance Expectancy 

Performance expectancy is defined as the degree to which using a technology will 

provide benefits to consumers in achieving some goal (Venkatesh et al. 2012). 

Performance expectancy captures determinants of perceived usefulness, extrinsic 

motivation, job fit, relative advantages and outcome expectations from technology 

acceptance studies (Venkatesh et al. 2003). In addition, it will capture response 

efficacy and perceived benefits from the health behavior theories (Sun et al. 2013). In 

the context of preventive eHealth services, the use of the technology will provide 

benefits for an individual in preventing her to fall ill (Hung & Jen 2012). Future My 

Data based preventive eHealth services will allow individual to gather, control and 

manage her own health data and to choose where to use it, like in health or wellness 

services of different service providers. In addition they can teach individual to change 

behavior into healthier way based on the data gathered (Liikenne- ja 

viestintäministeriö 2014). 

Performance expectancy have been found to be the most important direct predictor of 

behavioral intention in most information technology acceptance (Venkatesh et al. 

2003) and preventive eHealth studies (Wilson & Lankton 2004; Deng 2013; Sun et al. 

2013). In addition based on the findings of Venkatesh et al. (2003), age and gender 

will have moderating effect on performance expectancy. Following these assumptions, 

it can be hypothesized that: 

H1a: Performance expectancy will affect behavioral intention to use future My Data 

based preventive eHealth services. 

H1b: Age will moderate the effect of performance expectancy on behavioral intention. 

H1c: Gender will moderate the effect of performance expectancy on behavioral 

intention. 
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2.5.2 Effort Expectancy 

Effort expectancy is defined as the degree of ease associated with consumers’ use of a 

technology (Venaktesh et al. 2012). Effort expectancy captures determinants of 

perceived ease of use, complexity and ease of use (Venaktesh et al. 2003). Effort 

expectancy has been found to have significant effect especially for the elderly 

consumers’ acceptance of preventive eHealth services (Sun et al. 2013). On the other 

hand, Jung and Loria (2010) found that the difficulty associated with the use of 

preventive eHealth technology is usually related to the user’s lack of experience with 

the use of Internet in general. Similar findings have been presented by Jung and 

Berthon (2009) in difficulty of using preventive eHealth services. Characteristics of 

preventive eHealth service systems that affect the effort expectancy are for example 

quick response time to user’s requests and easily understandable data, lists and figures. 

On the other hand, different levels of technology understanding and health literacy of 

users can have significant influence for the use experience of preventive eHealth 

services that should be taken account in the service design. (Daim, Basoglu & Topacan 

2013.) 

Effort expectancy has been found to be positively associated with the behavioral 

intention to use a technology in technology acceptance literature (Venkatesh et al. 

2003). In addition based on findings of Venkatesh et al. (2003), age, gender and 

experience on using the target technology will have moderating effect on effort 

expectancy. Following these assumptions, it can be hypothesized that: 

H2a: Effort expectancy will affect behavioral intention to use future My Data based 

preventive eHealth services. 

H2b: Age will moderate the effect of effort expectancy on behavioral intention. 

H2c: Gender will moderate the effect of effort expectancy on behavioral intention. 

H2d: Experience on using health-tracking technology will moderate the effect of effort 

expectancy on behavioral intention. 
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2.5.3 Social Influence 

Social influence is determined as the extent to which consumers perceive that 

important others (for example family or friends) believe that they should use a 

technology (Venaktesh et al. 2012). Social influence captures determinants of social 

factors, subjective norm and image from the technology acceptance literature 

(Venkatesh et al. 2003). In Health Belief Model external cues to action can be 

explained as for example a doctor’s advice or encouragement from friends or relatives 

(Janz & Becker 1984), which is captured also by the determination of social influence 

(Lin 2011). 

Social influence can occur as information about the benefits of using preventive 

eHealth services from health professional’s advice or through media education and as 

encouragements from friends or relatives. They can also provide a reminder or trigger 

for motivated person to take action. (Deng 2013.) Lin (2011) goes further with the 

classification of social influence and divides them into external cues to action in 

actively learning and external cues to action in support. The first consist of cues that 

individual perceives while learning for example about healthy lifestyle or preventive 

eHealth from the Internet, TV, newspapers or other media channels. The latter 

describes cues more related to social influence like encouragement from friends, 

family or doctor. Thus social influence is determined here as the encouragements or 

reminders from important others or media channels to promote the use of preventive 

eHealth services (Lin 2011; Venkatesh et al. 2012).  

Social influence has been found to significantly affect behavioral intention to use a 

technology (Venkatesh et al. 2003; Lin 2011; Deng 2013). In addition based on 

findings of Venkatesh et al. (2003) it is expected that age, gender and experience on 

information technology will have moderating effect on social influence. Following 

these assumptions, the third hypothesis is: 

H3a: Social influence will affect behavioral intention to use future My Data based 

preventive eHealth services. 

H3b: Age will moderate the effect of social influence on behavioral intention. 
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H3c: Gender will moderate the effect of social influence on behavioral intention. 

H3d: Experience on using health-tracking technology will moderate the effect of social 

influence on behavioral intention. 

2.5.4 Facilitating Conditions 

Facilitating conditions is defined as consumers’ perception of external resources and 

infrastructure that support the use of an IT system (Venkatesh et al. 2003; Venkatesh 

et al. 2012). The definition captures determinations of perceived behavioral control 

and compatibility (Venkatesh et al. 2003). In consumer context facilitating conditions 

can vary between different consumers related to application vendors, technology 

generations and mobile devices. Thus consumers who perceive better access to the 

facilitation conditions will have higher behavioral intention to use a technology. 

(Venkatesh et al. 2012.) The ease of access to the preventive eHealth services is an 

important factor especially in the early stages of adoption, before the quality of the 

information has not yet been determined (Jung & Berthon 2009). Lee and Rho (2013) 

confirm this notion in their study, where they found that people form more positive 

perceptions of preventive eHealth services after they have experienced the use of the 

system. The speed and quality of mobile Internet can also vary significantly in different 

locations, which can affect individual’s use experience (Deng 2013). A person living 

for example in a rural area might have doubts about the functionality of mobile services 

if she has experienced issues with wireless internet connection in the area where she 

lives. 

The significance of assistance, education and guidelines have been noted in the study 

of preventive eHealth services because they help service providers to increase users’ 

comfort and confidence in using the system. In addition the compatibility of preventive 

eHealth services with smartphones and other popular devices that are commonly used 

by consumers could improve wider adoption of eHealth services. (Lee & Rho 2013.) 

Hearth rate sensors for example that have Bluetooth connection can be easily 

connected with multiple smart phone applications that can be found from application 

stores. 
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The compatibility however does not limit only to familiar technologies of potential 

users but also to their lifestyles. There is evidence that compatibility of eHealth 

services with user’s existing values, needs and past experiences has significant effect 

on intention to use those technologies (Daim et al. 2013). Jung and Berthon (2009) 

have noted the same assumption and they clarify that for a service to be accepted and 

adopted into daily lives of consumers, it must first fit into individuals’ working style, 

lifestyle and ways of doing things in general. 

Facilitating conditions have been found to have significant positive effect on 

consumers’ behavioral intention to use mobile technologies (Venkatesh et al. 2012). 

Thus consumers, who perceive future My Data based preventive eHealth services as 

easily accessible from anywhere at any time and compatible to use are more willing to 

use these services. In addition there is evidence that individual’s age, gender and 

experience on information technology will have moderating effect on perceived 

facilitating conditions (Venkatesh et al. 2012). Following these assumptions, it can be 

hypothesized that: 

H4a: Perceived facilitating conditions will affect behavioral intention to use future My 

Data based preventive eHealth services. 

H4b: Age will moderate the effect of facilitating conditions on behavioral intention. 

H4c: Gender will moderate the effect of facilitating conditions on behavioral intention. 

H4d: Experience on using health-tracking technology will moderate the effect of 

facilitating conditions on behavioral intention. 

2.5.5 Hedonic Motivation 

Hedonic motivation is determined as the fun or pleasure that consumer derives from 

using a technology (Venaktesh et al. 2012). Other factors from technology acceptance 

literature that deal with similar emotions like enjoyment, joy or liking and can be 

incorporated under the determination of hedonic motivation are attitude toward a 

behavior, affect toward use, affect and intrinsic motivation (Venkatesh et al. 2003). 
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Hedonic motivation has been found to strongly impact on behavioral intention to use 

a technology in consumer context (Cocosila et al. 2009; Venaktesh et al. 2012). In 

addition individual’s age, gender and experience on information technology have been 

found to have moderating effect on hedonic motivation (Venkatesh et al. 2003). 

Following these assumptions, it can be hypothesized that: 

H5a: Perceived hedonic motivation will affect behavioral intention to use future My 

Data based preventive eHealth services. 

H5b: Age will moderate the effect of hedonic motivation on behavioral intention. 

H5c: Gender will moderate the effect of hedonic motivation on behavioral intention. 

H5d: Experience on using health-tracking technology will moderate the effect of 

hedonic motivation on behavioral intention. 

2.5.6 Habit 

Habit is determined as the extent to which individual believes performing a behavior 

(e.g. using mobile applications to track exercising) to be automatic as a result of 

learning during past behavior (Limayem, Hirt & Cheung 2007). According to 

Venkatesh et al. (2012), repeated performance of a behavior in a similar context or 

environment can produce stored intentions and positive attitudes that are associated 

with the behavior. Thus if the person faces this similar context or environment again 

were the habit was formulated, the stored intentions can be triggered that again lead to 

behavior (Venkatesh et al. 2012). In another words, if a consumer has for an extended 

period of time used activity tracker and mobile application to monitor her activity, she 

might have developed a positive view that mobile technology is useful for monitoring 

activity and stored intention that she will continue using mobile technology to track 

her activity in the future. Thus habit is a result of the stored intention that will be 

triggered whenever the consumer faces a similar situational context or environment as 

where the stored intention was developed. 
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For an individual to develop a habit requires four preconditions. First an individual 

must repeat frequently the behavior to generate sufficient familiarity with it (e.g. use 

of a mobile application to track performance during a physical exercises). The 

frequency of the behavior (e.g. number of performed actions) will determine the 

strength of the habit. Secondly, one must feel satisfaction while performing the 

behavior (e.g. use of the mobile application is easy, enjoyable and will generate 

benefits) to increase her tendency to repeat the behavior. Third, an individual must 

face a stable context with similar situational cues (e.g. before starting the exercise at 

gym) that will occur regularly enough in different situations. (Limayem et al. 2007.) 

Thus a person who feels satisfaction while using an IT system in a particular situation, 

will probably repeat the same behavior in a similar situation to generate the same 

positive outcome. The repetition again will increase her familiarity with the behavior 

and will lead to stored positive intentions toward the behavior and generate a habit 

(Venkatesh et al. 2012). 

The fourth precondition for IT use habit development is the comprehensiveness of the 

usage. It means that an individual who uses an information system in many ways (e.g. 

using mobile applications to read news and e-mail, track physical exercise, social 

networking, mobile banking etc.) will develop a stronger habit to use the system than 

a person who uses the system in more limited ways (e.g. only using mobile applications 

to read e-mail) because the usage is not limited to a specific situations. (Limayem et 

al. 2007.)  

Thus it can be expected that consumers, who have created a habit toward using health 

tracking technologies or other systems that are similar to preventive eHealth 

technologies will have stored intentions that increase the acceptance of future My Data 

based preventive eHealth services. In addition, Venkatesh et al. (2012) found that age, 

gender and experience will moderate the positive effect of habit on behavioral 

intention to use a technology. Following these assumptions, it can be hypothesized 

that: 

H6a: Habit will affect behavioral intention to use future My Data based preventive 

eHealth services. 
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H6b: Age will moderate the effect of habit on behavioral intention. 

H6c: Gender will moderate the effect of habit on behavioral intention. 

H6d: Experience on using health-tracking technology will moderate the effect of habit 

on behavioral intention. 

2.5.7 Self-Efficacy  

Self-Efficacy is defined as one’s confidence about her ability to successfully perform 

a behavior that leads to a valued outcome. The definition overlaps with the perceived 

behavioral control factor in Theory of Planned Behavior. Self-efficacy is an important 

factor because it affects individual’s aspirations and goals in general. If one has high 

self-efficacy she will set higher goals and will have higher expectations of achieving 

those goals. (Bandura 2004.) Since preventive eHealth services are promoting 

significant changes in consumers’ life-style that demand also individual effort, self-

efficacy affects acceptance of those goals and again the success of achieving them. In 

addition, to use preventive eHealth services successfully and to achieve these changes 

in life-style, one must have the ability to first use the technology and secondly to be 

able to comply with the healthy behavior. Thus person with high self-efficacy will 

likely believe that using preventive eHealth services will generate better health 

outcomes related to person with low self-efficacy. Following this assumption, it can be 

hypothesized that: 

H7a: Technology use self-efficacy will affect performance expectancy of future My 

Data based preventive eHealth services. 

H7b: Healthy behavior self-efficacy will affect performance expectancy of future My 

Data based preventive eHealth services. 

Another significant aspect of self-efficacy is that it affects negatively to cognitive 

barriers. If one has high self-efficacy, she will view obstacles as surmountable and will 

continue on the path to achieve her goals. (Bandura 2004.) Individual is likely to face 

some obstacles while trying to improve her health. According to the Protection 
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Motivation Theory, individual will create motivation to take part in preventive health 

action based on evaluation of intrinsic and extrinsic rewards of a negative behavior 

(like unhealthy eating habits or watching TV instead of doing exercise) against the 

threats of reducing one’s health-status. Here the intrinsic (bodily pleasure) and 

extrinsic (peer approval) rewards act as barriers to preventive health behavior. (Floyd 

et al. 2000.) Thus higher self-efficacy of an individual will affect negatively on 

perceived barriers since the individual will see those barriers as surmountable with 

self-control and also will be more involved to achieving her goals (Bandura 2004). 

In past studies on consumer health behavior, individual’s high self-efficacy related to 

control over her health have been found to positively affect intention to take part in 

health behavior (Moorman & Matulich 1993). In addition, for the acceptance of 

preventive eHealth services, it is important that consumers feel confident when they 

use eHealth technologies. There is evidence that health information technology self-

efficacy affects consumer acceptance of preventive eHealth services (Kim & Park 

2012). Consumers with high self-efficacy will learn faster and are more confident to 

use preventive eHealth services, which positively affects acceptance of those 

technologies (Sun et al. 2013). Following this, it can be hypothesized that: 

H8a: Technology use self-efficacy will affect behavioral intention to use future My 

Data based preventive eHealth services. 

H8b: Healthy behavior self-efficacy will affect behavioral intention to use future My 

Data based preventive eHealth services. 

H9a: Technology use self-efficacy will affect barriers to acceptance of future My Data 

based preventive eHealth services. 

H9b: Healthy behavior self-efficacy will affect barriers to acceptance of future My 

Data based preventive eHealth services. 
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2.5.8 Threat Appraisals 

Threat appraisals, which include severity (seriousness of a possible health threat) and 

individual’s vulnerability (risk of encountering a health threat), create a feel of threat 

that current behavioral patterns will lead to a negative health outcome. The stronger 

the threat appraisals are, the stronger the motivation for individual to take part in 

health preventive behavior. (Janz & Becker 1984; Floyd et al. 2000.) According to 

Wilkowska and Ziefle (2011) consumers with higher need for health care and again 

higher threat appraisals like chronically ill patients also tend to pay less attention to 

risk factors related to eHealth services. Thus it can be expected that consumers with 

higher threat appraisals will have stronger behavioral intention to take part in 

preventive health behavior and again will have stronger behavioral intention and less 

barriers to use preventive eHealth services. In addition Kim and Park (2012) also 

found that persons who perceives high health threats will also perceive preventive 

eHealth services as more useful than healthy people. Following these assumptions, it 

can be hypothesized that: 

H10a: Vulnerability will affect behavioral intention to use future My Data based 

preventive eHealth services. 

H10b: Severity will affect behavioral intention to use future My Data based preventive 

eHealth services. 

H11a: Vulnerability will have effect on the barriers to acceptance of future My Data 

based preventive eHealth services. 

H11b: Severity will have effect on the barriers to acceptance of future My Data based 

preventive eHealth services. 

H12a: Vulnerability will affect performance expectancy of future My Data based 

preventive eHealth services. 

H12b: Severity will affect performance expectancy of future My Data based preventive 

eHealth services. 
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2.5.9 Barriers 

Perceived barriers are defined in Health Belief Model as potential negative aspects 

that would be expensive, dangerous, unpleasant, inconvenient or time-consuming 

when taking a particular health action (Janz & Becker 1984). Protection Motivation 

Theory on the other hand divides barriers into response costs (e.g. monetary, time, 

personal, effort) that result from taking the preventive health action and intrinsic (e.g. 

bodily pleasure) and extrinsic rewards (e.g. peer approval) that are followed for not 

taking the health protective action (Floyd et al. 2000). Social Cognitive Theory defines 

these kind of barriers as personal impediments or situation specific obstacles, like 

feeling of stress, exhaust, depression or anxiousness for example as a result of stressful 

day at work. On the other hand, individual may feel that she has more interesting things 

to do at the time like watching TV, instead of taking preventive health action. (Bandura 

2004.) 

In acceptance of new technologies, consumers have been found to perceive 

psychological risks that prevent adoption of new technologies (Cocosila et al. 2009). 

There is evidence that consumers might generate perceived risks toward preventive 

eHealth services especially prior the use (Lee & Rho 2013). Relevant issues related to 

information risk and technology risk that cause significant barriers to acceptance of 

preventive eHealth services are for example a worry about information abuse, privacy 

invasions, lack of precision in equipment and excessive charges (Deng 2013). On the 

other hand Guo et al. (2013) found that among elderly user’s resistance to change life-

style and technology anxiety towards eHealth technologies produce significant 

cognitive barriers to the technology acceptance. Other issues that can rise concerns in 

consumers are for example, how and for what purpose all the health data gathered from 

them will be used by the service provider (Tang et al. 2006). 

According to the Health Belief Model barriers have significant effect on individual 

intention to take health protective actions (Janz & Becker 1984). Thus consumers who 

perceive barriers to health behavior and use of preventive eHealth technologies will 

have less behavioral intention to use My Data based preventive eHealth services. In 

addition age and experience on information technology have been found to have 
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moderating effect on perceived barriers (Weizeman et al. 2009; Guo et al. 2013) 

Following these assumptions, it can be hypothesized that: 

H13a: Perceived information risk will affect behavioral intention to use future My 

Data based preventive eHealth services. 

H13b: Perceived personal impediments will affect behavioral intention to use future 

My Data based preventive eHealth services. 

H13c: Technology anxiety will affect behavioral intention to use future My Data based 

preventive eHealth services. 

H13d: Resistance to change will affect behavioral intention to use future My Data 

based preventive eHealth services. 

H13e: Perceived technology risk will affect behavioral intention to use future My Data 

based preventive eHealth services. 

H13f: Age will moderate the effect of perceived barriers on behavioral intention to use 

future My Data based preventive eHealth services. 

H13g: Experience on health tracking technology will moderate the effect of perceived 

barriers on behavioral intention to use future My Data based preventive eHealth 

services. 

2.5.10 Proposed model of Consumer acceptance of future My Data based preventive 

eHealth services 

In figure 5 is presented the framework for this research. Factors affecting consumers’ 

technology acceptance are adapted from the UTAUT 2. Direct determinant of 

consumers’ behavioral intention to use future My Data based preventive eHealth 

technology are: performance expectancy, effort expectancy, social influence, 

facilitating conditions, hedonic motivation, habit and the moderating factors age, 

gender and experience. Factors adapted from the health behavior theories, self-
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efficacy, barriers and threat appraisals, are forming the mediating process of health 

motivation that affects consumers’ intention to engage in preventive health behavior. 

Thus both, technology acceptance and the mediating process of health motivation will 

together affect consumers’ behavioral intention to use future My Data based 

preventive eHealth services. 

 

Figure 5. Proposed model of Consumer acceptance of future My Data based preventive eHealth 

Services. 
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3 RESEARCH METHODOLOGY 

In this chapter the methodology for data gathering and analysis will be discussed. First 

the research design and philosophy will be explained that form the basis for the 

research methodology. Next the research methods will be discussed and validated 

based on the research design and philosophy. Finally, the data gathering methods and 

target group of the study will be presented and explained. 

3.1 Research design and philosophy 

The research design for this study is quantitative research. Quantitative research design 

was chosen since it enables testing of objective theories by examining relationships 

between variable (Creswell 2009:4). Thus in this study the object was to test the model 

adapted from the technology acceptance and health behavior theories in a consumer 

context. The underlining research philosophy behind the quantitative research design 

is post positivism. According to post positivisms, causes determine effects or 

outcomes. (Creswell 2009:5–7.) In this study the causes are factors affecting 

consumers’ intention to use future My Data based preventive eHealth services and the 

outcome is the behavioral intention to use these services. Post positivism is also 

reductionist in a sense that the idea of the research philosophy is to reduce ideas into 

smaller discrete set of ideas that can be tested, like variables that are formed based on 

hypotheses and questions (Creswell 2009:5–7). Thus in this study 13 hypotheses with 

sub-hypotheses were determined that again determine the research framework and 

survey questions. By reducing the cognitive decision making process of consumers 

into distinct variables or factors simplifies researchers understanding of the research 

phenomenon in this study and again enables clear conclusions to be made from the 

sample data. 

3.2 Research methods 

Research method that supports post positivism incorporates data collection that again 

supports or refuses the theory (Creswell 2009:5–7). Thus the purpose of this research 

is to develop and test a model that describes what factors affect consumers’ acceptance 

of future My Data based preventive eHealth services. To achieve this objective, a 
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literature review was first conducted to form 13 hypotheses with sub-hypothesizes and 

the research model based on previous research. Nine direct variables and three 

moderating variables that affect consumers’ acceptance of future My Data based 

preventive eHealth services were found based on the literature review. To test the 

theory and research hypothesizes a quantitative survey was conducted. Survey 

research generates a quantitative or numeric description of trends, attitudes or opinions 

of a population by studying a sample of the population (Creswell 2009:12–17). In this 

study the target population was Finnish citizen of working age and the staff and 

students of University of Oulu served as a sample of this population. Thus quantitative 

survey allows generalizable research outcomes to be made from the target population 

based on the sample data (Creswell 2009:145). The sample data for the research was 

collected with a web based survey, which allows to gather a large sample size. The 

research data was again analyzed with statistical methods using the SPSS statistics 

program. 

To test the research hypothesizes and the research model, a confirmatory factor 

analysis was first conducted. Confirmatory factor analysis is suitable method to 

confirm a research model if the factor construct is formulated based on previous 

research (Yhteiskuntatieteellinen tietoarkisto 2015). Next a regression analysis was 

conducted to test how independent variables affect a dependent variable and how 

respondents’ age, gender and experience will moderate the effect between the 

dependent and independent variables. Based on a regression analysis, research 

hypothesizes will be confirmed or rejected and the final formula of the research model 

will be confirmed. 

3.3 Data gathering 

The target population for this study was Finnish people of working age (18–65-year-

olds). The purpose of future My Data based preventive eHealth services is to empower 

citizens of Finland to actively take part in self-management and prevention of diseases, 

thus before these services can be designed to fit into daily lives of people, it is 

necessary to study the acceptance of these services. According to UTAUT 2, 

consumers’ age, gender and experience on using a technology will moderate the effect 

of direct variables on behavioral intention to use the technology (Venkatesh et al. 
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2012). Based on this assumption, the target population was chosen to consist people 

from old and young age groups and from both gender groups.  

The data for this study was gathered with a web-based survey were the link was send 

for the stuff and students of the University of Oulu via e-mail. The subject group for 

the survey was selected because it consisted both genders and people of working age. 

The e-mail sent to the subject group included a link to the web based survey in 

WebPropol service and a cover letter explaining the research phenomenon and purpose 

and encouragements to answer with a prize draw of gift cards worth of 50 euros. The 

e-mail was sent for the target group in 11.2.2015 and the link for the survey was open 

for one week. The survey was created in Finnish and reviewed by four experienced 

researchers from the University of Oulu before sending to the subject group. The 

sample size was 855 respondents who voluntarily chose to answer the survey.  

All scales for the UTAUT 2 construct and mediating process for health motivation 

were adapted from previous research. Gender was coded with 1 presenting men and 2 

for women. Age was measured with a selection question with 6 alternatives from ‘18-

25’ to ‘66–‘. In the recoding process the points 26–35 and 36–45 were merged as 26–

45 and 46–55, 56–65 and 66– were merged as 46–, thus finally decreasing the scale 

into three points measure, which clarifies the interpretation of the results. The five 

point time scales for the experience moderator was adapted from Venkatesh et al. 

(2003) and the seven technologies that the respondent were asked to evaluate were 

based on technologies that are related to future My Data based preventive eHealth 

services in the My Data report of Finnish ministry of Transport and Communication 

(Liikenne- ja viestintäministeriö 2014). The survey respondents were also asked to 

answer questions related to health attitudes, health goals and health monitoring 

behavior to gather background information about the target group in questions 6–9. 

(Appendix 1.) 

All direct variables in the construct were measured with five point Likert scale and 

adapted from the previous research. Habit scale was positioned with the experience 

scale because both measures are based on past experience. Thus they have to measure 

experience related to already existing preventive eHealth related technologies. 

Respondents were in addition, asked to choose from a range of preventive eHealth 
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related technologies the one that they had the most experience on and also to answer 

the habit scale from the perspective of this particular technology. Those who had no 

experience on any of the alternative technologies were asked to skip the habit scale 

because habit cannot be formulated without experience (Limayem et al. 2007). Before 

answering to the questions related to the rest of the direct variables, the research 

context was explained to the respondents. Based on this explanation, the respondents 

were able to imaging the use situation and answer questions related to the direct 

variables and the dependent variable behavioral intention.  
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4 EMPIRICAL ANALYSIS 

In this chapter the research data analysis and results will be presented. The data was 

analyzed with quantitative methods using SPSS statistics program. First a 

confirmatory factor analysis was conducted to test if the factors adapted from UTAUT 

2 and health behavior theories suit the sample. Next a regression analysis was 

conducted to test the research hypotheses and effects between dependent variable and 

independent variables. The final research model will be formulated based on the 

regression analysis. 

4.1 Overview of the sample data 

Overall 855 responses were received for the survey that was conducted for the staff 

and students of the University of Oulu. From Table 2 the gender distribution of the 

sample can be seen. Thus approximately two thirds of the sample was women (64 %) 

with frequency of 550 respondents.  

Table 2. Gender distribution in the sample. 

 

The age distribution of the sample data was also particularly young (Table 3), which 

is not surprising as students compose the majority of the population in university. Thus 

about 68 % of the respondents had answered that they are 35 or younger. 

Frequency Percent Valid Percent Cumulative Percent

Man 305 35,7 35,7 35,7

Woman 550 64,3 64,3 100,0

Total 855 100,0 100,0

Gender

Valid
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Table 3. Age distribution in the sample. 

 

Table 4 shows the experience distribution of those preventive eHealth related 

technologies that were most popular in the sample data. Thus hearth rate monitor 

and/or censor was the most familiar technology for the respondents with 30 % having 

over 6 months of experience and also only 30 % had not tried one. Also pedometer 

had been tried by over half of the respondents. However, 35 % of the respondents had 

not used it even a month. About half of the respondents had also tried exercise 

application in their smartphone and over 20 % had used them over 6 months. 

Table 4. Experience of the more popular preventive eHealth related technologies. 

 

 

The rest of the preventive eHealth related technologies that had received a poor 

adoption rate in our sample data can be seen in Table 5. 80 % or more of the 

respondents in the sample data had not tried these technologies at all. 

Frequency Percent Valid Percent Cumulative Percent

18-25 352 41,2 41,2 41,2

26-35 227 26,5 26,5 67,7

36-45 119 13,9 13,9 81,6

46-55 107 12,5 12,5 94,2

56-65 48 5,6 5,6 99,8

66- 2 0,2 0,2 100,0

Total 855 100,0 100,0

Age

Valid

Frequency
Valid 

Percent
Frequency

Valid 

Percent
Frequency

Valid 

Percent

262 30,6 401 46,9 435 50,9

229 26,8 301 35,2 135 15,8

58 6,8 49 5,7 69 8,1

46 5,4 28 3,3 38 4,4

260 30,4 76 8,9 178 20,8

855 100,0 855 100,0 855 100,0

Heart rate motitor 

and/or censor
Pedometer

Excercise application 

in smartphone

I have never tried

I have used less than 1 

month

I have used 1-3 

I have used 3-6 

I have used over 6 

months

Total
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Table 5. Experience of the less popular preventive eHealth related technologies. 

 

Both tables show that all in all, the respondents in the sample data were not very 

experienced with health tracking technologies. Thus it can be stated that these 

technologies have not yet reached a wide adoption in Finland and further development 

to make them more attractive for the consumers is needed. 

Table 6. Mean scores for the respondents’ overall health attitude in the sample data. 
 

 

In Table 6 are shown the mean scores for the respondents’ overall health attitude in 

the sample data. Thus majority of the respondents in the sample data regarded health 

management as fairly or reasonable important. Good sleep, non-smoking and mental 

wellness were the most important health matters in the sample data. The least 

important matters were blood pressure, cholesterol and blood sugar management, 

Frequency
Valid 

Percent
Frequency

Valid 

Percent
Frequency

Valid 

Percent
Frequency

Valid 

Percent

727 85,0 800 93,6 722 84,4 681 79,6

40 4,7 44 5,1 73 8,5 103 12,0

22 2,6 4 0,5 24 2,8 17 2,0

24 2,8 1 0,1 12 1,4 18 2,1

42 4,9 6 0,7 24 2,8 36 4,2

855 100,0 855 100,0 855 100,0 855 100,0Total

Other health 

application in 

smartphone

Activity tracker
Other wearable 

tracking device

Nutrition application 

in smartphone

I have never tried

I have tired less than 1 

month

I have used 1-3 

I have used 3-6 

I have used over 6 

months
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which was however not surprising as the majority of the respondents were young 

people as explained above in Table 3 who rarely suffer from high blood pressure, 

cholesterol or blood sugar.  

Table 7. Mean scores for the respondents’ overall health monitoring behavior in the sample 
data. 

 

 

In Table 7 the mean scores for the overall health monitoring behavior in the sample 

data can be seen. Thus some health matters are monitored very often like sleep, 

exercising and nutrition by most of the respondents. Blood pressure, cholesterol and 

blood sugar were monitored most rarely, which was in line with the results in Table 6 

and was expected as the sample data consisted for the most part young and healthy 

respondents. Also smoking was monitored very rarely, which probably results from 

the fact that majority of the respondents did not smoke as non-smoking was one of the 

most important health management matters (Table 6).  
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Table 8. Mean scores for the respondents’ overall preventive health behavior in the sample data. 
 

 

The mean values for preventive health behavior can be seen in Table 8. The results are 

in line with the Table 7, as those matters that were monitored most (sleep, exercise and 

nutrition) were also the subjects of preventive health behavior for most respondents. 

Table 9. Frequencies for the respondents’ health goal in the sample data. 
 

 

Finally, in Table 9 respondents’ most important health goal in the sample data can be 

seen. Thus the most important health goal for most respondents was promoting general 
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wellness, which is normal for healthy people and indicates that majority of the 

respondents are not suffering from chronically illness or other major health issues.  

4.2 Factor Analysis 

Since the research model consisted independent variables (direct factors) that affect a 

dependent variable (behavioral intention), a factor analysis was conducted. Thus a 

confirmatory factor analysis with the SPSS statistics program was conducted to test 

the suitability of the factors in the research model for the sample data. Kaiser-Meyer-

Olkin (KMO) test was chosen to measure how good preconditions the research model 

variables have for the factor analysis. In addition Bartlett’s test was chosen to confirm 

that there is enough correlation between the variables for the factor analysis.  

Table 10. KMO and Bartlett’s Test for UTAUT 2 factors. 

 

 

Both models UTAUT 2 and the Mediating process of health protection motivation fit 

well for the sample, since KMO Measure of Sampling Adequacy was 0,870 for 

UTAUT 2 (Table 10) and 0,801 for the factors in the Mediating process of health 

motivation (Table 11). Bartlett's Test of Sphericity shows a very good significance for 

both models 0,000. 

Table 11. KMO and Bartlett’s Test for Mediating process of health protection motivation 

factors. 

 

 

Factoring was conducted with the Principal Axis Factoring method and factors were 

confirmed based on their eigenvalue of greater than one. Rotation method for the 

factoring was Direct Oblimin with the default Delta value of 0. Direct Oblimin is an 

oblique rotation method, which is suitable for factors that correlate between each other 

,870

129787,184

378

0,000

Kaiser-Meyer-Olkin Measure of Sampling Adequacy.

Bartlett's Test of 

Sphericity

Approx. Chi-Square

df

Sig.

,784

11431,124

378

0,000Sig.

Kaiser-Meyer-Olkin Measure of Sampling Adequacy.

Bartlett's Test of 

Sphericity

Approx. Chi-Square

df
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(Karjaluoto 2007). Finally, missing values were excluded pairwise so that the missing 

values of those without technology experience in habit scale were not affecting other 

scales. 

The results of the factoring can be seen in Tables 12 and 13. Few modifications had to 

be done for the constructs based on the factor loadings. Variables measuring 

technology anxiety in the barriers scale received high loadings with variables in the 

technology use self-efficacy scale. Due to this result, these variables were removed 

from the model and hypothesis 13c was rejected already at this point. All other factors 

received loadings that were expected (see Table 12) and thus the factors of the 

Mediating process for health protection were confirmed based on this result. 

Table 12. Factor Loadings and Cross-loadings for the Mediating process of health protection 

motivation. 

 

 

The UTAUT 2 factors loaded for the most part as was expected. One scale from the 

facilitating conditions construct in UTAUT 2 received high loadings with the effort 
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expectancy factor and was moved to this scale due to this result. Factor scores from 

both factorings were saved for the regression analysis. 

Table 13. Factor loadings and cross-loadings for UTAUT 2. 

 

 

The reliability of the factors confirmed in the factor analysis were tested with 

Cronbach's Alpha test. All factors presented in the original UTAUT 2 received a good 

value of over 0,8 from Cronbach’s Alpha test. Health protective behavior factors self-

efficacy - healthy behavior and vulnerability received mediocre values of under 0,7 

but were not removed since they were in the original health behavior models. All other 

factors received a value of over 0,7 or 0,8 and thus overall, the scales were reliable 

enough to continue for the regression analysis. (Table 14.) 

1 2 3 4 5 6 7

PE3 ,887 ,265 ,207 ,237 -,223 ,515 -,270

PE4 ,850 ,267 ,283 ,226 -,218 ,510 -,245

PE1 ,832 ,278 ,226 ,276 -,215 ,526 -,272

PE2 ,829 ,214 ,216 ,244 -,238 ,515 -,250

PE5 ,821 ,280 ,311 ,235 -,221 ,516 -,225

EE2 ,306 ,870 ,197 ,047 -,313 ,273 -,484

EE1 ,233 ,805 ,138 ,073 -,268 ,213 -,402

EE4 ,229 ,666 ,195 ,092 -,264 ,209 -,346

EE3 ,249 ,622 ,135 ,079 -,308 ,259 -,551

FC2 ,167 ,522 ,308 ,035 -,290 ,181 -,387

SI2 ,223 ,188 ,920 ,152 -,166 ,129 -,114

SI3 ,273 ,180 ,849 ,108 -,097 ,154 -,143

SI1 ,180 ,158 ,795 ,140 -,118 ,126 -,071

SI4 ,346 ,257 ,466 ,079 -,122 ,253 -,228

HT2 ,206 ,085 ,144 ,918 -,170 ,225 -,086

HT4 ,287 ,093 ,118 ,822 -,139 ,316 -,119

HT3 ,180 ,043 ,132 ,786 -,133 ,178 -,050

HT1 ,287 ,070 ,090 ,719 -,124 ,336 -,112

HM1 ,198 ,321 ,101 ,164 -,870 ,150 -,390

HM3 ,223 ,248 ,143 ,124 -,826 ,167 -,337

HM2 ,305 ,533 ,182 ,128 -,617 ,260 -,548

BI1 ,563 ,202 ,158 ,320 -,157 ,961 -,248

BI2 ,595 ,163 ,176 ,359 -,174 ,857 -,219

BI3 ,417 ,295 ,132 ,172 -,159 ,700 -,302

FC4 ,252 ,454 ,140 ,112 -,410 ,249 -,900

FC5 ,222 ,471 ,119 ,070 -,382 ,247 -,868

FC3 ,375 ,440 ,138 ,153 -,412 ,432 -,630

FC1 ,275 ,380 ,191 ,105 -,330 ,340 -,532

Facilitating Conditions

Factor Loadings and Cross-Loadings for UTAUT 2

Extraction Method: Principal Axis Factoring.  Rotation Method: Oblimin with Kaiser Normalization.

Construct
Factor

Performance Expectancy

Effort Expectancy

Social Influence

Habit

Hedonic Motivation

Behavioral Intention
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Table 14. Cronbach’s Alpha test for direct variables. 

 

 

4.3 Regression analysis 

Regression analysis was chosen next to test the effect of multiple independent 

variables on the dependent variable behavioral intention. In addition, the regression 

analysis was conducted to test the interdependency of direct variables in the Mediating 

process of health protection motivation and the moderating effect of age, gender and 

experience on the direct factors of behavioral intention and barriers. The effect of 

direct variables was tested with the factor scores that were generated in the factor 

analysis explained in the last section. 

4.3.1 Regression Analysis for Direct Variables 

At first the regression analysis was conducted for the effect of 14 factors on behavioral 

intention that were confirmed in the factor analysis. The results of the regression 

analysis and the effects of independent variables on behavioral intention are shown in 

Scale
Cronbach

's Alpha

N of 

Items

PE ,925 5

EE ,814 5

SI ,826 4

FC ,815 4

HM ,808 3

HT ,863 4

SE - technology use ,836 3

SE - healthy behavior ,574 3

TA - vulnerability ,628 3

TA - severity ,943 3

BA - information risk ,826 3

BA - personal impediments ,718 3

BA - resistance to change ,830 4

BA - technology risk ,731 3

Reliability Statistics

PE=Performance Expectancy, EE=Effort Expectancy, 

SI=Social Influence, FC=Facilitating Conditions, 

HM=Hedonic Motivation, HT=Habit, SE=Self-

Efficacy, TA=Threat Appraisals, BA=Barriers
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the Table 15. The strongest determinant of behavioral intention was performance 

expectancy with standardized coefficients value of 0,461 and significant t-Value of 

13,78, thus indicating support for the hypothesis H1a. UTAUT 2 factors effort 

expectancy and habit are also in line with the previous research and indicate support 

for H2a and H6a with their significant and positive standardized coefficients. Social 

Influence and facilitating conditions on the other hand are indicating negative effect 

on behavioral intention, which is departing from the original UTAUT 2 model. Despite 

the difference in the direction of the effect with previous theories, both variables give 

a significant p-value enough to support H3a and H4a. For social influence the p-value 

was 0,06, which is very close to the significant p-value of < 0,05 and thus to avoid a 

rejection mistake, the social influence variable was kept in the model for further 

analysis of the final model. Hedonic motivation did not generate a statistically 

significant p-value and thus, did not have a significant effect on behavioral intention. 

Following this result, it was excluded from the research model and hypothesizes H5a, 

H5b, H5c and H5d were rejected at this point.  

Table 15. Regression Analysis for Direct Variables. 

 

 

 

Independent Variable
Standardized 

Coefficients
t-Value Result

PE ,461 13,78** H1a: Supported

EE ,088 2,42* H2a: Supported

SI -,055 -1,88* H3a: Supported

FC -,115 -3,13** H4a: Supported

HM ,051 1,59 H5: Not supported

HT ,158 5,37** H6a: Supported

SE - technology use ,068 2,25* H8a: Supported

SE - health behavior ,051 1,63 H8b: Not supported

TA - vulnerability ,149 4,69** H10a: Supported

TA - severity ,004 -0,15 H10b: Not suported

BA - information risk ,012 -0,40 H13a: Not supported

BA - personal impediment -,082 -2,58* H13b: Supported

BA - resistance to change -,106 -3,33** H13d: Supported

BA - technology risk ,040 -1,16 H13e: Not Supported

*p < ,05 

**p < ,01
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Technology use self-efficacy did have a significant positive effect on behavioral 

intention supporting H8a. Healthy behavior self-efficacy on the other hand did not 

generate a significant p-value indicating a negative support for H8b. Vulnerability did 

have a significant positive effect on behavioral intention supporting H10a. Severity on 

the other hand generated insignificant p-value indicating negative support for H10b. 

Two factors from the barriers construct, namely resistance to change and personal 

impediments did have a significant negative effect on behavioral intention, thus 

supporting H13b and H13d. Information risk and technology risk on the other hand did 

not generate statistically significant p-values and were due to this result dropped from 

the model. 

Another regression analysis was conducted after the factors that generated 

insignificant p-values were dropped. The results of the regression analysis for the final 

model can be seen in Table 16. The final model generated R Square value of 0,466 and 

all factors received statistically significant p-values (< 0,05). Based on the results, 

performance expectancy was the strongest predictor of behavioral intention following 

with habit and vulnerability. 

Table 16. Regression analysis for direct variable of the final model. 

 

 

 

Standardized 

Coefficients

Beta

0,466

,454 13,70**

,082 2,28*

-,058 -1,98*

-,096 -2,74**

,158 5,46**

,077 2,60**

,130 4,65**

-,103 -3,49**

-,113 -3,83**

*p < ,05

**p < ,01

t-Value

SE - technology use

BA - personal 

impediment

TA - vulnerability

EE

SI

HT

FC

R Square

PE

BA - resistance to 

change
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4.3.2 Regression Analysis for the interdependencies of health behavior factors 

Regression analyses for the effects of threat appraisals and self-efficacy on barriers 

and performance expectancy were conducted next. First analysis was conducted for 

the effect on barriers and the results can be seen in Table 17. Technology use self-

efficacy was the only factor affecting negatively on barriers, thus supporting H9a. Also 

healthy behavior self-efficacy and vulnerability generated a significant p-value 

supporting H9b and H11a but the effect was positive, which was not expected based 

on the previous research. Severity on the other hand did not generate a significant p-

value of less than 0,05 thus indicating negative support for H11b. 

Table 17. Regression Analysis for the effect of Threat Appraisals and Self-Efficacy on Barriers. 

 

 

Next the regression analysis was conducted for the effect of self-efficacy and threat 

appraisals on performance expectancy (see Table 18). Technology use self-efficacy 

and severity did have a significant positive effect on performance expectancy as was 

expected, supporting H7a and H12b. Healthy behavior self-efficacy and vulnerability 

on the other hand did not have a significant effect on performance expectancy, thus 

indicating negative support for H7b and H12a. 

SE - technology use -,160 -4,60** H9a: Supported

SE - health behavior ,081 2,14* H9b: Supported

TA - vulnerability ,119 3,08** H11a: Supported

TA - severity -,019 -0,515 H11b: Not supported

*p < ,05  

**p < ,01

TA & SE affect on BA

Standardized 

Coefficients
t-Value Result

Independent 

Variable
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Table 18. Regression Analysis for the effect of Threat Appraisals and Self-Efficacy on 

Performance Expectancy. 

 

 

4.4 Moderating effect of Age, Gender and Experience on the direct variables 

To test the moderating effect of age, gender and experience on direct variables of 

UTAUT 2 and barriers, another regression analysis was conducted by creating a filter 

variable from the moderator scales. The results of the regression analyses with 

different filters were then compered to each other to see if the results varied between 

different groups. The effect of age and experience was tested for UTAUT 2 and 

barriers factors. Gender on the other hand was tested only with UTAUT 2 factors 

based on the research model. Hedonic motivation was not included for this analysis as 

a result of its insignificant effect on behavioral intention in the initial regression 

analysis. 

4.4.1 Moderating effect of Age 

To test the moderating effect of age, the results of the regression analysis for UTAUT 

2 and barriers factors were divided into three groups (see Table 19). No moderating 

effect of age was found between any of the direct variables and behavioral intention. 

Performance expectancy did generate significant p-values in all age groups. However, 

its effect on behavioral intention did not increase or decrease directly with the age, 

thus indicating negative support for the H1b as was the case with all the other 

hypothesizes testing the moderating effect of age (see Table 11). 

SE - technology use ,253 6,40** H7a: Supported

SE - health behavior ,045 0,94 H7b: Not supported

TA - vulnerability ,050 1,09 H12a: Not Supported

TA - severity ,094 2,59* H12b: Supported

*p < ,05

**p < ,01

t-Value Result
Standardized 

Coefficients

TA & SE affect on PE

Independent 

Variable
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Table 19. Moderating effect of Age on UTAUT 2 factors and Barriers. 

 

 

4.4.2 Moderating effect of Gender 

The moderating effect of gender was tested only with the UTAUT 2 factors based on 

the research model. The results between groups of men and women can be seen in 

Table 20. The only effect that was moderated by gender was the effect of performance 

expectancy on behavioral intention. Performance expectancy generated significant p-

values in both gender groups and the beta value was clearly stronger for men with 

0,581 compared to the 0,504 of women, thus indicating support for H1c. None of the 

other factors generated significantly different values between men and women, thus 

indicating negative support for H2c, H3c, H4c and H6c.  

Table 20. Moderating effect of Gender on UTAUT 2 factors. 

 

 

 

Standardized 

Coefficients

Standardized 

Coefficients

Standardized 

Coefficients

Beta Beta Beta

PE ,480 9,61** ,435 8,06** ,599 7,58**

EE ,014 0,25 ,024 0,39 ,195 2,49*

SI -,079 -1,68 ,008 0,16 -,089 -1,40

FC -,120 -2,29* -,182 -3,16** -,012 -0,16

HT ,202 4,30** ,144 3,03** ,044 0,69

BA - 

resistance to 

change

-,132 -2,78** -,088 -1,81 -,151 -2,37*

BA - personal 

impediment -,052 -1,10 -,110 -2,24* -,117 -1,94*

*p < ,05

**p < ,01

Result

46-

H1b: Not supported

H2b: Not supported

t-Value

26-45

t-Value

18-25

t-Value

Independent 

Variable

Hb3: Not supported

H4b: Not supported

H6b: Not supported

H13f: Not supported

Independent 

Variable

Standardized 

Coefficients

Beta

PE ,581 10,68** ,504 12,62**

EE ,081 1,33 -,004 -0,10

SI -,042 -0,81 -,047 -1,27

FC -,086 -1,46 -,142 -3,32**

HT ,086 1,69 ,209 5,68**

*p < ,05

**p < ,01

Women

t-Value

Men

t-Value
Standardized 

Coefficients
Result

H6c: Not supported

Stronger for men - H1c: Supported

H2c: Not supported

H3c: Not supported

H4c: Not supported
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4.4.3 Moderating effect of Experience 

The moderating effect of experience was tested with UTAUT 2 and barrier factors 

except for the performance expectancy as in the research model. To test the effect, the 

results of regression analysis were divided into three groups based on responses to the 

scale measuring experience on ‘heart rate monitor and/or censor‘, which was the most 

used technology in the sample (Table 4). The results can be seen in Table 21.  

Table 21. Moderating effect of Experience. 

 

 

However, no significant difference was found between different experience groups, 

thus indicating negative support for H2d, H3d, H4d, H6d and H13g.  

4.5 Empirical Results 

In this section the results of the empirical analysis will be discussed and hypothesizes 

will be confirmed or rejected. Also at the end of the chapter, final form of the research 

model will be presented and confirmed. 

4.5.1 H1: Performance Expectancy 

The results of the empirical analysis indicate a strong support for the H1a. 

Performance expectancy was the strongest determinant of behavioral intention 

EE ,018 0,37 -,015 -0,14 ,171 2,69**

SI -,020 -0,47 -,093 -1,06 -,076 -1,52

FC -,111 -2,27* -,060 -0,57 -,183 -3,10**

HT ,144 3,56** ,236 2,68** ,106 2,09*

BA - 

resistance to 

change

-,116 -2,72** -,198 -2,25* -,091 -1,81

BA - personal 

impediment
-,098 -2,32* ,030 0,34 -,136 -2,71**

*p < ,05

**p < ,01

H13g: Not supported

t-Value
Standardized 

Coefficients

Result

6- months1-6 months

t-Value Standardized 

Coefficients

Standardized 

Coefficients

0-1 months
Independent 

Variable

H2d: Not Supported

H3d: Not supported

H4d: Not supported

H6d: Not supported

t-Value
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according to the regression analysis with Beta value of 0,454 (see Table 15) and 

particularly for the men compared to women (see Table 20), thus confirming also H1c. 

There was however no evidence that age will moderate the effect of performance 

expectancy on behavioral intention to use future My Data based preventive eHealth 

services (Table 19), thus H1b was rejected. Hence, the significant positive effect 

between performance expectancy and behavioral intention suggests that consumers 

who perceive the benefits provided by future My Data based preventive eHealth 

services as an important matter are most willing to use these services.  

In another words, the benefits that these services provide for managing health and 

health data to empower preventive health behavior were perceived as important 

matters that increase the acceptance of the services. In addition, since the result was 

stronger for men, it can be expected that men pay more attention to the functional 

benefits, when evaluating new technologies. Performance expectancy was however 

the most important determinant of behavioral intention also for women too, even 

though not as strong as for the men. Thus the result suggests that women will pay 

attention more than men also to other factors than just functional benefits, when 

evaluating preventive eHealth technologies. 

4.5.2 H2: Effort Expectancy 

Effort expectancy did have a statistically significant positive effect on behavioral 

intention, thus confirming H2a (see Table 15). The effect was however not very strong 

with beta value of 0,082 indicating that the ease of use plays fairly modest role in the 

acceptance of future My Data based preventive eHealth services at least before the use 

experience. There was no evidence found for the moderating effect of age, gender and 

experience, thus H2b, H2c and H2d were rejected. The statistically significant but 

somewhat weak effect between effort expectancy and behavioral intention however 

indicates that those consumers, who perceive ease of use as an important matter for 

the acceptance of My Data based preventive eHealth services are more willing to use 

these services in the future. Thus the result suggests that consumers perceive these 

services as easy to use and are as a result more willing to use them. The effect was not 

however very strong, which might result from the fact that the respondents were not 

experiencing the actual use situation. Thus the actual ease of use and its significance 
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will in the end become clear for the consumers only after they have experienced the 

actual use situation.  

4.5.3 H3: Social Influence 

Social influence generated a statistically significant beta value of -0,058 (Table 15), 

which indicates a weak but a negative effect on behavioral intention confirming H3a. 

There was however no evidence found for the moderating effect of age, gender and 

experience and thus H3b, H3c and H3d were rejected. Social influence was the weakest 

predictor of behavioral intention indicating that other people’s opinions have weak 

influence on the acceptance of My Data based preventive eHealth services. Thus the 

statistically significant but weak negative effect between social influence and 

behavioral intention indicates that consumers, who perceive other people’s opinions 

important are somewhat less willing to use future My Data based preventive eHealth 

services.  

The results suggests that the respondents are at the moment perceiving lack of support 

from important others like family, friends and opinion leaders for the acceptance of 

future My Data based preventive eHealth services. However, this result is not 

surprising, as the support from important other cannot exist at the moment because 

these services have not yet been presented to the wider population. On the other hand, 

the negative effect between social influence and behavioral intention suggests that the 

lack of support from important others could even become a barrier for the acceptance 

when these services are launched for the wider population. Thus if consumers do not 

perceive that family, friends or opinion leaders are supporting the use of My Data 

based preventive eHealth services in the future, they will most probably refuse to use 

these services. 

4.5.4 H4: Facilitating Conditions 

Also the effect of facilitating conditions on behavioral intention generated a 

statistically significant negative beta value of -096 (Table 15) confirming H4a. There 

was no evidence found for the moderating effect of age, gender and experience, thus 

H4b, H4c and H4d will be rejected. The statistically significant negative effect 
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between facilitating conditions and behavioral intention suggests that consumers who 

perceive ease of access to the service despite time and place and compatibility as an 

important matters are less willing to use future My Data based preventive eHealth 

services. Similar to the negative effect of social influence, the negative effect of 

facilitating conditions indicates that respondents perceive lack of compatibility and 

access related to the future My Data based preventive eHealth services at the moment. 

The perceived lack of access might follow from the fact that My Data network or 

preventive eHealth services have yet not been developed and access to these services 

might be difficult for consumers to imagine. Lack of compatibility on the other hand 

indicates that consumers do not perceive that these services fit well for their current 

daily life. However, both matters make facilitation conditions as an important factor 

for consumers’ acceptance of future My Data based preventive eHealth services. 

Again, similar to social influence, also lack of facilitating conditions could become a 

barrier for consumers’ acceptance when these services are launched. Thus if 

consumers do not perceive that external resources and conditions that enable 

compatibility and ease access to future My Data based preventive eHealth services 

exist, they will most probably reject these services. 

4.5.5 H5: Hedonic Motivation 

Hedonic motivation did not receive a statistically significant p-value as a result of the 

regression analysis (Table 15), which is why H5a, H5b, H5c, H5d will be rejected. The 

result indicates that respondents did not perceive enjoyment or fun as an important 

factor for the acceptance future My Data based preventive eHealth services. Thus, 

when consumers evaluate these services before they have experienced the actual use 

situation, they will pay attention more to the functional benefits like performance 

expectancy and other factors than for the enjoyment or fun. The result might however 

be different if the respondents would have experienced the actual use situation. 

Venkatesh et al. (2012) studied the actual use experience of hedonic entertainment 

services and utilitarian productivity services in mobile Internet context and found that 

fun and enjoyment are important features in both contexts. Thus hedonic motivation 

probably plays more important role in the continued use after the consumers has 

experienced the actual use situation. In addition to that, services described for the 

respondents in this study were somewhat generic and the focus was more in the 
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utilitarian features since no actual My Data based preventive eHealth services have yet 

been developed. Thus the respondents were not able to imaging other features that 

might focus more on hedonic motivation. In another words, consumers pay less 

attention to enjoyment and fun when they evaluate future My Data based preventive 

eHealth services before the actual use experience. Enjoyment and fun might however 

be more significant features for the acceptance after the actual use experience. 

4.5.6 H6: Habit 

Habit was the second strongest determinant of behavioral intention with a statistically 

significant beta value of 0,158 (Table 15) confirming H6a. There was however no 

evidence of the moderating effect of age, gender and experience for the effect of habit 

on behavioral intention. The positive effect between habit and behavioral intention 

suggests that respondents, who have developed a habit toward using health tracking 

technologies or other systems that are similar to preventive eHealth technologies, are 

more willing to use also My Data based preventive eHealth services in the future. Thus 

consumers who have developed a habit to use health-tracking technologies will have 

positive view toward monitoring their health with health tracking technologies in 

general and stored intentions to continue use of these technologies to monitor their 

health.  

Following this result, it can be expected that using My Data based preventive eHealth 

services is perceived as similar to using health tracking technologies that are currently 

available. Thus stored intention to use health-tracking technologies in general will lead 

to behavioral intention to use also My Data based preventive eHealth services in the 

future. And again, strengthening consumers’ habits of health tracking technology use 

will increase their intention to use My Data based preventive eHealth services in the 

future. 

4.5.7 H7, H8 and H9: Self-Efficacy 

The results of the regression analysis generated a statistically significant beta value of 

0,077 for the effect of technology use self-efficacy (Table 15) confirming H8a. The 

result indicates a weak but positive effect on behavioral intention and thus technology 
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use self-efficacy is the second weakest direct determinant of behavioral Intention. 

Healthy behavior self-efficacy however did not generate a statistically significant value 

for the effect on behavioral intention and H8b was rejected. Thus, one’s confidence in 

her ability adhere a healthy life-style, does not directly affect the acceptance of these 

services. The statistically significant and positive effect between self-efficacy – 

technology use and behavioral intention on the other hand, suggests that consumers’, 

who feel confident in their skills and ability to use the target technology to manage 

their health are more willing to use My Data based preventive eHealth services in the 

future.  

Regression analysis was also conducted for the interdependencies of health behavior 

factors, which generated some mixed results. The effect of technology use self-efficacy 

on barriers generated a statistically significant negative beta value of -0,160 (Table 

17) confirming H9a. The effect of healthy behavior self-efficacy generated however a 

positive beta value of 0,081 (Table 17), which was contrary to the previous research 

and somewhat weak value but still confirmed H9b with the statistically significant p-

value. Thus the statistically significant negative effect between self-efficacy – 

technology use and barriers suggests that respondents who were confident in their 

ability to use My Data based preventive eHealth services, had less personal 

impediments and resistance to change that decrease the intention to use these services 

in the future. In another words, consumers who are more confident in their ability to 

use My Data based preventive eHealth services to manage their health will have less 

personal impediments and resistance to change that would prevent accepting these 

services. 

The statistically significant and positive effect between self-efficacy – healthy 

behavior and barriers on the other hand, suggests that respondents, who were 

confident in their ability to comply with healthy life-style had more personal 

impediments and resistance to change that decreased their intention to use My Data 

based preventive eHealth services in the future. In another words, consumers who 

already feel confident in their ability to comply with healthy life-style, perceive that 

using future My Data based preventive eHealth services will produce unnecessary 

effort and that they do not fit in their way of living a healthy life-style. 
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The effect of self-efficacy on performance efficacy was also tested with the regression 

analysis. The effect of technology use self-efficacy was even stronger for the 

performance expectancy than for the barriers with a statistically significant beta value 

of 0,253 (Table 18) confirming H7a. H7b was however rejected as the effect of healthy 

behavior self-efficacy did not generate statistically significant results. Thus 

consumers’ confidence on maintaining a healthy life-style does not have an effect on 

the perceived benefits of future My Data based preventive eHealth services. The 

statistically significant positive effect between self-efficacy – technology use and 

performance expectancy on the other hand, suggests that respondents who were more 

confident in their ability to use future My Data based preventive eHealth services to 

manage their health perceived the benefits provided by these services as more 

important. In another words, consumers who are more confident in their ability to use 

My Data based preventive eHealth services effectively in the future, will perceive the 

benefits provided by these services for health and health data management as more 

important. 

Thus, if future My Data based preventive eHealth services are made easily 

approachable and consumers will have required skills and knowledge to use them, their 

confidence on using the technology will increase and lead to higher intention to use 

these services. In addition these consumers will have less personal impediments and 

resistance to change and they will also perceive benefits provided by preventive 

eHealth services as more important. 

4.5.8 H10, H11 and H12: Threat Appraisals 

Based on the results of the regression analysis for the direct variables effect on 

behavioral intention, vulnerability generated the third strongest beta value of 0,130 

(Table 15) confirming H10a with statistically significant p-value. Severity however, 

did not generate a statistically significant value, which is why H10b was rejected. Thus 

the severity of respondents’ possible health risk did not increase acceptance of future 

My Data based preventive eHealth services. The statistically significant positive effect 

between threat appraisals – vulnerability and behavioral intention however, suggests 

that respondents who perceived higher risk of falling ill were more willing to use My 

Data based preventive eHealth services in the future. Thus consumers, who perceive 
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higher risk of falling ill now or in the future, are more willing to take these services as 

part of their daily life in the future. 

Regression analysis for the interdependencies of health behavior factors was also 

conducted for the threat appraisals. The result of the analysis conducted for the effect 

of threat appraisals on barriers generated a positive beta value of 0,119 for 

vulnerability (Table 17), which is contrary to the results of past research but still 

confirm H11a with a statistically significant p-value. Severity however did not generate 

a statistically significant p-value and H11b was rejected due to that result. Thus the 

severity of respondents’ possible health threats did not have an effect on barriers to 

future My Data based preventive eHealth service acceptance. The statistically 

significant positive effect between threat appraisals – vulnerability and behavioral 

intention however, suggests that respondents who perceived higher risk of falling ill, 

did have more personal impediments and higher resistance to change that decrease 

intention to use future My Data based preventive eHealth services. In another words, 

consumers who perceive higher risk of falling ill now or in the future expected the use 

of future My Data based preventive eHealth services to take too much time and effort 

and change too much of their daily life and the way they are dealing with health related 

matters. 

Also the effect of threat appraisals on performance expectancy was tested with the 

regression analysis for the interdependencies of health behavior factors (Table 18). 

Thus the results generated a significant positive effect only for severity with beta value 

of 0,094 confirming H12b and rejecting H12a. Even though severity did not have a 

direct effect on behavioral intention, the statistically significant positive effect 

between threat appraisals – severity and performance expectancy indicates an indirect 

effect. Thus respondents who perceived possible health threats as more sever did also 

perceive benefits provided by future My Data based preventive eHealth services as 

more important. In another words, consumers who are more aware of the severity of 

possible health threats that they might encounter in the future, saw benefits provided 

by preventive eHealth services to health and health data management that empower 

preventive health behavior as more significant. 
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Thus increasing consumer’s consciousness of possible health treats that can result from 

unhealthy behavior, will increase the acceptance of future My Data based preventive 

eHealth services. In addition, if consumers are more aware how severe it would be to 

encounter these health threats and fall ill, they will value higher the benefits that 

preventive eHealth services are providing and again will have higher intention to use 

them. Perceived Threat Appraisals and especially vulnerability is however a double-

edged sword. Consumers, who are aware of the health threats that their current 

behavior is causing, are also having more personal impediments and resistance to 

change that prevent accepting future My Data based preventive eHealth services. Thus 

even though consumers are willing to use My Data based preventive eHealth services, 

they do not want them to change their life-style and the way they are dealing with 

health related problems. They might for example be afraid of letting preventive 

eHealth services to collect health data into My Data network, since individuals’ health 

condition is a very sensitive and personal matter and My Data is still a new and 

unfamiliar concept for the wider population.  

Consumers who perceive more health threats might also be satisfied with their current 

life-style even though they are aware of the health risks that can result from it. 

According to Floyd et al. (2000), individual’s intrinsic and extrinsic rewards that she 

perceives from current unhealthy behavior, like bodily pleasure and peer approval 

might overcome the perceived benefits of the preventive health behavior and thus 

become barriers to the health protective behavior. Since the use of preventive eHealth 

services aims for behavioral change into a healthier life-style, consumers currently 

living an unhealthy life-style might not yet be ready to make this change and thus their 

personal impediments and resistance to change becomes a barrier for the acceptance. 

4.5.9 H13: Barriers 

Finally, two out of four barrier factors generated from the factor analysis received 

statistically significant beta values for the effect on behavioral intention (Table 15). 

Thus personal impediments generated a negative beta value of -0,103 confirming H13b 

and resistance to change a slightly stronger negative beta value of -0,113 confirming 

H13d. Information risk and perceived technology risk did not generate statistically 

significant beta values and H13a and H13e were rejected. In addition, technology 
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anxiety was dropped from the model as a result of the factor analysis, were it generated 

strong loadings with the self-efficacy variables decreasing the reliability of this 

construct. Thus H13c was rejected due to this result. There was also no evidence of 

the moderating effect of age and experience on the effect of barriers, which is why 

H13f and H13g were rejected. Thus the results indicate that consumers are not worried 

about the security and privacy of their personal data or other risks that might be relate 

to the use and technology of My Data based preventive eHealth services. However, 

barriers related to the acceptance of future My Data based preventive eHealth services 

are more related to the adoption of these services into consumers’ daily life and worry 

about the change that might follow as a result. 

The statistically significant negative effect between barriers and behavioral intention 

suggests that respondents who perceived more personal impediments and resistance 

to change were less willing to use My Data based preventive eHealth services in the 

future. In another words, consumers who perceive that the use of future My Data based 

preventive eHealth services will take too much time and effort and change their daily 

life and the way consumers’ are dealing with health related issues are less willing to 

accept these services. 

4.5.10 Confirmed model of Consumer acceptance of future My Data based preventive 

eHealth services 

Based on the empirical analysis, the final model of consumer acceptance of future My 

Data based preventive eHealth services will be confirmed in the Figure 6. In the new 

model, self-efficacy, barriers and threat appraisals have been divided into sub-factors 

that were confirmed in the factor analysis. Also the hedonic motivation factor and 

moderating effects of age and experience were excluded from the model based on the 

results of the regression analysis.  Gender on the other hand did have a moderating 

effect but only for the effect between performance expectancy and behavioral 

intention. 
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Figure 6. Confirmed model of Consumer acceptance of future My Data based preventive 

eHealth services. 
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5 CONCLUTIONS 

In this chapter the final conclusions of the study will be discussed. First theoretical 

implications will be discussed and the results of this study will be compared to 

previous research. In addition, based on the research results, managerial implications 

will be presented for service designers and marketers. Next the validity and reliability 

of the research will be evaluated along with the limitations of the study. Finally some 

suggestions for future research will be presented in the end of the chapter.   

5.1 Theoretical implications 

This study investigated consumer acceptance of future My Data based preventive 

eHealth services. The goal of the study was to understand what factors affect 

consumers’ intention to use these services in the future and what barriers consumers 

have to the acceptance of these services. Thus the main research question was:  

What factors affect consumers’ acceptance of future My Data based preventive 

eHealth services?  

To answer the main research question, three sub-research questions were determined 

that together answer the main research question. Thus the sub-questions were:  

1. What factors affect consumers’ intention to use future My Data based preventive 

eHealth technologies? 

2. What factors affect consumers’ intention to engage in preventive health behavior? 

 3. What barriers consumers’ have to the acceptance of future My Data based 

preventive eHealth services?  

Based on the previous research, 13 hypothesizes along with sub-hypothesizes were 

formulated. In addition, a research model was formulated based on these hypothesizes. 

Thus the research model and 13 hypothesizes and sub-hypothesizes were tested and 

analyzed to confirm the final research model (Figure 6). 



77 

 

Based on the results of the empirical analysis, the three sub-research question can now 

be answered. Thus factors affecting consumers’ intention to use future My Data based 

preventive eHealth technologies are: performance expectancy, effort expectancy, 

social influence, facilitating conditions and habit. Factors affecting consumers’ 

intention to engage in preventive health behavior on the other hand are: self-efficacy, 

threat appraisals and barriers. Finally, significant barriers to consumers’ acceptance 

of future My Data based preventive eHealth services are resistance to change and 

personal impediments. 

The most important theoretical implication of this study is testing a consumers’ 

technology acceptance model UTAUT 2 in the preventive eHealth context and 

complementing it with health behavior factors self-efficacy, threat appraisals and 

barriers, which has not yet been done in previous research. Thus the three new factors 

increase understanding of consumers’ motivation to engage in preventive health 

behavior, which is the purpose of preventive eHealth services. The model integrated 

from these theories performed well from the perspective of the direct factors. On the 

other hand, what comes to the moderating factors of UTAUT 2, significant results were 

found only for the moderating effect of gender on the performance expectancy. This 

study however confirms the fact that health behavior theories complement technology 

acceptance theories, when studied in eHealth acceptance context. This result is in line 

with Riley et al. (2011), who found need for the health behavior theories to be applied 

in the study of eHealth technology acceptance. 

This study tested UTAUT 2 model in the pre-use consumer preventive eHealth 

acceptance context. One factor from the model, price was excluded already before the 

data gathering and analysis, since no clear pricing models have yet been developed for 

My Data based preventive eHealth services. Also hedonic motivation was excluded 

from the model as an insignificant factor based on the data analysis, thus indicating 

that in pre-use preventive eHealth context, fun and enjoyment do not affect the 

technology acceptance as it did in more generic mobile Internet use context (Venkatesh 

et al. (2012). Thus, hedonic motivation might also have significant effect for the 

acceptance of My Data based preventive eHealth services after the consumer has 

experienced the actual use situation. 
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The results of this study indicate that performance expectancy was clearly the most 

important factor affecting behavioral intention to use future My Data based preventive 

eHealth services and particularly for men followed by habit and vulnerability. The 

result is in-line with the findings of Sun et al. (2013) and confirms the fact that 

performance expectancy is the most important factor affecting preventive eHealth 

acceptance. The result for the moderating effect of gender also confirms the findings 

of Venkatesh et al. (2012) that men pay more attention than women to the functional 

characteristics of new technologies. In preventive eHealth technology acceptance 

literature the effect of habit has not yet received much attention and thus the result 

contributes preventive eHealth research with a new factor. Venkatesh et al. (2012) 

however have studied the effect of habit in the consumer mobile Internet technology 

acceptance context. Thus their findings are in-line with the results of this study 

confirming the fact that technology use habits create stored intentions that can be 

triggered in similar use context. Also the positive effect of vulnerability on intention 

to use preventive eHealth services is in-line with the results of past research (Sun et al. 

2013) confirming the fact that perceived risk of encountering a negative health 

condition will increase consumers’ intention to use preventive eHealth services. 

The positive effect between effort expectancy and behavioral intention was also in line 

with the previous research (Venkatesh et al. 2012; Sun et al. 2013). The effect was 

however somewhat weak, which might be result of the research sample containing for 

the most part students and staff of a university who are particularly familiar with the 

Internet technology. Thus according to Jung and Berthon (2009) difficulty of using 

preventive eHealth services is usually related to the unfamiliarity of Internet. Also self-

efficacy – technology use did have a positive effect on behavioral intention, which is 

in line with findings of Sun et al. (2013) and confirms that consumers’ confidence in 

the ability to use the technology effectively will increase consumers’ acceptance of 

preventive eHealth services. In addition to that, technology use self-efficacy did also 

decrease barriers of acceptance, which is in-line with findings of Bandura (2004) and 

confirms the fact that consumers’ confidence in their ability to perform a behavior that 

leads to a goal (e.g. using preventive eHealth technology to manage health) will 

decrease barriers to performing that behavior (e.g. using preventive eHealth 

technology). 
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Social influence and facilitating conditions both had effect on behavioral intention, 

which is in line with the previous research (Jung & Berthon 2009; Venkatesh et al. 

2012; Sun et al. 2013) confirming that consumers will pay attention to other people’s 

opinions and in addition, to the external resources and conditions that facilitate the use 

of a technology when evaluating new technologies like preventive eHealth services. 

However contrary to the findings of previous research, in this study social influence 

and facilitating conditions had negative effect on behavioral intention. Thus in this 

study the results indicates that even though social influence and facilitating conditions 

are important matters for consumer acceptance of future My Data based preventive 

eHealth services, consumers do not perceive that these factors are existing at the 

moment. In another words, the lack of compatibility, access and support from 

important others has become a barrier that decreases consumers’ intention to use these 

services. While previous research has demonstrated that social influence and 

facilitating conditions have significant positive effect on intention to use preventive 

eHealth services when they exist (Lin 2011; Deng 2013; Lee and Rho 2013), this study 

contributes to preventive eHealth acceptance research that the lack of sufficient social 

influence and facilitating conditions can even become a barrier for the acceptance of 

preventive eHealth services. 

Severity did not have an effect on behavioral intention in this study. Similar results 

have been found also by Sun et al. (2013). Severity did however have a positive effect 

on the performance expectancy, which has not yet been stated in the previous research. 

Thus the result contributes to the preventive eHealth literature that perceived severity 

of possible negative health outcomes that consumers’ might encounter, will increase 

the perceived benefits of preventive eHealth services. 

One of the purposes of this study was to find out significant barriers to consumers’ 

acceptance of My Data based preventive eHealth services. Thus resistance to change 

and personal impediments were the only barriers that had significant effect on 

behavioral intention. According to Bandura (2004) personal impediments to 

preventive health behavior might arise for consumers who feel that they have more 

interesting or important things to do than to manage their health. Floyd et al. (2000) 

follow that if one is used to unhealthy habits like watching TV instead of exercising, 

the cost of losing that pleasure might overcome the perceive benefits of a preventive 
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health behavior and become a barrier. Also the result that resistance to change is the 

other significant barrier is supporting this assumption. Thus consumers, who are not 

ready to make significant changes into their life-style and are more willing to continue 

with their old habits and will have more barriers to use these services. Guo et al. (2013) 

found evidence that resistance to change will generate barriers to eHealth acceptance 

especially for the elderly people. This study however contributes to preventive eHealth 

literature that also younger consumers can have resistance to change that prevent 

accepting these services. 

The effect of vulnerability on barriers was somewhat surprising as it was positive, 

which is in contrast to the results of Wilkowska and Ziefle (2011), who found that 

people more in need of health care will usually pay less attention to the risks related to 

preventive eHealth technology. In our sample data, the overall respondents were 

however less concerned for those health matters that are usually related to chronically 

illness (Table 6 & 7), which indicates that they do not suffer from chronically illness. 

Also the most important health goal for most respondents was promoting general 

wellness (Table 9), which supports this notion. Thus for non-chronically ill consumers, 

perceived vulnerability will increase barriers to preventive eHealth acceptance. The 

result might follow from the fact that My Data is still an unfamiliar concept for the 

wider population and thus consumers who perceive more health threats are not yet 

willing to collect their sensitive health data into an external system like My Data 

network that they are still unfamiliar with. According to Floyd et al. (2000) consumers 

who are aware of the risks of their current life-style might not be willing to change 

their behavior because they generate intrinsic and extrinsic rewards that overcome the 

benefits of healthier life-style. Thus more encouragement and motivation is needed so 

that the benefits of healthier life-style will overcome the rewards of unhealthy life-

style for these consumers. 

Finally, self-efficacy – healthy behavior did have a positive effect on barriers, which 

is contrary to the theory of Bandura (2004). He found that confidence in one’s ability 

to adhere a healthy life-style will decrease barriers to intention to engage in preventive 

health behavior. In this study however, confidence in one’s ability to adhere a healthy 

life-style increased barriers to acceptance of future My Data based preventive eHealth 

services. In addition, self-efficacy – healthy behavior did not have an effect on 
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behavioral intention, thus consumers do not want technology to change the way they 

are keeping themselves healthy even though they might be willing to use the 

technology. The negative effect between facilitating conditions and behavioral 

intention supports this notion as My Data based preventive eHealth services are not 

yet perceived as compatible with consumers’ life-style. 

5.2 Managerial implications 

The goal of this study was to understand what factors affect consumers’ acceptance of 

future My Data based preventive eHealth services so that services designers and 

marketers could develop user driven and attractive services. Thus managers should 

first pay attention to what functional benefits are most attractive to consumers as the 

performance expectancy was the most significant factor affecting acceptance of future 

My Data based preventive eHealth services. In addition, managers should also put the 

most emphasis in these benefits when the services are marketed especially for men. 

Habit was the second strongest determinant of intention to use future My Data based 

preventive eHealth services. Thus managers should take account consumers’ 

technology use habits and stored intentions and change them if they are not similar to 

use of health tracking technologies and strengthen them if they are. According to 

Venkatesh et al. (2012) habits can be changed by affecting to those beliefs that initially 

led to the development of the habits. Thus if consumers have negative perceptions that 

My Data based preventive eHealth services will change their life-style into an 

unpleasant direction, managers could emphasize in the marketing of these services 

how they fit into consumers’ daily life. For example emphasizing use of the service in 

different situations in a comprehensive way creating more positive beliefs that would 

lead to stored intentions. Thus more effort should be placed in marketing for those 

consumers who are still unfamiliar with health tracking technologies.  

Vulnerability was the third strongest determinant of intention to use future My Data 

based preventive eHealth services. Thus managers should increase consumers’ 

knowledge of health risks that may result from an unhealthy life-style with marketing 

campaigns. In addition, increasing consumers’ awareness about the severity of these 

health risks would increase consumers’ perception of the benefits that preventive 
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eHealth services are providing. Service designers on the other hand could increase the 

continued use of preventive eHealth services by designing services that will educate 

the user, what health risks she can avoid by adhering preventive health behavior or 

inform the user what health risks current behavior will increase or decrease. 

Social influence should be taken account when future My Data based preventive 

eHealth services are designed and marketed because the lack of support from opinion 

leaders and people important to the consumer could become a barrier for the 

acceptance. Opinion leaders like physicians, nutrition therapists and coaches should 

be included in promoting preventive eHealth services. Also including social functions 

like possibility to share one’s achievements between friends and family or in a private 

group like sport team or a therapy group to take advantage of peer support could 

increase acceptance of these services. 

Managers should pay attention also to facilitating conditions like compatibility and 

access because the lack of these conditions can become a barrier. Service designers 

should focus on creating services that fit consumers’ current life-style and are 

compatible with technologies that they use like smart phones. Also creating wearable 

devices that are discreet and easy to wear would be important so that using them all-

day would be comfortable. My Data based preventive eHealth services are also very 

dependent on the Internet connection. However, the quality of the connection can vary 

a lot especially in the rural areas. Thus service designers should pay attention to 

creating services that can be accessed anytime and anywhere, even though the quality 

of Internet connection might vary geographically. In marketing campaigns, emphasis 

should be put on increasing consumers perceptions that My Data based preventive 

eHealth services fit well in the daily life of consumers by presenting use situations 

comprehensively for example at home, in work, while exercising and while sleeping.  

Effort expectancy and self-efficacy – technology use did have effect on intention to use 

My Data based preventive eHealth services. Thus managers should focus on creating 

services that are easy to use and in addition provide assistance and education for 

consumers to increase their confidence to use the system to manage their health. 

Technology use self-efficacy also increased performance expectancy and decreased 

barriers, which is why managers should put emphasize on increasing consumers’ 
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confidence to use these new systems in marketing campaigns. Service designer on the 

other hand should develop systems that give clear guidelines and assistance for 

consumers on how to use the system for health management. 

Significant barriers that decrease consumers’ intention to use future My Data based 

preventive eHealth services were resistance to change and personal impediments. In 

addition, consumers’ confidence in their ability to adhere a healthy life-style and on 

the other hand, higher perceived health risks both increased barriers to acceptance. 

Thus to encourage consumers’ who are confident in their ability to adhere a healthy 

life-style, managers should focus on developing services that fit for consumers’ current 

way of living healthy life. In addition increasing their confidence to use preventive 

eHealth services with education, assistance and guidelines would decreased barriers 

and also increased perceived benefits of preventive eHealth services. With consumers 

who perceive more health risks, managers should focus on emphasizing benefits of 

behavioral change that overcome rewards of unhealthy behavior. Increasing 

consumers’ consciousness about the severity of the health risks could for example 

increase the perceived benefits. My Data is however still a new concept for the wider 

population and is probably one of the things that cause resistance to change because 

consumers do not yet know the concept very well. Thus managers should also focus 

on informing consumers about the benefits of My Data and how it will change the way 

health data will be organized. 

5.3 Research validity and reliability 

Reliability and validity are both terms that describe how reliable the results of the 

research are. Reliability can be divided into internal reliability and external reliability. 

Internal reliability means that measuring the same sample unit will generate similar 

results in different measuring occasions. External reliability on the other hand indicates 

that the research instrument could be repeated also in other survey in different 

occasions (Heikkilä 2008:187). Thus reliability refers to the repeatability of the 

research instrument between different surveys and occasions with fairly similar results 

(Metsämuuronen 2006, 43.) Defective reliability might result from random errors in 

the sample data, which can again cause by small sample size or measuring errors 

(Heikkilä 2008:187). In this study the sample size was fairly large, 855 answers, which 
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increases the reliability of the research. In addition, the research instruments of the 

study were adapted from previous research, which ensures that they have already been 

tested with a large sample data. The instruments adapted from previous research were 

also tested with a factor analysis and those instruments that generated high cross 

loadings with other instruments were removed to ensure internal consistency. The 

reliability of research instruments confirmed in factor analysis was also tested with 

Cronbach’s Alfa and almost all instruments generated a good value of over 0,7. 

Validity can also be divided into internal validity and external validity. External 

validity refers to the generalizability of the results for other studies (Metsämuuronen 

2006:43), while internal validity indicates that the measures are equivalent to the 

concepts presented in the theory or in another words, if they are measuring what they 

are supposed to measure (Heikkilä 2008:186). In this study the internal validity was 

increased by applying all the measure from previous research. However, some 

modification for the original measures had to be made as this study investigated 

consumer acceptance in pre-use context and most of the original measures were 

developed to test the actual use situation.  

Other forms of validity are face validity, convergent validity and divergent validity. 

Face value indicates to what extent the measure is measuring what it is supposed to 

measure. Convergent validity is met if the multiple measures of the same construct are 

generating similar results. And finally, divergent validity refers to what extent a 

construct is measuring a different matter then another construct. (Ghauri & Grønhaug 

2005:83.) To increase the face value in this study, all measures were reviewed by 

experienced researcher before the survey was conducted. Convergent validity and 

divergent validity on the other hand were confirmed by conducting a confirmatory 

factor analysis. Thus based on the factor analysis, measures generating loadings under 

the same factors were confirmed as one factor. In addition, different factors were 

distinguished from another factors based on the factor loadings. 

5.4 Limitations 

The research context of future technologies and services, which haven’t been 

developed yet to their fullest potential, poses some limitations for this study. The 
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quantitative survey was not based on a real use situation and thus the target group did 

not experience the actual use of the service. Because of this, some modifications had 

to be made for the original scales from previous research so that the constructs could 

be measured based on the respondents imaging the use situation in the future. The 

moderating effect of experience and direct effect of habit had to be measured based on 

the use experience of technologies that possibly are related to the My Data based 

preventive eHealth services in the future. In addition, responses related to other direct 

factors were based on respondents imaging the use of the system based on a generic 

description.  

Another limitation for this study is the target group of university staff and students. 

Even though the survey link was send also to university staff with non-academic 

background, there is no certainty how large group of them answered to the survey. 

Thus, it is likely that the majority of respondents were students, researchers or 

university professors with an academic background, which limits the generalizability 

of the results to the whole population of Finnish citizen of working age with a varying 

educational background. Based on the overview of the research sample, it was evident 

that the majority (> 80 %) of the respondents were particularly young (36 years old) 

consumers and in addition, two thirds of the overall respondents were women. Thus 

this demographic unbalance in the distribution of the respondents will also limit the 

generalizability of the results into other demographic groups. 

5.5 Suggestions for future research 

In this study the acceptance of future My Data based preventive eHealth services was 

investigated in pre-use context. There is no evidence about the continued use and how 

the actual use experience would affect consumers’ intention to use these services in 

the future. Thus future research should test the acceptance of these services in the 

actual use context and investigate how the direct factors are performing in that context. 

In addition, no moderating effect was found for the experience in this study. The result 

might however be different in actual use situation. Thus future research should study, 

how the use experience of My Data based preventive eHealth services will affect the 

direct factors of behavioral intention. 
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The respondents of this study were students and staff of University of Oulu. In 

addition, majority of the respondents were particularly young. Future research should 

test the acceptance of future My Data based preventive eHealth services with different 

demographic groups and with respondents having different educational background. 

Thus to achieve acceptance of wider population, it is necessary to study also other 

demographic groups and their attitudes for these technologies. 

Hedonic motivation was excluded from the model in this study. The result does not 

however exclude the fact that designing preventive eHealth services that encourage 

people to exercise and promote healthier life-style in a fun or entertaining way would 

be beneficial. In mobile Internet context for example, Hedonic Motivation was the 

most important predictor of consumer technology acceptance (Venkatesh et al. 2012). 

Thus in this study the characteristics of the preventive eHealth services that were 

studied were somewhat generic and could be connected into both utilitarian services 

like gym trackers and hedonic services like exercise games. Thus future research 

should investigate if hedonic motivation plays a more important role in more 

entertaining preventive eHealth services like exercise games and health learning 

games. In addition, since preventive eHealth services aim for behavioral change in 

consumers’ life-style. Further research should emphasize on how these services can 

encourage consumers to continue healthy lifestyle in a long run. 

This study investigated what factors affect consumer acceptance of future My Data 

based preventive eHealth service. All the factors were based on previous research and 

thus special characteristics related to My Data were not investigated. Thus future 

research should apply qualitative methods to investigate what special characteristics 

the concept of My Data brings into the factors that affect consumers’ technology 

acceptance. In addition, significant barriers to the acceptance were found in this study. 

Future research should however investigate more firmly, what My Data and preventive 

eHealth related matters cause resistance to change and personal impediments that 

affect consumer acceptance. It was also evident that consumers do not yet perceive 

that these services are compatible with their life-style. Thus future research should 

apply qualitative methods to study and describe how these services could be developed 

to fit into the daily lives of consumers.  
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My Data and its utilization is still a very new and understudied concept. Thus future 

research should focus more on studying the concept of My Data and what kind of 

attitudes consumers have towards it. My Data can provide benefits for other fields too 

than health, thus future studies should investigate consumer attitudes and acceptance 

towards My Data based services in general and compare if consumer attitudes differ 

between different service concepts. 
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APPENDICES 

Appendix 1: Survey Items 

 

  

Scale source

18-25 26-35 36-45 46-55 56-65 66-

Man Woman

New scale

New scale

New scale

New scale

New scale

New scale

New scale

(Venkatesh et al. 2012)

(Venkatesh et al. 2012)

(Venkatesh et al. 2012)

(Limayem et al. 2007)

Other health application in smart phone

I have never tried corresponding technologies or services.**

**(If you chose "I have never tried corresponding technologies or services", 

you can move directly to the question 6.)

(1=Completely disagree; 2=Somewhat disagree; 3=To not agree or disagree; 

4=Somewhat agree; 5=Completely agree)

Survey Items

6. How important the next health related matters are for you?

Health Management Attitude (Background factor)

1=Not important at all; 2=Slightly important; 3=Reasonably important; 

4=Fairly important; 5=Very important

Habit1: The use of this technology/service has become a habit for me.

Mental wellness

Blood pressure management

Cholesterol management

Blood sugar management

Habit2: I am addicted to using this technology/service.

Habit3: I must use this technology/service.

Habit4: Using this technology/service to manage my health is an obvious 

choice for me.

Weight management

Good sleep

Stress management

Regular exercise

Healthy diet

Reasonable alcohol consumption

Non-smoking

4. Choose next the technology/service that you have the most experience on.

5. Evaluate the matters in the next section from the perspective of the 

technology/service you chose in question 4.

Habit

1. How old are you?

Age

2. What is your sex?

Gender

Exp6: Exercise application in smart phone

Exp7: Other health application in smart phone

Heart rate monitor and/or censor

Activity tracker

Pedometer

Other wearable device

Exp1: Heart rate monitor and/or censor

Exp2: Activity tracker

Exp3: Pedometer

Exp4: Other wearable device

Exp5: Nutrition application in smart phone

Technology/Service with the most experience on (Background factor)

Preventive eHealth related technology use Experience

3. How much experience you have on the following technologies/services?

(1= I have never tried; 2= I've tried less than a month; 3= Over 1 month but 

less than 3 months; 4= Over 3 months but less than 6 months; 5= over 6 

months)

Nutrition application in smart phone

Exercise application in smart phone
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(Lin 2011)

(Deng 2013)

New scale

New scale

New scale

(Venkatesh et al. 2012)

(Venkatesh et al. 2012)

(Sun et al. 2013)

(Hung & Jen 2010)

(Venkatesh et al. 2012)

(Venkatesh et al. 2012)

(Venkatesh et al. 2012)

(Lin 2011)

Promoting general wellness

Bodybuilding (increasing muscle or toning up)

Challenging my-self

SI2: People who influence my behavior think that I should use the service.

Performance Expectancy

10. Evaluate the following benefits-related matters for you from the 

perspective of preventive eHealth service adoption.

(1=Not important at all; 2=Slightly important; 3=Reasonably important; 

4=Fairly important; 5=Very important)

(1=Not important at all; 2=Slightly important; 3=Reasonably important; 

4=Fairly important; 5=Very important)

SI1: People who are important to me think that I should use the service.

12. Evaluate next the importance of other people's opinions and information 

gained through media channels for the adoption of preventive eHealth 

services.

Social Influence

Smoking

Stress

Blood pressure

Cholesterol

Blood sugar

Weight

11. Evaluate next the significance of ease associated with the adoption of 

preventive eHealth services.

PE2: The service is helpful in managing one's health data.

PE3: The services helps to utilize one's own health data.

PE4: The services gives feedback on how behavior affects health.

PE5: The services educate one to affect his/her own health.

(1=Not important at all; 2=Slightly important; 3=Reasonably important; 

4=Fairly important; 5=Very important)

Rehabilitation

(1=Never; 2=Yearly; 3=Monthly; 4=Weekly; 5=Daily)

Performance maximizing or competition

(1=Never; 2=Yearly; 3=Monthly; 4=Weekly; 5=Daily)

Weight

Sleep

Exercise

Nutrition

7. When do you monitor the following factors that affect your health?

Health Monitoring (Background factor)

Alcohol consumption

Promoting health

Losing or managing weight

SI3: People whose opinions I value prefer that I use the service.

SI4: Before the use situation, I have learn about the importance of these services from TV broadcast, 

newspaper, and other media.

EE1: Learning how to use the service is easy for me.

EE2: Interaction with the service is clear and understandable.

EE3: I can get the services to do what I want them to do.

EE4: Instructions for using the service will be easy to follow.

Effort Expectancy

PE1: The service helps one to the monitor her health.

8. Have you tried to change the following factors that affect your health?

Preventive Behavior (Background factor)

9. What is the most important goal for you related to health management?

Health Goal (Background factor)

Sleep

Exercise

Nutrition

Alcohol consumption

Smoking

Stress
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(Venkatesh et al. 2012)

(Venkatesh et al. 2012)

(Deng 2013)

(Moore & Benbasat 1991)

(Moore & Benbasat 1991)

(Venkatesh et al. 2012)

(Venkatesh et al. 2012)

(Venkatesh et al. 2012)

(Deng 2013)

(Deng 2013)

(Sun et al. 2013)

(Moorman & Matulich 1993)

(Moorman & Matulich 1993)

(Moorman & Matulich 1993)

(Deng 2013)

(Lin 2011)

(Deng 2013)

(Sun et al. 2013)

(Sun et al. 2013)

(Sun et al. 2013)

(Deng 2013)

(Deng 2013)

(Deng 2013)

(Deng 2013)

(Deng 2013)

(Sun et al. 2013)

(Guo et al. 2012)

(Guo et al. 2012)

(Guo et al. 2012)

(Guo et al. 2012)

(Guo et al. 2012)

(Guo et al. 2012)

(Im et al. 2007)

(Im et al. 2007)

(Im et al. 2007)

Technology use

BA13: It is probable that these services would frustrate me because of their poor performance. 

BA12: Mobile health services are intimidating to me. (changed to SE)

15. Evaluate your capability to achieve the following goals.

Self-Efficacy

HM1: Using the service is fun.

HM2: Using the service is enjoyable. 

HM3: Using the service is very entertaining. 

(1=Not important at all; 2=Slightly important; 3=Reasonably important; 

4=Fairly important; 5=Very important)

Facilitating Conditions

BA14: Comparing with other technologies, these services have more uncertainties.

BA3: I am concerned that the reliability of health information provided by 

BA11: I hesitate to use technology for fear of making mistakes I cannot correct.

SE6: It's easy for me to exercise three days a week. 

SE1: I would be confident in using preventive eHealth services even if there was no one around to show me how 

to use them.

16. Evaluate the following matters from the perspective of your own health.

(1=Completely disagree; 2=Somewhat disagree; 3=To not agree or disagree; 

4=Somewhat agree; 5=Completely agree)

SE4: It is easy for me to cut back on unhealthy treats.

SE5: It is easy for me to eat fresh fruits and vegetables regularly.

Information risk

Personal impediments

Resistance to change

Technology anxiety

Technology risk

Healthy behavior

Vulnerability

Severity

BA8: I don’t want the services to change the way I deal with health-relevant problems.

BA9: I don’t want the services to change the way I keep myself healthy. 

BA10: I don’t want the services to change the way I interact with other people.

BA1: I am concerned that the services are not adequately secure and that 

they might lead to the leak or abuse of my personal information. 

BA6: I have to spend effort on learning how to use the services.

13. Evaluate next the importance of external resources and conditions for you in 

supporting the adoption of preventive eHealth services.

SE3: I have the skills necessary to learn and use preventive eHealth services.

(1=Not important at all; 2=Slightly important; 3=Reasonably important; 

4=Fairly important; 5=Very important)

SE2: I feel confident managing my health with preventive eHealth services.

(1=Not important at all; 2=Slightly important; 3=Reasonably important; 

4=Fairly important; 5=Very important)

FC1: The services are compatible with other technologies I use.

FC2: I can get help from others when I have difficulties using the service. (changed to EE)

FC3: I would be able to use the service at any time, from anywhere.

FC4: Using the service fits into my life-style.

FC5: Using the service fits well with the way I like to do thing. 

14. Evaluate next the importance of enjoyment from the perspective of 

acceptance of preventive eHealth services.

Hedonic Motivation 

Threat Appraisals

17. Evaluate the following matters as possible barriers for your acceptance 

of preventive eHealth services.

Barriers

TA1: I find that I can fall ill easier than others.

TA2: I find that my health is getting poor than times before.

TA4: If I suffered the stated problems, it would be severe. 

BA4: I am concerned that I might forget to use the service.

BA5: I am concerned that I might be too busy to use the service.

BA7: I don’t want the services to change the way I currently live. 

TA5: If I suffered the stated problems, it would be serious. 

TA6: If I suffered the stated problems, it would be significant.

TA3: I find that I can suffer from high blood pressure, diabetes heart disease 

and other chronic diseases in the future.

BA2: I am concerned that the services would violate my privacy.

BA15: It is uncertain whether the service would be as effective as I think. 

(1=Completely disagree; 2=Somewhat disagree; 3=To not agree or disagree; 

4=Somewhat agree; 5=Completely agree)
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(Lin 2011)

(Koivumäki, Ristola & Kesti 2008)

(Lin 2011)

BI1: If necessary, I would use the service.

18. Evaluate your willingness to take preventive eHealth services as part of 

your daily-life in the future. 

Behavioral Intention

BI2: If available, I would use the service in the future.

BI3: As a whole, I am highly willing to use the service. 

(1=Completely disagree; 2=Somewhat disagree; 3=To not agree or disagree; 

4=Somewhat agree; 5=Completely agree)


