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Abstract. This study addresses a crucial gap in current literature by examining
the use of MyData-based health apps among individuals aged 50 and above in
the UK and Nordic nations. With the advancement of personalized health tech-
nologies, understanding the factors influencing adoption among the elderly is
essential. The research provides insights tailored to this demographic within the
broader framework of digital health adoption. The primary scientific objective
was to identify technological and health-related factors influencing the willing-
ness of senior adults (50 and above) to use MyData-based preventive healthcare
applications. The conditions for adoption, technological considerations, health-
related variables, willingness to share MyData, and demographic variations were
explored.Grounded in theUniversal Theory ofAcceptance andUse of Technology
(UTAUT2) and Health Protection Motivation components, the research employed
a quantitative approach, integrating a new concept called sharing personal data
into the framework. Data collection occurred through an online survey in the UK
and the Nordic region, yielding 374 responses from the Nordic sample and 1165
from the UK sample, resulting in a cleaned dataset of 1016. Findings revealed the
significance of willingness to share MyData for both the UK and Nordic regions,
with performance expectancy emerging as an outstanding technological factor
for the Nordic population, but not for the UK. Across nations and genders, self-
efficacy is portrayed as a strong driver in health-related aspects. These contribute
to academic knowledge and have societal value by guiding the development of
digital health solutions for the elderly, ultimately improving their quality of life
and health outcomes.
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1 Introduction

1.1 Overview

The pervasive integration of technology in our daily lives has transformed healthcare
solutions, drawing significant attention to medical issues. The If Nordic Health Report
2023 [28] highlights prevalent health concerns, yet a considerable percentage (26%) of
those experiencing health issues do not seek help. Confidence in the public healthcare
system is relatively low, with only 45% expressing trust. The State of Health and Care
of Older People, 2023 (abridged) [29] reveals high rates of long-term health conditions
among individuals over 85 in England, demanding a revival of healthcare systems due
to these failures.

The adoption of technology in healthcare, particularly mobile health apps, has
expanded the reach of patient treatment beyond traditional one-on-one interactions.
However, the aging population and healthcare capacity constraints underscore the need
for preventive health applications. These apps collect personal data of individuals. The
MyData approach suggests a human-centric personal data model, empowering indi-
viduals with their data, transitioning from mere protection to enabling individuals to
utilize their data for their benefit [19]. Additionally, it calls for open ecosystems, chal-
lenging the dominance of large platforms and promoting individual control over data
flow [27]. The MyData principles include human-centric control, individual integration,
empowerment, portability, transparency, and interoperability [27]. The study innova-
tively incorporates the willingness to share personal data, identified as a significant fac-
tor to represent MyData approach, into traditional UTAUT2 constructs, adding a novel
dimension. Additionally, the study addresses gaps by exploring the role of MyData in
preventive healthcare, an aspect often overlooked in previous studies.

Prior research has primarily focused on specific geographic regions, prompting this
study to conduct a comparative analysis between two areas. Notably, there is a scarcity
of studies targeting the elderly population, with fewer quantitative studies exploring the
consumer perspective.

While existing studies onMyData-based healthcare services predominantly originate
from China and the USA, emphasizing a government-centered data policy, European
countries follow the GDPR, making the MyData concept more applicable. Despite a
limited number of studies on consumer adoption in EU countries, this study contributes
valuable insights to the literature from a European perspective.

1.2 Related Work

Following thorough literature research, eight key ideas explaining the adoption of a
technology were found. These are: Technology acceptance model (TAM), Theory of
reasoned action (TRA), Theory of planned behavior (TPB), Motivational model, Com-
bined TAM and TPB, Model of personal computer use, Diffusion of innovations theory
and Social cognitive theory [26]. Every theory has a distinct origin and diverse variables
that measure in different contexts.

Recently, all eight of the aforementioned theories were combined to create the Uni-
versal Theory ofAcceptance andUse ofTechnology (UTAUT),whichwas established by
[24]. They discovered that the UTAUT performed better than the eight separate models,
and it is thought to be the most comprehensive acceptance model.
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Nevertheless, diverse frameworks have been employed in numerous studies exam-
ining the acceptance of healthcare technology applications by consumers. Specifically,
[17] and [4] exclusively delve into MyData-based healthcare applications, employing
the UTAUT2 model due to its contemporary and superior performance in technology
adoption studies. However, [17], in addition to UTAUT2, incorporates three constructs
from health behavior theories, rendering it more specialized and tailored to the consumer
perspective within the healthcare services sector. Consequently, this research draws sub-
stantial inspiration from [17], as it seamlessly integrates both technical and healthcare
domains.

1.3 Theoretical Framework

The conceptual framework for this study is a modification of Koivumäki et al. [17]
which integrates UTAUT2 and health protection motivation constructs. Figure 1 shows
the proposed conceptual framework for this study.

Fig. 1. The Proposed Conceptual Framework for this Study.

Utaut2
The traditional constructs of Performance Expectancy (PE), Effort Expectancy (EE),

Social Influence (SI), Facilitating Conditions (FC) of UTAUT2, along new construct,
willingness to share personal data has been introduced based on findings of [25].

Performance Expectancy (PE).
Anticipated benefits of using technology in preventive eHealth services play a crucial

role in influencing behavioral intention, as individuals expect assistance in avoiding ill-
nesses through technological applications [11]. Numerous studies focusing on the accep-
tance of information technology and preventive eHealth have consistently identified
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performance expectancy as the most influential factor influencing behavioral intention
[24].

• Hypothesis 1: Behavioral Intention (BI) is positively influenced by Performance
Expectancy (PE).

Effort Expectancy (EE).
The perceived ease of usage, known as effort expectancy, significantly influences

the acceptance of preventive eHealth services, particularly among older consumers [22].
Individuals are more likely to embrace a new system if its adoption is perceived as
straightforward [23]. Difficulties encountered in utilizing preventive eHealth technology
are frequently associated with users’ lack of familiarity with the internet in a broader
context [13, 14]. The perception of a technology’s ease of use is positively correlated
with the intention to use that particular technology [24].

•Hypothesis 2:Behavioral intention (BI) is positively influencedbyEffort expectancy
(EE).

Social Influence (SI)
Various social circles, including friends, family, and healthcare professionals, sig-

nificantly shape individuals’ perceptions and attitudes. Social influence, manifested
through guidance andmotivation, is identified as a positive factor influencing Behavioral
Intention (BI) [18, 24].

•Hypothesis 3: Behavioral intention (BI) is positively influenced by Social influence
(SI).

Facilitating Conditions
Users’ perception of organizational and technical support structures significantly

impacts the utilization of preventive healthcare services. Facilitating conditions impact
both the intention to use and the actual usage behavior of the health information system
[1, 24].

•Hypothesis 4: Behavioral intention (BI) is influenced positively by Facilitating
Conditions (FC).

Willingness to Share Personal Data
Upon understanding potential benefits and risks, many users express readiness to

share data, with or without de-identification [25].
•Hypothesis 10: Behavioral intention (BI) is positively influenced by willingness to

sharing Personal data (SP).
Health Related Constructs

The study incorporates three theories—Health Belief Model (HBM), Protection
Motivation Theory (PMT), and Social Cognitive Theory (SCT) —to explore preventive
eHealth.

The HBM looks at what makes people decide to do or not do health-related activities,
emphasizing the idea that doing these activities can stop diseases. Perceived barriers,
perceived benefits, severity, and vulnerability, with an added self-efficacy component
from SCT forms the HBM. PMTwas formulated to understand the impact of fears about
health affect thoughts and actions, proposing that thinking about dangers and how well
someone canhandle them leads to thedecision to adopt healthybehaviors. PMTconsiders
factors like severity, vulnerability, response cost, response efficacy, and self-efficacy.
SCT examines the intention to engage in health-protective activities, emphasizing self-
efficacy and providing guidance for behavioral change [17].
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Self-efficacy
Self-efficacy is the belief in effectively achieving positive outcomes which aligns

with the Theory of Planned Behavior. It encourages ambitious goals, fosters learning,
and positively influences the acceptance of preventive eHealth services. In adopting
healthier habits through eHealth services, self-efficacy plays a crucial role, increasing
the likelihood of success and the belief in improved health outcomes [21].

•Hypothesis 5: Behavioral intention (BI) is positively influenced by Self-efficacy
(SE).

High self-efficacy plays a crucial role in overcoming cognitive barriers, as confident
individuals see challenges as manageable and persist in pursuing goals [2]. In the context
of protection motivation theory, individuals’ choices for preventive health actions are
influenced by evaluating benefits and threats, with high self-efficacy reducing perceived
barriers and increasing commitment to goals [8].

•Hypothesis 6: Perceived barriers (BA) are negatively influenced by Self-efficacy
(SE).

Threat appraisals
Individuals who perceive a higher threat are more motivated to adopt healthy behav-

iors, expecting stronger intentions to engage in preventive health actions and encounter-
ing fewer obstacles in using eHealth services [12]. This holds true even for those with
higher healthcare needs, although they may pay less attention to risks. Furthermore,
individuals with heightened threat perceptions find preventive eHealth services more
useful, particularly if they perceive high health threats [15].

•Hypothesis 7: Behavioral intention (BI) is positively influenced byThreat appraisals
(TA).

•Hypothesis 8: Perceived barriers (BA) is negatively influenced by Threat appraisals
(TA).

Perceived Barriers
Concerns regarding information and technology risks, lifestyle changes, and techno-

logical anxiety among elderly users contribute to cognitive barriers against adopting pre-
ventive eHealth services [9]. These barriers include fears of informationmisuse, invasion
of privacy, equipment imprecision, and high costs [6, 12, 22]. According to the Health
Belief Model, perceived barriers strongly affect the intention to adopt health-protective
actions. Consequently, individuals facing obstacles in using preventive eHealth technolo-
gies, including MyData-based services, are likely to have minimal intention to engage
in health behavior.

•Hypothesis 9: Behavioral intention (BI) is negatively influenced by Perceived
barriers (BA).

2 Methods

2.1 Research Approach

The study aimed to understand the factors influencing elderly citizens (aged 50 and
above) in adopting MyData-based preventive health applications. Data was collected
through a quantitative, web-based survey accessible via mobile devices, following sim-
ilar approaches used in previous studies [16, 17]. Quantitative research, known for its
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numerical data and statistical analysis, was chosen as it addresses questions about who,
what, when, where, and how many elements are being examined [7]. This method,
favored by businesses for decision-making, aligns with the study’s focus on the customer
perspective.

The survey underwent verification and refinement with collaboration from Profes-
sor Timo Koivumäki from Oulu Business School and Aki Kuivalainen from Predicell.
Initially prepared in English, it was later translated into Finnish and Swedish. Google
Forms facilitated data collection due to its accessibility and user-friendly nature. Purpo-
sive sampling targeted citizens aged 50 and above in specific Nordic and UK regions.
Various channels, including LinkedIn, Facebook, Twitter, and university of Oulu staff
emails, were utilized for distribution. Motivational incentives included Amazon gift
cards for raffle winners. Privacy measures ensured complete anonymity, explaining the
purpose of data collection and obtaining consent from participants, separate collection of
email addresses for the raffle, storing data for a maximum of a year and compliance with
GDPR. The survey covered three sections: demographic information with age gender
and level of education, a five-point Likert scale questions section with 1 for Strongly
disagree and 5 for Strongly agree, and a conclusion with the raffle draw link. The UK
demographic section differed slightly, collecting only age and gender.

2.2 Data Collection and Analysis

The UK survey received 1165 responses over one week, with the first 352 lacking
demographic details initially. TheNordic survey spanned fourmonths, accumulating 374
responses—330 English, 40 Finnish, and 4 Swedish. After closing the surveys, data was
downloaded and underwent initial cleaning in Excel, including dropping unnecessary
columns and renaming headers. Further preprocessing in Python involved filtering out
respondents below 50, discarding entries lacking age and gender in the UK dataset,
converting gender and country columns to numeric format, and merging the datasets
into one with 1016 records. The highest number of responses for the Nordic survey was
collected from e-mail followed by Twitter, Facebook and LinkedIn. In the UK survey,
Facebook and Reddit were the primary sources of responses.

Initially, a sample analysis was conducted to identify the gender distribution in each
market and overall. Subsequently, the distribution of responses by countrywas examined.
Structural Equation Modeling (SEM), based on maximum likelihood estimation, was
applied to analyze the conceptual framework of the research, following the approach of
[17] and [4] using SPSSAMOS28.While the overall SEM for the conceptual framework
exhibited a good fit, none of the latent variables showed a significant relationship with
the dependent variable ‘behavioral intention.’ Consequently, separate SEM analyses
were conducted for UTAUT2, and health behavior constructs to explore their impact
on behavioral intention. Multi-group analysis was performed to assess the influence of
country and gender on behavioral intention.

The data analysis involved three steps:

1. Assessment of model fit:
• RootMean Square Error ofApproximation (RMSEA):A lowRMSEAvalue indicates
a good fit, with a value below 0.8 considered reasonable [3].
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• Tucker-Lewis Index (TLI) and Comparative Fit Index (CFI): Values close to 0.95 for
both TLI and CFI are indicative of a good fit [10].

2. Confirmatory Factor Analysis:

This step examined the association of factors with latent variables, considering a
confidence interval of 95%. P values below 0.05 were identified as significant, and
insignificant relationships were omitted, repeating the analysis until all second-order
constructs were significant.

3. Hypothesis Validation using SEM:

SEMwas conducted, and correlations between latent variableswith behavioral inten-
tionwere accepted if the pvaluewas less than0.05, considering a 95%confidence interval
and a significance level of 0.05.

3 Results

3.1 Sample Characteristics

Figure 2 displays the breakdown of responses from the UK and Nordic countries. The
majority of the data, constituting 72.5%, has been gathered from the UK, while the
remaining 27.5% represents data collected from the Nordic population. Figure 3 illus-
trates the percentage distribution of gender in the overall dataset. The sample is predom-
inantly composed of males (61.4%), followed by females (38.4%), with the remaining
0.2% representing others or individuals who chose not to specify their gender.

Fig. 2. Data distribution by country Fig. 3. Data distribution by gender

Figure 4 displays the gender breakdown in the UK, with the majority consisting of
60.2% males, 39.6% females, and 0.1% falling into the other/not disclosed category.
This distribution mirrors that of the total dataset and the Nordic populations. Figure 5
illustrates the gender distribution in the Nordic population, highlightingmale dominance
at 64.5%, females constituting 35.1%, and the others/not disclosed category making up
0.4%.
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Fig. 4. Data distribution by gender in UK
sample

Fig. 5. Data distribution by gender in Nordic
sample

3.2 Data Analysis Using SEM

Figure 6 presents the path diagram illustrating the UTAUT2 constructs drawn using
SPSS AMOS 28. The latent variables include Performance Expectancy (PE), Effort
Expectancy (EE), Social Influence (SI), Facilitating Conditions (FC) fromUTAUT2, and
sharing personal data (SP). Each latent variable consists of second-order factors, such
as PE1, PE2, PE3, and PE4 for performance expectancy, and so forth. The Behavioral
Intention (BI) serves as the dependent variable and has three second-order factors. The
curved double-headed arrows indicate the correlations between the latent variables.

Fig. 6. Path diagram for UTAUT2

SEM was conducted for the path diagram of health protection motivation constructs
through a multi-group analysis for the UK group and Nordic group, considering both
males and females. The model fit indices are detailed in Table 1. According to Table 6,
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the UTAUT2 model demonstrates a good fit for the UK sample, meeting the baseline
comparison values, including an RMSEA below 0.8, a TLI nearly equal to 0.95, and a
CFI equal to 0.95. In all the scenarios when applying UTAUT2 irrespective of country
and gender, the second order factors showed significant positive relationship to the
corresponding latent variable further validating the model.

Table 1. UTAUT2 model fit indices

Fit Index Value Baseline comparison

RMSEA 0.029 < 0.8

TLI 0.936 ∼= 0.95

CFI 0.95 = 0.95

The regression table (Table 2) for the UK group, utilizing maximum likelihood
(ML) estimation, highlights the strength of the relationship, sign indicates the direction,
Standard Error (S.E.), Critical Ratio (C.R.), and p-value of relationships between latent
variables (PE, EE, SI, FC, and SP). Except SP other latent variables (PE, EE, SI, and
FC) do not significantly impact behavioral intention.

Table 2. ML estimations for UK group using UTAUT2

Hypothesis Estimate S.E C.R P

BI <--- PE 0.797 0.51 1.562 0.118

BI <--- EE -1.227 1.35 -0.909 0.363

BI <--- SI -0.031 1.018 -0.031 0.976

BI <--- FC -0.343 0.965 -0.355 0.722

BI <--- SP 1.708 0.756 2.26 0.024

Table 3 demonstrates significant positive associations among latent variables (PE,
EE, SI, FC, and SP), indicating a robust interplay between these constructs.

Contrastingly, in the Nordic population (Table 4), performance expectancy (PE),
willingness to share personal data (SP), and effort expectancy (EE) significantly influence
behavioral intention. However, effort expectancy is negatively correlatedwith behavioral
intention.

Table 5 confirms that all latent variables positively and significantly impact each
other, emphasizing strong interrelations among the model’s constructs.

For the entire male population (Table 6), the latent variables do not significantly
influence behavioral intention.

Covariances in Table 7 reveal significant correlations among latent variables
associated with PE, EE, SI, FC, and SP, indicating positive relationships.
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Table 3. Covariances for UK group using UTAUT2

Estimate S.E C.R P

PE <-- > EE 0.414 0.033 12.354 ***

PE <-- > FC 0.357 0.03 11.804 ***

PE <-- > SP 0.347 0.03 11.373 ***

PE <-- > SI 0.39 0.032 12.117 ***

EE <-- > FC 0.356 0.031 11.656 ***

EE <-- > SP 0.333 0.03 11.102 ***

EE <-- > SI 0.364 0.031 11.61 ***

FC <-- > SP 0.318 0.029 11.033 ***

FC <-- > SI 0.352 0.03 11.65 ***

SP <-- > SI 0.322 0.029 10.94 ***

Table 4. ML estimations for Nordic group using UTAUT2

Estimate S.E C.R P

BI <--- PE 1.514 0.449 3.374 ***

BI <--- EE -1.591 0.46 -3.456 ***

BI <--- SI 0.032 0.34 0.093 0.926

BI <--- FC 0.104 0.166 0.627 0.53

BI <--- SP 0.734 0.28 2.622 0.009

BI2 <--- BI 0.834 0.075 11.056 ***

Table 8 illustrates that among females, latent variables PE, EE, SI, and FC do not sig-
nificantly impact behavioral intention. Still, SP is significant. Table 9 highlights positive
associations between latent constructs, with statistically significant estimates, suggesting
robust relationships among these constructs.

Figure 7 depicts the path diagram for the health protection motivation constructs
model, featuring latent variables like Self-Efficacy (SE), Threat Appraisals (TA), and
Perceived Barriers (BA), each with its set of second-order factors. Behavioral Intention
(BI) serves as the dependent variable, connected to three second-order factors. Curved
double-headed arrows denote correlations between the latent variables.

Structural Equation Modeling (SEM) was employed for the health protection moti-
vation constructs path diagram using multi-group analysis, considering the UK group,
Nordic group, males, and females. The model fit indices in Table 10 indicate a well-
aligned health model with the UK sample, meeting baseline comparison values with
RMSEA below 0.8, TLI nearly equal to 0.95, and CFI nearly equal to 0.95. Except for
the Nordic group, in all other groups, all second-order factors (set, seh, tav, tas, bai, bap,
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Table 5. Covariances for Nordic using UTAUT2

Estimate S.E C.R P

PE <--> EE 0.462 0.054 8.476 ***

PE <--> FC 0.315 0.046 6.902 ***

PE <--> SP 0.462 0.058 8.02 ***

PE <--> SI 0.382 0.054 7.099 ***

EE <--> FC 0.312 0.046 6.837 ***

EE <--> SP 0.448 0.058 7.76 ***

EE <--> SI 0.332 0.05 6.619 ***

FC <--> SP 0.336 0.052 6.486 ***

FC <--> SI 0.23 0.043 5.377 ***

SP <--> SI 0.297 0.051 5.784 ***

Table 6. ML estimation for males using UTAUT2

Estimate S.E C.R P

BI <--- PE -4.609 9.258 -0.498 0.619

BI <--- EE -0.461 2.104 -0.219 0.827

BI <--- SI 7.847 14.089 0.557 0.578

BI <--- FC -7.26 13.416 -0.541 0.588

BI <--- SP 5.669 8.217 0.69 0.49

bar, bata, batr) had a significant positive effect on their respective latent variables SE,
TA, and BA.

In the UK population, Table 11 indicates that self-efficacy significantly influences
behavioral intention, while threat appraisals and perceived barriers do not. Table 12
reports the covariances for UK using health model. For the Nordic group, an initial
insignificant p-value for seh3 led to its removal, and in subsequent iterations, seh1 was
also eliminated. The revised SEM analysis in Table 13 reveals that only self-efficacy
significantly affects behavioral intention. TA and BA are not significant, with all second-
order factors (post removal of seh3 and seh2) significantly influencing latent variables.

Table 14 highlights that threat appraisals significantly influence perceived barriers,
while self-efficacy does not significantly impact threat appraisals or perceived barriers.
In the male population (Table 15), all latent variables significantly impact behavioral
intention, contrary to country-wise analyses. Notably, threat appraisals negatively affect
behavioral intention. Table 16 indicates that perceived barriers significantly affect threat
appraisals, while self-efficacy has no significant influence on either threat appraisals or
perceived barriers. For females (Table 17), self-efficacy significantly affects behavioral
intention, while TA and BA do not.
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Table 7. Covariances table for males using UTAUT2

Estimate S.E C.R P

PE <--> EE 0.468 0.038 12.429 ***

PE <--> FC 0.357 0.033 10.976 ***

PE <--> SP 0.403 0.035 11.521 ***

PE <--> SI 0.44 0.037 11.951 ***

EE <--> FC 0.338 0.032 10.539 ***

EE <--> SP 0.371 0.034 10.902 ***

EE <--> SI 0.387 0.035 11.053 ***

FC <--> SP 0.307 0.03 10.088 ***

FC <--> SI 0.326 0.031 10.367 ***

SP <--> SI 0.31 0.031 9.905 ***

Table 8. ML estimations for females using UTAUT2

Estimate S.E C.R P

BI <--- PE 0.081 0.407 0.199 0.842

BI <--- EE 0.467 0.539 0.865 0.387

BI <--- SI 0.245 0.351 0.699 0.484

BI <--- FC -0.472 0.32 -1.478 0.14

BI <--- SP 0.614 0.243 2.521 0.012

Table 18 confirms significant positive associations among all latent variables in the
female population, with a negative association between SE and TA and also SE and BA.

3.3 Summary of Findings

The summaryof the hypothesis validationunder eachgroup analysis is shown inTable 19.
The Nordic population significantly embraces MyData-based healthcare applications
when they perceive performance expectancy benefits in preventing illnesses, supporting
the acceptance of H1. This contradicts [17], where performance expectancy was deemed
non-significant, but aligns with [4], emphasizing its significance. Effort expectancy neg-
atively affects behavioral intention in the Nordic population, implying an increased
intention to use the application with higher perceived effort, though this seems logi-
cally implausible. This discrepancy leads to the rejection of H2, contrary to [17]. Social
influence does not significantly impact behavioral intention in the Nordic population,
contradicting H3 and aligning with [4] and [20]. Facilitating Conditions do not signifi-
cantly influence behavioral intention in the Nordic population, leading to the rejection
of H4, consistent with [17]. Self-efficacy positively influences behavioral intention in
the overall UK population, Nordic population, and across genders, supporting H5. This
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Table 9. Covariances table for females using UTAUT2

Estimate S.E C.R P

PE <--> EE 0.399 0.047 8.568 ***

PE <--> FC 0.31 0.04 7.799 ***

PE <--> SP 0.354 0.045 7.943 ***

PE <--> SI 0.313 0.041 7.628 ***

EE <--> FC 0.356 0.043 8.309 ***

EE <--> SP 0.357 0.045 7.893 ***

EE <--> SI 0.324 0.042 7.661 ***

FC <--> SP 0.331 0.043 7.7 ***

FC <--> SI 0.297 0.04 7.411 ***

SP <--> SI 0.337 0.045 7.563 ***

Fig. 7. Health model path diagram

Table 10. Health model fit indices

Fit Index Value Baseline comparison

RMSEA 0.039 < 0.8

TLI 0.823 ∼= 0.95

CFI 0.841 ∼= 0.95
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Table 11. ML estimations for UK using health model

Estimate S.E C.R P

BI <--- SE 1.545 0.178 8.666 ***

BI <--- TA -0.074 0.085 -0.864 0.387

BI <--- BA 0.102 0.077 1.332 0.183

Table 12. Covariances table for UK using health model

Estimate S.E C.R P

SE < -- > TA -0.04 0.012 -3.232 0.001

BA < -- > SE -0.027 0.012 -2.346 0.019

BA < -- > TA 0.373 0.034 11.095 ***

Table 13. ML estimations for the Nordic group using health model

Estimate S.E C.R P

BI <--- SE 4.607 1.976 2.331 0.02

BI <--- TA -0.216 0.198 -1.091 0.275

BI <--- BA 0.404 0.218 1.858 0.063

Table 14. Covariances table for the Nordic group using health model

Estimate S.E C.R P

SE <--> TA 0.028 0.017 1.601 0.109

BA <--> SE 0.012 0.012 0.97 0.332

BA <--> TA 0.474 0.062 7.609 ***

Table 15. ML estimations for males using health model

Estimate S.E C.R P

BI <--- SE 2.585 0.47 5.504 ***

BI <--- TA -0.285 0.112 -2.551 0.011

BI <--- BA 0.373 0.102 3.655 ***
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Table 16. Covariances table for males using health model

Estimate S.E C.R P

SE <--> TA 0.011 0.008 1.253 0.21

BA <--> SE 0.003 0.008 0.321 0.748

BA <--> TA 0.345 0.033 10.42 ***

Table 17. ML estimations for females using health model

Estimate S.E C.R P

BI <--- SE 1.369 0.191 7.188 ***

BI <--- TA 0.064 0.133 0.478 0.633

BI <--- BA 0.037 0.139 0.269 0.788

Table 18. Covariance table for females using health model

Estimate S.E C.R P

SE <--> TA −0.093 0.029 −3.235 0.001

BA <--> SE −0.092 0.026 −3.489 ***

BA <--> TA 0.539 0.061 8.784 ***

concurs with [17] and [16]. Self-efficacy negatively influences perceived barriers among
females and in the UK, corroborating H6 and aligning with [17]. In the male population,
threat appraisals negatively impact behavioral intention, contrary to H7 and differing
from [17].

Across all groups, threat appraisals positively influence perceived barriers, rejecting
H8 and aligning with [17], suggesting that higher perceived threat correlates with more
perceived barriers. Perceived barriers positively influence behavioral intention in the
male population, rejecting H9 and presenting a contradictory outcome to [17]. The
newly introduced construct, willingness to share personal data, significantly influences
behavioral intention in the UK, Nordic, and female groups, supporting H10. However,
it does not significantly influence behavioral intention in males.

4 Discussion

4.1 Managerial Implications

Given that performance expectancy lacks significance in the UK, marketing efforts
should shift focus towards other aspects, particularly highlighting the privacy and secu-
rity features of MyData applications. Healthcare providers should underscore the per-
sonal health outcomes of MyData applications rather than focusing on general illness



162 C. Jayathilake et al.

Table 19. Hypothesis testing results

Hypothesis Group Name

UK Nordic Male Female

H1: BI is positively influenced by PE Rejected Accepted Rejected Rejected

H2: BI is positively influenced by EE Rejected Rejected Rejected Rejected

H3: BI is positively influenced by SI Rejected Rejected Rejected Rejected

H4: BI is positively influenced by FC Rejected Rejected Rejected Rejected

H5: BI is positively influenced by SE Accepted Accepted Accepted Accepted

H6: BA is negatively influenced by SE Accepted Rejected Rejected Accepted

H7: BI is positively influenced by TA Rejected Rejected Rejected Rejected

H8: BA is negatively influenced by TA Rejected Rejected Rejected Rejected

H9: BI is negatively influenced by BA Rejected Rejected Rejected Rejected

H10: BI is positively influenced by SP Accepted Accepted Rejected Accepted

prevention. The data privacy concerns in the UK should be acknowledged, necessitating
the development of transparent policies and communication strategies to address these
concerns. Service providers must emphasize the benefits and protective measures in
place for personal data security.

The acknowledgment of performance expectancy influencing customer intention
in the Nordic population underscores the importance of highlighting the advantages
of eHealth services. Managers should continue promoting these perceived benefits
to encourage adoption. Boosting the perceived benefits of the health application can
increase the likelihood of user adoption. Strategies should concentrate on effectively
communicating the advantages of the service to positively influence users’ intention to
use it. Additionally, service providers must leverage the willingness to share personal
data in the Nordic population, developing strategies that highlight the advantages of data
sharing for personalized healthcare services. Privacy policies and securitymeasuresmust
be clearly communicated.

The acceptance of self-efficacy across genders in both countries suggests a consistent
positive influence. Managers should reinforce users’ confidence in their ability to use
eHealth services, with an emphasis on training or user-friendly interfaces. Sufficient
training, guidance, and support are necessary to improve users’ self-efficacy and boost
their confidence in utilizing the application.

For females, the significant role of self-efficacy in overcoming perceived barriers
implies the need for tailored interventions and support systems to boost confidence
among female users. The negative influence of self-efficacy on perceived barriers among
females suggests that efforts to enhance women’s confidence in using the application can
help reduce perceived obstacles. Managers should focus on providing support, training,
and resources to boost self-efficacy among female users, ultimately contributing to a
more positive perception and lower perceived barriers, promoting greater acceptance
and use of the application.
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Development of user-friendly interfaces and educational materials addressing the
specific needs and concerns of the elderly is crucial. Investments in technology enhanc-
ing the perceived advantages ofMyData applications and providing clear benefits to users
could be considered. Regular assessments and updates based on evolving user percep-
tions and preferencesmust be conducted. Prioritizing user education and awareness cam-
paigns is essential. A user-centric approach that actively seeks feedback and incorporates
user insights into the development and marketing processes should be adopted.

4.2 Theoretical Implications

The study investigated the viability of incorporating the UTAUT2 model with health
protection motivation constructs to evaluate consumer behavior intention in both Nordic
and UK samples. The results suggest that, specifically within these demographics, the
UTAUT2model exhibits superior performance compared to health constructs when aug-
mented with the new component of willingness to share data. Also, the majority of the
latent variables had a significant impact on each other proving their interdependency and
also the concreteness of themodel. A noteworthy contribution is the customization of the
UTAUT2model, involving the exclusion of habit and hedonic motivation while incorpo-
ratingwillingness to share data. Unlike previous studies onMyData-related applications,
where UTAUT2 included habit and hedonic motivation without addressing data sharing
(as seen in [17]) or traditional UTAUT2 constructs (as in [4]), this research adopts a
novel consumer-centric approach. This emphasis is significant considering the prevalent
focus on medical journals in eHealth services research, highlighting the importance of
interdisciplinary teams to support healthcare professionals, as highlighted by [5].

This theoretical foundation not only serves as a base of research for the healthcare
service providers to tailor their MyData based preventive services according to the cus-
tomer aspirations, but also could be customized by various stakeholders in the MyData
based healthcare ecosystem such as physicians, investors, regulatory bodies and so on,
according to their needs.

4.3 Limitations

While the study benefits from a substantial dataset of 1016 responses, providing reliable
results, it is essential to acknowledge several limitations associated with the research.
Firstly, participantswere introduced to a hypothetical application, introducing a potential
source of ambiguity in their responses as they did not have actual experience with the
application. The study primarily focuses on behavioral intention, and the findings may
not necessarily correspond to real-world application usage. Additionally, the majority of
the total sample comprises respondents from theUK, posing a potential bias in the results.
The Nordic sample is limited to Finland and Sweden only, lacking a comprehensive
representation of all nations in the region. Furthermore, the respondent distribution is
imbalanced, with a majority being Finnish, and there is an overall dominance of males
in both regions. Achieving a more balanced gender distribution would have enhanced
the study’s generalizability.
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4.4 Recommendations for Future Work

In future research endeavors, there is an opportunity to expand the model by exam-
ining participants’ actual usage behavior through experimental studies. The scope of
the sample selection could be widened to encompass representation from additional
Nordic countries, promoting a more equitable distribution of responses. Investigating
the impact of other moderating variables, such as the participants’ level of education,
on behavioral intention could offer valuable insights. Additionally, delving into varia-
tions in both actual behavior and behavioral intention among each Nordic country may
uncover intriguingfindings for further exploration.Moreover, future research effortsmay
benefit from exploring alternative methods for gathering data or integrating qualitative
methodologies to gain deeper insights into participants’ viewpoints and experiences.
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