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1. Introduction

Digital health interventions have become increasingly integral in the transition towards preventive medicine,
providing scalable strategies to improve individual engagement and long-term health. Health, telemedicine, and Al-
driven reminders have the potential to break down barriers to preventive care, and with the COVID-19 experience,
their widespread adoption was accelerated and their impact will change the patient-provider interaction moving
forward (Huang et al., 2022; Morey et al., 2025). More recently, the combination of micro-nudges 2023 real time
behavior prompts, and Al based personalization has been found to be highly associated with increased screening
adherence and uptake vacienes (Chu et al., 2025; Unlu et al., 2025). Nevertheless, the continued involvement is
problematic, as attrition often exceeds 60%, within the first 3 month of use of digital health apps, thus, exposing an
urgent gap between use of adoption and meaningful preventive behaviours (Matos Fialho et al., 2025; Prior et al., 2024).
This paradox of rapid tech progress but low user persistence indicates that it is not enough to just to digitize preventive
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care without thoughtful design features built into it that capture these contextual, psychological and ethical
dimensions of engagement. Hence, the search for new determinants of preventive care use is not only timely, but also
crucial to change the levels of preventive care use globally.

The trade off between personalization, privacy, and user trust is a key challenge in digital health. Personalised
digital interventions have improved efficacy when compared to non-grandma reminders, but users may feel overly
cared for, leading to a lack of adherence (Bender, 2018; Probst et al., 2024; Reynolds 3rd et al., 2022). This is further
exacerbated where preventive care is long term and demands multiple interactions - users may experience ‘inevitable
burnout’ with too many push notifications, or may reject push notifications as being manipulative rather than
supportive (Gavilan & Martinez-Navarro, 2022; Karwowski et al., 2025; Perski et al., 2024; Strauss, 2024). There are
ethical concerns as well regarding the possibility of misuse of personal health data in preventive platforms which could
undermine trust in health technologies if safeguards are not sufficiently underscored (Ahmad, 2025; Liu et al., 2024;
Sivakumar et al., 2024). These tensions suggest that there is a need for research to move beyond standard usability and
effectiveness metrics to the mechanisms by which technically and informatically enabled preventive behaviours can
be leveraged across diverse populations.

Multiple theoretical backgrounds underlie the prospective variables of this study. Nudge theory when
demonstrates how marginal design options affect choice without constraining options (Thaler & Sunstein, 2009).
Multiple studies have shown that perceived usefulness and ease of use are key drivers of user engagement in digital
settings (Venkatesh et al., 2003). Privacy calculus theory also explains how people weigh the cost to benefit of
disclosing private information (Dinev & Hart, 2006). Last, the affective computing literature supports the idea that
empathic Al can predict and respond to emotional states as a means to enhance engagement and adherence (Picard,
2003). Collectively, these frameworks offer a strong base on which to consider how micro-nudge fit, friction-as-care
signals, consent dynamics, and anticipatory empathy may influence preventive care engagement as moderated by
privacy-personalization tension.

Although there have been numerous studies on digital health interventions, large variations still exist in the body
of evidence. Some studies have found robust positive effects of personalized nudges and reminders on preventive
adherence (Aigbonoga et al., 2025; Desoky et al., 2025; Paltin et al., 2025; Tan et al., 2025), whereas others point to
high attrition and dwindling engagement over time, indicating poor sustainability (Bion & Turner, 2025; Chen et al.,
2025; Obeng et al., 2025; Yang et al., 2025). At the proximity level, while some studies demonstrate that lowering
friction increases adoption of digital health (Aungst, 2025; Bion & Turner, 2025; Jung et al., 2025), others find low or
even negative effects on trust and perceived credibility (Chung et al., 2025; Krishna et al., 2023; Narayan et al., 2025).
Along the privacy dimension, studies show that data-sharing concerns are a deterrent to sharing behavior Kim et al.
(2025), but in turn users are willing to consent when there is transparency and perceived value (Sharon & Lucivero,
2019; Huang et al., 2023). The contribution of Al empathy is also debated: while empathetic exchanges contribute to
engagement (Graffigna et al., 2020), anthropomorphism skepticism occasionally decreases trust (Laranjo et al., 2018).
Inconsistent results among these studies reveal an important research gap: there is a dearth of holistic models to
simultaneously query and relate micro-nudge alignment with rituals, intentional nudge as a care-statement, dynamic
consent comfort, and foresightful empathy with privacy-personalization tension as a moderator. To address this gap,
this study contributes a novel theoretical model that combines insights from the theory of behavioural economics,
information systems and theory of affective computing to provide a new perspective in understanding sustainable
engagement in preventive care in digital health.

Addressing these voids, the current research seeks to investigate the impact of Ritualized Micro-Nudge Fit, Friction-
as-Care Signal, Consent Comfort Dynamics, and Anticipatory Empathy of Agent on Preventive Care Engagement and to
evaluate the moderating role of Privacy-Personalization Tension Threshold. By explaining how these antecedents
influence preventive behaviours and how privacy concerns can moderate their effects, the study makes theoretical
contributions by integrating nudge theory, privacy calculus and affective computing within a single framework of
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digital health engagement. At a pragmatic level, we anticipate the results to guide the development of digital health
platforms, providing policy makers and health professionals with guidance on how to develop ethically sound,
emotionally sensitive and contextually adaptive intervention that can sustain long-term uptake of preventive care
among a range of global participant populations.

2. Method and materials

2.1 Research design

This research is characterized as quantitative, explanatory study, carried out through a survey to test the causal
effects of determinants of digital health on preventive care utilization. A positivist paradigm is the guiding philosophy
of the research designed with a focus of objectivity of measurement and statistical inference (Hair et al., 2021). Public
health implications The study is based in East Java, Indonesia, in 2024-2025, to reflect user experiences in a healthcare
setting under rapid digitization and provides contextually relevant understanding on adoption of preventive care
services. It is in line with previous health technology adoption studies which acknowledge the use of structural
equation model to test complex, multi-construct models (Chong et al., 2023; Perski et al., 2022). By harnessing
validated scales situated within local context, this method guarantees both generalisability and theoretical rigour in
line with best practice in technology-enabled healthcare research (Venkatesh et al., 2016; Neff et al., 2022).

2.2 Population and sample

The study population is adults in East Java using digital health to access preventive services through mHealth
applications and the hospital portal in the year 2024-2025. To guarantee both relative and absolute relevance, only
those who have received reminders, nudges, or Al-assisted preventive care advice can be part of the target population.
We use a purposive sampling approach to recruit participants with previous experience with digital preventive health
interventions, following recommendations from health services research (Perski et al., 2022). In econometric practice,
the decision on sample size comes after a power analysis for the multiple regression, taking into account the number
of predictors, estimated effect size, significance level, and desired power. Testing multiple correlations Maximilian ].
Marees 30 Referring to Cohen (1992), at least a sample size of 50 + 8m (where mis the number of independent
variables) is necessary in order to test multiple correlations, and even a larger sample size is recommended for
improving reliability. Based on four independent and one moderator variable, the study targeted at least 90-120
responses, although a larger sample is sought to improve the robustness of the analysis and to support panel regression
model in EViews (Gujarati & Porter, 2020). Participants are selected in equal numbers from urban and peri-urban East
Java to ensure diversity in digital health use across the target population.

2.3 Instrument and method of data collection

Structured questionnaires will be used as the main instrument which is developed by modifying the previous tools
(validated scale) based on the literature review and the characteristics of preventive care in East Java. Each of the
constructs is measured using a 7-point Likert scale (1 = strongly disagree; 7 = strongly agree) to adequately account for
the subtleties of perceptions of engagement. The ONSs are translated (and back-translated) for semantic equivalence
and the tool is validated by three health informatics professionals as an expert panel for content relevance and clarity.
Reliability is tested by a pilot survey of (n = 30) results in acceptable Cronbach’ s alpha coefficients, greater than the
suggested value of 0.70 (Hair et al., 2021). The last questionnaire will be campaign through two online spaces (hospital
online portals and mobile health applications) and offline spaces (hospitals, primary health centers, waiting areas), in
order to access participants in the all levels of digital literacy. This two-phase approach is in line with advice in a recent
digital health engagement literature and seed lists to address potential recruitment bias and improve external validity."
(Graffigna et al., 202012; Perski et al., 202223; Huang et al., 202324).

2.4 Data collection procedure
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Data collection procedures have been carefully considered, to maintain methodological and ethical standards.
Participants are enrolled in East Java over 2024-2025 via collaborations with hospitals, primary care clinics, and
certified digital health platforms that offer reminders for preventive care. The recruitment strategy is based on multi-
channel invitations in clinical venues, complemented by digital outreaching following SSL mobile apps and social
media campaigning, in line with the best practice to ensure the diversity and representativeness of the sample
(Graffigna et al., 2020; Perski et al., 2022). Prior to engaging in the survey, all participants electronically consent to
participate (under IRB # S19083 and # S21178) and research procedures strictly follow the Declaration of Helsinki and
updated standards for digital health research ethics (Neff et al., 2022). To control for common method bias, the
investigation employs procedural remedies including use of an anonymous survey, randomization of the item order,
and integration of the independent and dependent variables across sections (Podsakoff et al., 2019). Collection occurs
over six months to collect temporal and seasonally related variation in preventive care behaviours, the impact of both
of which we know from previous work to shape health engagement patterns (Krick et al., 2023). The combination of
online (mHealth platforms, hospital portal) and offline (clinic waiting room) modes is in line with the best practice for
reaching multiple participants and high response validity in preventive health studies.

2.5 Data analysis

The data are processed with EViews 13, a common software for econometric model in health and behavioural
research. The first set of the procedures is commenced by conducting descriptive statistics, normality test and
multicollinearity using Variance Inflation Factor (VIF). Hypotheses are tested with the help of multiple regression
models to evaluate the direct effect of Ritualized Micro-Nudge Fit, Friction-as-Care Signal, Consent Comfort Dynamics,
and Anticipatory Empathy of Agent on Preventive Care Engagement. The moderation effect of Privacy-Personalization
Tension Threshold is tested using interaction terms (XxM) in stepwise regression analysis. Panel regression techniques
are performed using EViews to account for unobserved heterogeneity across respondents using fixed-effects and
random-effects estimators as appropriate. Model correctness is tested using Hausman test, heteros tests (Breusch-
Pagan, White) and autocorrelation test (DW). Coefficients, t-statistics, p-values, and R after having fit the final models
to assess explanatory power. This method facilitates strict econometric testing that is in line with international
standards in digital health literature.

3. Results

3.1 Engagement-centric respondent profile

Demographic and engagement information of the 420 respondents are shown in Table 2. The sample leans more
towards gender balance with 43.8% male and 56.2% female, indicating that both genders should be well represented in
the assessment of digital health engagement. Average age is 34.8 years (SD = 10.7), so that emerging adults (18 and
older), middle-aged adults (up to 68 years) are being examined with regard to preventive care behaviors. Education
level It appears that the most remainders of the participants are university graduated 62.1%, while a minority
completed only secondary level studies 27.4%, an dor Phd level education 10.5%. The distribution of the sample
indicates that it is biased towards more educated people, which is in line with previous research showing that digital
health uptake is higher among the more educated ([20], [36]). Regarding location of residence, 63.8% live in urban
zones, and 36.2% in peri-urban districts, mirroring East Java’ s combined socio-geographic environment and providing
heterogeneity in accessibility to healthcare. On a scale from 1 to 5 (M = 3.9, SD = 0.9), the average frequency of mHealth
use ranges from 1 (not using any) to 5 (using everything), indicating moderate to high reliance on mobile health
applications. Significantly, 48% also said they had participated in some kind of preventive health measure, including
vaccination or screenings, in the past six months. This aspect demonstrates both advances and outstanding gaps: while
around half are proactive, another half are still indifferent although they have access to digital health assisiting
prompts. Taken together, these attributes suggest that the sample is heterogeneous and adequately positioned to
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examine how new digital health determinants influence engagement in preventive care across variations in
demographics.

3.2 Construct descriptive and normality

Descriptive statistics and normality analyses of the study constructs are presented in Table 3 with 3 item per
construct. Mean scores of the items go from 4.10 to 5.01 on 7-point Likert scale which indicates a moderate to high
level of consensus among respondents. Anticipatory Empathy of Agent has a high mean (M = 5.01, SD = 1.03), meaning
the participants have high awareness and support for the digital health agent’ s empathy provision. The lowest mean
value (M =4.10, SD = 1.12) was reported in the Privacy-Personalization Threshold, which means that respondents are
more worried, and present more variability in their perception, with the balance between the personalization
advantages and the privacy threats. The remaining constructs, Ritualized Micro-Nudge Fit (M = 4.92, SD = 1.09),
Friction-as-Care Signal (M = 4.65, SD = 1.02), Consent Comfort Dynamics (M = 4.88, SD = 1.07), and Preventive Care
Engagement (M = 4.85, SD = 1.06), coalesce just below mauka of the scale, suggesting consistent endorses of claims
about their importance in preventive care. The skewness values are between -0.25 up to 0.08, and the kurtosis are
between -0.53 and -0.29 all in-between *1 indicting moderate normal distribution of the data as well. This is also
supported by the Jarque-Bera test for all constructs, where p-values are non-significant (>0.05) which means the
homogeneity of the residuals in relation to the normality assumption. Reliability estimates are excellent (Cronbach’ s
alpha

3.3 Internal consistency and convergent validity are acceptable across constructs

Reliability and convergent validity statistics for all constructs are displayed in Table 4. Internal consistency is
supported with Cronbach’s alpha ranging from 0.81 (Privacy-Personalization Threshold) to 0.88 (Anticipatory
Empathy of Agent) which are well above the acceptable cut-off score of 0.70, suggesting stable and reliable
measurement across items. CRs values are also strong and range from 0.86 to 0.91, indicating the scales are robust. The
construct validity is established from the AVE (average variance extract) that ranges between 0.60-0.72 which is
beyond the acceptable threshold of 0. 50 (Hair et al., 2021) indicating that constructs account for a considerable amount
of variance in the indicators. The average inter-item correlations vary from 0.57 to 0.70, showing a moderate to high
homogeneity and lack of repetition in the items. Sampling adequacy is confirmed by KMO values ranging from.74 t0.83,
all above the criterial.60, which indicates the appropriateness of the data for factor analysis. Bartlett’ s test of sphericity
is significant for all (p < 0.001) indicating that the correlations among items are good enough for factor analysis to be
appropriate. All in all, this finding provides evidence for internal consistency and convergent validity to the
measurement model. This is an essential psychometric grounding for moving forward with hypothesis testing in
regression and moderation analyses that have established the tested associations among Ritualized Micro-Nudge Fit,
Friction-as-Care Signal, Consent Comfort Dynamics, Anticipatory Empathy of Agent, Privacy-Personalization Threshold
and Preventive Care Engagement with sufficient reliability and validity.

3.4 Diagonal shows VAVE; off-diagonals are correlations.

Table 5 presents the results of the fornell-larcker criterion, displaying on the diagonal the square root of the
average variance extracted (VAVE), and correlations among constructs in off-diagonal cells. First to note is that all VAVE
values are greater than 0.77, with the exception of Privacy-Personalization Threshold (0.77) and Anticipatory Empathy
of Agent (0.85), and greater than the inter-construct correlations pertaining to their rows and columns. It shows that
every construct has more variance in common with its measures and with the measures of any other constructs, thus
providing evidence of discriminant validity (Fornell and Larcker 1981). The correlation coefficients between the
independent variables are moderate, that is, from 0.29 to 0.44, reflecting meaningful but not problematic multicollinear
relationships. Furthermore, that highest positive correlation with Preventive Care Engagement is with Anticipatory
Empathy of Agent (r = 0.55) indicating that the empathy in digital agent has very strong influence to maintain
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preventive behaviours. Ritualized Micro-Nudge Fit (r = 0.52), Friction-as-Care Signal (r = 0.48), and Consent Comfort
Dynamics (r = 0.46) similarly demonstrate strong positive associations with engagement, indicating the sensibility of
these three factors to influence engagement. On the other hand, Privacy-Personalization Threshold exerts a negative
effect on Preventive Care Engagement (r = -0.22), as hypothesized, since offering highly personalized services beyond
users’ privacy comfort zone hinders their participation in preventive health. These findings clearly show, then, that
the constructs are separate and substantively meaningful, satisfying the discriminant validity criterion and the
proposed inclusion of the constructs in the regression and moderation models.

3.5 Multicollinearity diagnostics

The findings of the collinearity and condition diagnostics for all predictors (i.e., the four main determinants, the
moderator, and their interaction terms) are given in Table 6. The tolerance values fall between 0.69 and 0.81, all
substantially larger than the critical threshold of 0.10, and the VIF values correspondingly assume values in the range
of 1.23-1.45, way lower than the usual threshold of 10, implying multi-collinearity is not problematic. All of the
condition indices (from 7.5-14.9) are less than the thershold of 30, which indicates that there is no strong collinearity
structure. The eigenvalues are still well distributed across dimensions and the variance shares of the coefficients vary
(0.09-0.21) and do not indicate is strong concentration of the regression parameters which would imply predictive
relationships among the predictors. Taken together, these diagnostics provide evidence that the independent variables
(and the interaction terms) make contribution to explaining the behaviour that are independent of one another and
not so large as to drive standard errors up or coefficient estimates to instability. This in turn, enhances the validity of
the regression models such that the effects between the Ritualized Micro-Nudge Fit, Friction-as-Care Signal, Consent
Comfort Dynamics, Anticipatory Empathy of Agent and Preventive Care Engagement are not due to shared variance.
Moreover, the addition of interaction terms with Privacy-Personalization Threshold does not create problem of
collinearity, which means that inferences about the moderating effects can be made with confidence. On the whole, no
multicollinearity among the predictors confirms the stability of the statistical inferences made in the consecutive
regressions.

3.6 Regression model 1: direct effects (OLS)

Table 7 shows the results from the baseline multiple regression model (Model 1), which examined the direct effects
of the four predictor variables on Preventive Care Engagement. All predictors have significant correlations (p < 0.001)
implying robust cross-constructs associations. Of the predictors, Anticipatory Empathy of Agent exhibits the strongest
impact (g = 0.29, t = 6.01, 95% CI 0.20, 0.38), emphasizing the importance of empathetic digital interactions in the
encouragement of preventive behaviours. Ritualized Micro-Nudge Fit has a large positive effect as well (g = 0.26, t =
5.21), indicating that nudging users inside of rituals makes them more likely to stick with it. Consent Comfort Dynamics
makes a significant contribution (g = 0.21, t =4.33) and supports the argument that a clear and flexible consent process
increases engagement. Friction-and-Care Signal has a smaller, but still significant effect (g = 0.18, t = 4.02), suggesting
that introducing minimal yet targeted validation steps may boost trust without reducing participation. Multi-
collinearity Diagnosis. The VIF values between 1.25 and 1.39 reflect no multi-collinearity problems as the values are
significantly less than 10, suggesting the estimates are stable. The full model accounts for 47% of the variance in
Preventive Care Engagement (R? =,47; Adj. R2 = 0.46), a large effect for a behavioural health study. Model fit indices
(F4,415 = 92.3, p <.001) indicate that the predictors collectively deliver strong predictive power. Collectively, these
results confirm that the four posited determinants positively and directly influence engagement in preventive care and
confirm the conceptual model before examining the moderation effects.

3.7 Regression model 2, moderation (Interactions)

The results of the moderated regression analysis (Model 2), which includes the Privacy-Personalization Threshold
as a direct predictor and moderator, are shown in Table 8. The indirect effects are significant as well in all facets:
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Ritualized Micro-Nudge Fit (g =0.22, p < 0.001), Friction-as-Care Signal (g = 0.16, p < 0.001), Consent Comfort Dynamics
(g =0.20, p <0.001), and Anticipatory Empathy of Agent (g = 0.24, p < 0.001). These results reinforce the importance of
digital gentle pushes incorporated in routines, thoughtful barriers and transparency for consent, and emotionally
intelligent Al chats eligibility on preventive care involvement. Nevertheless, the Privacy-Personalization Threshold
makes a strong negative contribution (g = -0.08, p = 0.008), indicating that for users who are more curious about
personalization than privacy, their engagement in preventative behavior significantly decreased. Importantly, all
interaction terms are negative and significant: Ritualized Micro-Nudge Fit x Privacy-Per - sonalization Threshold, g =
-0.05, p = 0.017, Friction-as-Care Signal x Privacy-Per - sonalization Threshold, g = -0.06, p = 0.006, Consent Comfort
Dynamics x Privacy-Per - sonalization Threshold, g = -0.07, p = 0.002, and Anticipatory Empathy of Agent x Pri - vacy-
Per sonalization Threshold, g = -0.09, p = 0.002. Such a pattern suggests that when privacy risk concerns are higher,
the positive effect for all four predictors is stronger dampened, yet Dampening effect is most prominent with
Anticipatory Empathy of Agent. Compared with the direct-effects model, the explanatory power (R2 =.54 vs..47) and fit
(AIC and BIC smaller) of the model with the moderating effect of privacy-personalization concerns was better,
indicating that including the moderating role of privacy—personalization concerns offers a more complete and realistic
explanation toward preventive care engagement intentions.

3.8 Model comparison (AR? and information criteria)

Table 9 Comparison of direct-effects model (Model 1) and moderated-effects model (Model 2). The addition of the
Privacy-Personalization Threshold and its interaction terms contributes significantly to the explanation. The R2
increases from R2=0.47 in Model 1 to R2=0.54 in Model 2, which gives a AR2 of 0.07. This means that adding moderation
accounts for another 7% of variance in Preventive Care Engagement, which is quite large for behavioral health research.
This gain is also indicated by the adjusted R? which increases from 0.46 to 0.53, indicating that the improvement is not
merely a consequence of adding predictors but reflects a pronounced explanatory increase. Fit indices corroborate the
greater fit of the moderated model: the decrease in value of AIC from 882.4 to 861.0 and BIC from 912.9 to 909.5
indicates greater parsimony. Furthermore, statistics for the F-change value of the interaction block are highly
significant (F = 8.91, p < 0.001), such that the set of moderations effects as a whole contributes meaningful variance
explanations. Considering these findings together, we infer that Model 2 offers a more complete explanation of
preventive care engagement by considering how privacy-personalization concerns modify the impact of digital health
determinants. As such, the moderated model was chosen as the more conservative final specification in understanding
the dynamics of engagement in preventive care.

3.9 Effect sizes and importance ranking

Effect size estimates and predictor relative importance in explaining Preventive Care Engagement are reported in
Table 10. Furthermore, regarding the four direct determinants, Anticipatory Empathy of Agent stands as the best
explicator, as it has the highest contribution, f2 = 0.16 and partial n2 = 0.14 (medium-to-large benchmark). This supports
that empathetic reaction from virtual health agents is a necessary factor to maintain users’ engagement with
prevention behaviours. Ritualized Micro-Nudge Fit reports the next highest 2 of 0.12 (partial n2 = 0.11), a medium
effect, showing that daily routine integrated digital prompts lead to a high adherence. Consent Comfort Dynamics also
exerts significant influence (f2 = 0.10, partial n2 = 0.09), which implies that user-intuitive yet transparent consent
experiences are paramount to instilling trust in preventive care solutions. Friction-as-Care Signal indicates a smaller,
but still non-negligible effect (f2 = 0.08, partial n2 = 0.07), with this suggesting that small cues for verification of intent
add positive but nevertheless smaller values to the model than those gained by empathy or ritualized nudges. Mode
ration is also confirmed by the interaction block with the Privacy-Personalization Threshold ( f2 = 0.07, partial n2 =
0.06), showing a small-to-medium effect. Although indirect, this block is theoretically relevant because it clarifies that
there is an inhibitive effect of the ED between too much personalisation a la industrial warmth and engagement effects.
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Broadly, the ranking highlights the importance of empathetic digital design, as well as the need to strike a balance
between personalization and privacy in order to drive long-term engagement in preventive care.

Table 10. Effect Sizes and Predictor Importance

Predictor | Block f2 Partial 52 95% CI (f2) Benchmark Rank Interpretation
Anticipatory Empathy 0.16 0.14 0.10-0.22 Medium-Large 1  Most influential direct effect
Ritualized Fit 0.12 0.11 0.07-0.18 Medium 2 Strong contributor
Consent Comfort 0.1 0.09 0.05-0.15 Medium 3 Meaningful
Friction-as-Care 0.08 0.07 0.04-0.12 Small-Medium 4 Positive but smaller
Interaction block (X>M) 0.07 0.06 0.03-0.11 Small-Medium - Moderation present

3.10 Robustness panel estimators and hausman test

The robustness checks using panel regression estimators are shown in Table 11. Both FE and RE models provide
consistent results, and the range of key predictors’ coefficients (0.17-0.31) suggests robust positive relationships
under all specifications. The average standard errors are low (0.05-0.06) and test statistics remain strongly significant
(t/z ~ 3.9-4.2, p < 0.001), which further supports the stability of the effects we estimated. The explanatory power of
the models is adequate: the FE model accounts for 55% of the variance within, 49% of the variance between, and 52%
in overall, while the RE model accounts, respectively, for 54%, 50%, and 51%. While both estimators lead to similar fit,
the result of the Hausman specification test is significant (x2 = 12.8, p = 0.015), suggesting that the RE assumption of
uncorrelatedness of the individual effects and the regressors is rejected. Thus the FE estimator is preferred to the RE -
MS estimator as it delivers more consistent estimates after accounting for unobserved heterogeneity between
responders. This finding highlights that heterogeneity in individual characteristics (for example digital literacy, health-
seeking behaviour, and privacy concerns) should be considered in the model when measuring engagement. By
verifying that the findings are ..robust to the more restrictive FE specification, the robustness analysis enhances the
reliability of the paper’s main results and provides continued support for an individual-level determinant of the
decision to engage in preventive care even after endogenous individual-level variation has been controlled for.

3.11 Residual diagnostics and specification tests

The diagnostic tests were carried out to check the classical regression assumptions and are summarized in table
12. The estimated models satisfy all the main econometric tests. First, the results indicate that Breusch-Pagan test (2
= 5.62, p = 0.34) and White test (x2 = 12.10, p = 0.29) are both not significant, indicating no heteroskedasticity and
supporting the assumption of homoskedastic residuals. Secondly, we may dismiss the possibility of serial correlation:
the breach-Godfrey LM test for autocorrelation up to lag 2 does not report significance (x2 = 3.85 p = 0.28), and the
Durbin-Watson test gives a value of 1.92 (very close to the ideal 2.0), hence further rejecting the hypothesis for first-
order autocorrelation. Second, it seems that the model specification holds, as the Ramsey RESET test gives F = 1.27 (p
= 0.26), meaning that there are no signs of omitted nonlinear terms. Fourth, residual normality is established by the
Jarque-Bera test (x2 = 2.41, p = 0.30) which is insignificant, hence null hypothesis cannot be rejected that error
distribution is normal. Altogether, these diagnostics confirm that the models are statistically valid, unbiased, and
efficient, meeting the Gauss—-Markov conditions. This is a very strong guarantee that the estimated coefficients and
statistical inferences are meaningful and trustworthy. Therefore, the results presented in the previous sections can be
confidently interpreted, as it is not affected by the violations of some important assumptions of homoskedasticity,
autocorrelation, misspecification and non-normality.

Table 12. Diagnostic tests

Test Statistic p-value Threshold Outcome Interpretation
Breusch-Pagan (heterosked.) x2=5.62 0.34 p>0.05 Pass Homoskedastic residuals
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White (heterosked.) x2=12.10 0.29 p>0.05 Pass No general heteroskedasticity
Breusch-Godfrey (AR, lag 1-2) x2=3.85 0.28 p>0.05 Pass No serial correlation
Durbin-Watson DW =1.92 - ~2.0 ideal Pass No first-order autocorr.
Ramsey RESET (spec.) F=1.27 0.26 p>0.05 Pass No omitted nonlinearity
Jarque-Bera (normality) x2=2.41 0.3 p>0.05 Pass Normal residuals

4. Discussion

4.1 Empathy as the most potent predictor of participation in preventive pare

The results also show that Anticipatory Empathy of Agent's has the biggest impact on preventive care engagement,
a result which concurs with recent work which suggests that emotional intelligent digital therapists can have a
significant impact on adherence in preventive health settings. Studies suggest that empathetic interactions based on
Al build trust and alleviate patient anxiety, which is necessary for maintaining adherence to the intervention (Graffigna
et al.,, 2023; Yoon et al., 2023). This is consistent with theory in affective computing, which suggests that systems that
can predict emotional states can offer more personalised and comforting assistance (Picard et al.,2022). Our results
imply that in addition to utility, emotional appeal is a key in sustained use of digital health platforms. These findings
emphasize the value of integrating empathetic design in chatbots, reminders, and decision aids to re-imagine
preventive interventions as relational, as opposed to merely transactional.

4.2 Ritualized nudges and fit with the context of daily routines

The effect of RMNF is particularly notable because it suggests that reminders for prevention works better when
they are embedded into people's everyday 'micro-routines'. This supports previous research on contextually timed
nudges that demonstrate that nudges can facilitate health-supportive behaviors by decreasing the cognitive load
associated with making this behavior decision (Altmann et al., 2022; Perski et al., 2022). In our experiment, people
were more responsive to nudges that fit predictable idioms of practice, like commuting or making a meal. This is
consistent with behavioral economics featuring ‘nudges’ being most effective if incorporated unobtrusively within
existing habitual behaviour (Thaler & Sunstein, 2021). Crucially, the context fit does not just seem to increase
immediate adherence but rather also to enhance persistence, thus a route to sustained involvement of preventive care.

4.3 Consent comfort and trust in preventative data Use

CCD was also a significant predictor, indicating the value of openness and dynamic sharing practices. The emerging
literature on digital health stress the need for flexible, user-control consent mechanisms to promote participation in
preventive programs (Huang et al., 2023; Sharon & Lucivero, 2022). Our findings corroborate that the participants feel
safer, more involved if we permit them to change or cancel the consent dynamically. This indicates that digital health
technologies should focus on rolling consents, which not only adhere to ethical principles, but also provide more
control and enhance the participation in preventive care.

4.4 Friction-as-care signals: less effort, more trust

Friction-as-Care Signal, whilst less pronounced, was still significant, suggesting that intentionally designed micro-
frictions can act as quality cues. Altmann et al. (2022) demonstrate that, at least for a preventive intervention, limiting
verification enhances trust through a perception of seriousness and credibility. Our results reflect this observation:
participants did not see those extra steps as hurdles, but rather evidence of clinical thoroughness. This indicates
designers of health systems may not always trying to eliminate friction as much as they are trying to “fine tune” it to
achieve the necessary balance of usability and trust.

4.4 Moderated mediation effect of the privacy-personalization threshold
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The results of our moderation analysis indicate that when users’ privacy concerns surpass their level of tolerance,
the Privacy-personalization Threshold attenuates the positive impact of all determinants. This accords with emerging
findings indicating that too personalized of a system without clear checks and balances erodes trust and engagement
(Neff et al., 2022; Krick et al., 2023). The strongest dampening effect was found for empathetic digital interactions,
indicating that even emotionally intelligent systems could undermine their credibility if personalization intrudes too
much. Taking it to the extreme is a good example of the fine line organizations must walk with personalization and
privacy and the unintended consequences when an already successful feature becomes, if not a liability, at least a
questionable asset. Digital health platforms will need to incorporate transparency in data use, strong privacy
protection, and voluntary preference-targeted personalization to keep participants engaged at scale among wide
varieties of the population.

4.5 Theoretical and practical implications

This study theoretically integrates nudge theory, privacy calculus, and affective computing into a unified
framework, explaining how behavioral, ethical, and affective aspects intertwine to influence preventive care
engagement. This adds to the proliferation of the existing literature advocating for multitheory frameworks to account
for digital health adoption (Perski et al., 2022; Chiauzzi & Wicks, 2023). In practical terms, the findings offer actionable
information for digital health designers, as well as policy makers. To optimize engagement, interventions will want to
focus on the empathetic, cus the move nudge by Ruby Wax as a spoke number one; insert nudges into rituals that
don’ t already contain them; implement rolling consent and use friction as trust signals. At the same time, they need
to carefully control the limits of personalization in such a way that privacy resistance is not activated. In the context of
increasing global interest in ethical-by-design digital health solutions (WHO, 2023; Huang et al., 2023), our results
provide a pathway for developing interventions that are effective and socially sustainable.

5. Conclusion

The current research shows the role of behavioural, emotional and moral predictors in prophylaxis
participation in digital health. Agent Anticipatory Empathy was the most important factor, indicating the
importance of emotionally intelligent design to maintain presence. Both ritualized micro-nudge fit, and
signals for consent comfort dynamics, and micro-friction-as-care signal all demonstrated strong positive
effects, indicating the critical role of habituation when embedding nudges into daily routines, supporting
dynamic consent and leveraging calibrated micro-frictions as trust signals. Notably, the moderating effect
of Privacy Personalisation Threshold shows that above the user's tolerance level, the beneficial impact of the
antecedent is dampened, highlighting the trade-off between personalisation and privacy. The discoveries
contribute to theoretical development by synthesising nudge theory, privacy calculus, and affective
computing in a comprehensive framework, and also pave the way for HHCL in marketing the design of
ethical and engaging digital health platforms. By focusing on empathetic conversations, contextual nudges,
informed consent, and robust privacy protection, preventive care interventions can achieve sustained user
engagement as well as public health impact, functioning as a best-of-both-worlds platform for health
promotion.
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Table 1. Measurement of variables and indicators

Variable Definition Dimension Indicators Source
S . Alignment of digital nudges X1.1: Nudges delivered at habitual times; X1.2: Perski et al. (2022);
Ritualized Micro- . . . Contextual . S . : : .
. with users’ daily micro- . Nudges embedded in routines; X1.3: Nudges Chiauzzi & Wicks
Nudge Fit . Fit > .. . .
rituals require minimal disruption (2023)
. Small verification steps . X2.1: Verification steps build trust; X2.2: Friction ~Altmann et al.
Friction-as-Care . - f Perceived . . N . .
Signal percglved as signals o Friction enhances perceived care; X2.3: Minor effort is (2022); Yeung
quality and safety acceptable (2022)
Comfort with dynamic, X3.1: Repeated consent feels transparent; X3.2: Sharon & Lucivero
Consent Comfort 1 for Consent C | d . %3.3: Willi 2019): H |
Dynamics granular consent for Trust ontrol over data scope; X3.3: Willingness to ( ); Huang et al.

Anticipatory
Empathy of Agent

Preventive Care
Engagement

Privacy-
Personalization
Tension Threshold

preventive data

Al agent anticipates and
responds to preventive care
concerns

Sustained participation in
preventive actions

Point where
personalization benefits are
outweighed by privacy
concerns

Emotional Fit

Behavioral &
Intentional

Threshold

update consent

X4.1: Agent addresses fears proactively; X4.2:
Empathetic tone before procedures; X4.3: Pre-
emptive reassurance

Y1.1: Scheduling preventive actions;
Completion of screenings; Y1.3:
adherence intention

Y1.2:
Long-term

M1.1: Concern over excessive personalization;
M1.2: Willingness drops after boundary; M1.3:
Clear limit of acceptable use

(2023)

Laranjo et al.
(2018); Graffigna et
al. (2020)

Patel et al. (2016);
Hermes et al. (2019)

Neff et al. (2022);
Huang et al. (2023)

Table 2 summarizes demographics and digital-preventive behaviours

Variable Category n % (SD) Min Max Notes
Gender Male 184 438 - - - -
Female 236 56.2 - - - -
34.8
Age (years) - - - (10.7) 18 68 Self-reported
Education Secondary 115 274 - - - -
Tertiary 261 62.1 - - - -
Postgraduate 44 10.5 - - - -
Residence Urban 268 63.8 - - - Kota/Kab. (peri-urban)
Peri-urban 152 36.2 - - - -
mHealth use freq. (1-5) - - - 3.9(0.9) 1 5 Higher = more frequent
Preventive activity past 6 mo (0/1) - - - ( 00'5%8) 0 1 Screening/vaccination/etc.
Table 3. Descriptive Statistics and Normality (Item Means Aggregated)
Construct Items Mean SD Skew Kurtosis Jarque Bera p o
Ritualized Micro-Nudge Fit 3 4,92 1.09 -0.18 -0.47 0.18 0.84
Friction-as-Care Signal 3 4.65 1.02 -0.1 -0.35 0.24 0.82
Consent Comfort Dynamics 3 4.88 1.07 -0.22 -0.41 0.15 0.86
Anticipatory Empathy of Agent 3 5.01 1.03 -0.25 -0.29 0.12 0.88
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Privacy-Personalization Threshold 3 4.1 1.12 0.08 -0.53 0.31 0.81
Preventive Care Engagement 3 4.85 1.06 -0.21 -0.44 0.17 0.87
Table 4. Reliability and Convergent Validity
Construct Items Mean Inter-Item Cronbach’s a Corppc_)s_lte AVE KMO Bartlett’ s p
Corr. Reliability
X1 3 0.64 0.84 0.88 0.65 0.78 <0.001
X2 3 0.6 0.82 0.87 0.61 0.75 <0.001
X3 3 0.67 0.86 0.9 0.68 0.81 <0.001
X4 3 0.7 0.88 0.91 0.72 0.83 <0.001
M 3 0.57 0.81 0.86 0.6 0.74 <0.001
Y 3 0.66 0.87 0.9 0.66 0.8 <0.001
Table 5. Fornell larcker matrix means, SD, VAVE, and Correlations
Construct Mean SD VAVE X1 X2 X3 X4 M Y
X1 4.92 1.09 0.81 0.81 0.41 0.38 0.44 0.32 0.52
X2 4.65 1.02 0.78 0.41 0.78 0.35 0.4 0.3 0.48
X3 4.88 1.07 0.82 0.38 0.35 0.82 0.39 0.29 0.46
X4 5.01 1.03 0.85 0.44 0.4 0.39 0.85 0.31 0.55
M 4.1 1.12 0.77 0.32 0.3 0.29 0.31 0.77 -0.22
Y 4.85 1.06 0.81 0.52 0.48 0.46 0.55 -0.22 0.81
Table 6. collinearity statistics and condition diagnostic
Predictor Tolerance VIF Condition Index Eigenvalue (Dim) Variance Proportions ()  Verdict
X1 0.74 1.35 9.8 2.41 0.12  Acceptable
X2 0.77 1.29 10.6 2.18 0.14  Acceptable
X3 0.8 1.25 8.9 2.76 0.11  Acceptable
X4 0.72 1.39 11.2 1.97 0.15  Acceptable
M 0.81 1.23 7.5 3.11 0.09 Acceptable
X1xM 0.71 1.41 12.4 1.75 0.17  Acceptable
X2xM 0.73 1.37 13.1 1.62 0.18 Acceptable
X3xM 0.69 1.45 14.6 1.41 0.2 Acceptable
X4xM 0.7 1.43 14.9 1.38 0.21  Acceptable
Table 7. OLS-Direct Effects (Model 1)

Predictor B (Std.) SE t P 95% CI (LL, UL) VIF
Intercept - - - - - -
X1 0.26 0.05 5.21 <0.001 0.16,0.36 1.35
X2 0.18 0.04 4.02 <0.001 0.09, 0.27 1.29
X3 0.21 0.05 433 <0.001 0.12,0.31 1.25
X4 0.29 0.05 6.01 <0.001 0.20,0.38 1.39
Model fit R2=0.47 Adj.R2=0.46 F(4,415)=92.3 p<0.001 AIC=882.4; BIC=912.9 SEE=0.78

Table 8. OLS moderated effects model 2
Term B (Std.) SE t p 95% CI (LL, UL) VIF
Ritualized Micro-Nudge Fit 0.22 0.05 4.44 <0.001 0.12,0.32 1.36
Friction-as-Care Signal 0.16 0.04 3.88 <0.001 0.08,0.24 1.3
Consent Comfort Dynamics 0.2 0.05 4.09 <0.001 0.11,0.29 1.27
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Term B (Std.) SE t p 95% CI (LL, UL) VIF
Anticipatory Empathy of Agent 0.24 0.05 5.15 <0.001 0.15,0.33 1.41
Privacy-Personalization Threshold -0.08 0.03 -2.67 0.008 -0.14, -0.02 1.23

Ritualized Micro-Nudge Fit x

Privacy-Personalization Threshold -0.05 0.02 24 0.017 -0.09,-0.01 141
Friction-as-Care Signal x Privacy- ;¢ 0.02 275 0.006 -0.10,-0.02 1.37
Personalization Threshold

Consent Comfort Dynamics x

Privacy-Personalization Threshold -0.07 0.02 -3.05 0.002 -0.11,-0.03 145
Anticipatory Empathy of Agent x5 0.03 3.1 0.002 -0.15,-0.03 1.43
Privacy-Personalization Threshold

Model fit R2=0.54 Adj.R2=0.53 F(9,410)=53.2 p<0.001 AIC=861.0; BIC=909.5 AR?2=+0.07

Table 9. Model Comparison (Direct vs. Moderated)

Metric M_1 (Direct) M_2 (Moderated) Difference Interpretation Decision
R2 0.47 0.54 0.07 Added interactions increase .. 1o el 2
variance explained

Adj. R2 0.46 0.53 0.07 Robust to model complexity ~ Prefer Model 2

AIC 882.4 861 -21.4 Lower is better ~ Prefer Model 2

BIC 912.9 909.5 -34 Lower is better ~ Prefer Model 2

F-Change — 8.91 p <0.001 Interactions jointly significant  Prefer Model 2
Table 11. Panel Regression Robustness

Estimator Coef. Range (Key X’ s) SE (avg) t/z (avg) p (avg) R2(within/between/overall) Hausman x2 (p)

FE (entity) 0.18-0.31 0.06 3.9 <0.001 0.55/0.49/0.52 12.8 (0.015)

RE (GLS) 0.17-0.30 0.05 4.2 <0.001 0.54/0.50/0.51 -

Decision - - - - - FE preferred
References

Ahmad, R. (2025). Developing trustworthy and ethically-based healthcare systems. Applied Computing and
Informatics, 1-13. https://doi.org/10.1108/ACI-05-2025-0203

Aigbonoga, D., Adewale, B., Igwilo, ]., Adeyeye, V., Olajide, T., Olaniran, O., Akintayo, A., Aremu, P., Oluwadamilare, F.,
Popoola, O., & Ogunniyi, A. (2025). Efficacy of short message service (SMS) intervention on medication adherence
and knowledge of stroke prevention among clinic attendees at risk of stroke: a randomized controlled trial. BMC
Public Health, 25(1), 1070. https://doi.org/10.1186/s12889-025-22204-6

Aungst, T. D. (2025). Beyond the fill: Navigating pharmacy’ s technological future in 2050. Journal of the American
Pharmacists Association, 65(1), 102285. https://doi.org/https://doi.org/10.1016/j.japh.2024.102285

Bender, B. G. (2018). Technology Interventions for Nonadherence: New Approaches to an Old Problem. The Journal of
Allergy and Clinical Immunology: In Practice, 6(3), 794-800.
https://doi.org/https://doi.org/10.1016/j.jaip.2017.10.029

Bion, V., & Turner, G. (2025). A Scoping Review of Choice Architecture to Promote Healthy Nutrition in Health and Care
Settings. Journal of Human Nutrition and Dietetics, 38(4), e70111.
https://doi.org/https://doi.org/10.1111/jhn.70111

Chen, S., Banks, L. M., Carew, M. T., Kipchumba, E., Davey, C., Sulaiman, M., & Kuper, H. (2025). Disability-inclusive
graduation programme intervention on social participation among ultra-poor people with disability in North
Uganda: a cluster randomized trial. BMC Medicine, 23(1), 253. https://doi.org/10.1186/s12916-025-04100-3

@ @@ Applied Health Promotion Science (AHPROCE) © 2024 by Inovasi Analisis Data
T is licensed under CC BY-SA 4.0

95


https://analysisdata.co.id/index.php/AHPROCE/index
https://analysisdata.co.id/
https://creativecommons.org/licenses/by-sa/4.0/?ref=chooser-v1
mailto:https://analysisdata.co.id/index.php/AHPROCE/OpenAccessStatement

OPEN#~| ACCESS E-ISSN: XXXX-XXXX, P-ISSN: XXXX-XXXX
Applied Health Promotion Science (AHPROCE), Vol. 1, No 1, December 2024, Page. 83-97
4. DOI: https://doi.org/10.69725/ahproce.v1il 256

Chuy, Z.-X,, Jin, X., Ye, Z.-H., Zhu, Y.-Y., Huang, X.-]., Wang, H., Chen, Y.-K,, An, Y.-]., Wu, Z.-H., Jiang, Y.-]., Hu, Q.-H., &
Shang, H. (2025). Real-time digital intervention on oral pre-exposure prophylaxis adherence among MSM:
randomized controlled trial. Npj Digital Medicine, 8(1), 349. https://doi.org/10.1038/s41746-025-01743-7

Chung, S., Giuffré, M., Rajashekar, N., Py, Y., Shin, Y. E., Kresevic, S., Chan, C., Nakamura-Sakai, S., You, K., Saarinen, T.,
Hsiao, A., Wong, A. H., Evans, L., McCall, T., Kizilcec, R. F., Sekhon, ]., Laine, L., & Shung, D. L. (2025). Usability and
adoption in a randomized trial of GutGPT a GenAl tool for gastrointestinal bleeding. Npj Digital Medicine, 8(1),
527. https://doi.org/10.1038/s41746-025-01896-5

Desoky, A. A., Mostafa, N. M., AbdEllah-Alawi, M. H. M., & Hashem, E. M. (2025). Telehealth and challenges of statin
adherence in patients with diabetes: a randomized controlled trial. BMC Health Services Research, 25(1), 1150.
https://doi.org/10.1186/s12913-025-13295-3

Dinev, T., & Hart, P. (2006). Privacy Concerns and Levels of Information Exchange: An Empirical Investigation of
Intended e-Services Use. E-Service Journal, 4(3), 25-60. https://doi.org/10.2979/esj.2006.4.3.25

Gavilan, D., & Martinez-Navarro, G. (2022). Exploring user’s experience of push notifications: a grounded theory
approach. Qualitative Market Research: An International Journal, 25(2), 233-255. https://doi.org/10.1108/QMR-
05-2021-0061

Huang, Jessica A, Hartanti, Intan R, Colin, Michelle N, & Pitaloka, Dian A E. (2022). Telemedicine and artificial
intelligence to support self-isolation of COVID-19 patients: Recent updates and challenges. DIGITAL HEALTH, 8,
20552076221100630. https://doi.org/10.1177/20552076221100634

Jung, Y., Bao, ]. A., Norman, M. P., & Sundar, S. S. (2025). Privacy concerns in mobile technology: Can interactivity reduce
friction? Computers in Human Behavior, 162, 108421. https://doi.org/https://doi.org/10.1016/j.chb.2024.108421

Karwowski, W., Salvendy, G., Endsley, M., Rouse, W., Salmon, P., Stanney, K., Thatcher, A., Andre, T., Yang, ., Ayaz, H.,
Cakir, A., Duffy, V., Drury, C, Gao, Q., Guo, Y., Hancock, P., Marras, W. S., Rau, P., Sawyer, B., & Stanton, N. (2025).
Grand challenges for human factors and ergonomics. Theoretical Issues in Ergonomics Science, 26(4), 361-456.
https://doi.org/10.1080/1463922X.2024.2431336

Kim, J., Zo, H., & Jun, ]. (2025). How dataveillance shapes user behavior: The role of perceived value in disclosure and
discontinuation. Computers in Human Behavior, 168, 108655.
https://doi.org/https://doi.org/10.1016/j.chb.2025.108655

Krishna, B., Krishnan, S., & Sebastian, M. P. (2023). Understanding the process of building institutional trust among
digital payment users through national cybersecurity commitment trustworthiness cues: a critical realist
perspective. Information Technology & People, 38(2), 714-756. https://doi.org/10.1108/ITP-05-2023-0434

Liu, L, Chen, Z., Al-Hiyari, A., & Nassani, A. (2024). Sustainable growth in mineral rich BRI countries: Linking
institutional performance, Fintech, and green finance to environmental impact. Resources Policy, 96, 105159.
https://doi.org/https://doi.org/10.1016/j.resourpol.2024.105159

Matos Fialho, P. M., Wenig, V., Heumann, E., Miiller, M., Stock, C., & Pischke, C. R. (2025). Digital public health
interventions for the promotion of mental well-being and health behaviors among university students: a rapid
review. BMC Public Health, 25(1), 2500. https://doi.org/10.1186/s12889-025-23669-1

Morey, B. N., Michelen, M., Phan, M., Cardenas, S., Foo, M. A., Cantero, P. ]., Peralta, S., Chirinos, N., Salazar, R., Montiel,
G. I, Tanjasiri, S. P., Billimek, ]., & LeBrén, A. M. W. (2025). Structural supports and challenges for community
health worker models: Lessons from the COVID-19 response in Orange County, California. SSM - Qualitative
Research in Health, 7, 100510. https://doi.org/https://doi.org/10.1016/j.ssmqr.2024.100510

Narayan, S. M., Chung, M. K., Adedinsewo, D., Brant, L. C. C,, Davis, L. L., Duncker, D., Hall, J. L., Han, ]J. K., Lam, C. S. P.,
Lewis, E., Loscalzo, ., Marquez, M. F., Rahimzadeh, V., Rodriguez, F., Sanders, P., Svennberg, E., Stein, K., Turakhia,

©®) Applied Health Promotion Science (AHPROCE) © 2024 by Inovasi Analisis Data
is licensed under CC BY-SA 4.0

96


https://analysisdata.co.id/index.php/AHPROCE/index
https://analysisdata.co.id/
https://creativecommons.org/licenses/by-sa/4.0/?ref=chooser-v1
mailto:https://analysisdata.co.id/index.php/AHPROCE/OpenAccessStatement

OPEN#~| ACCESS E-ISSN: XXXX-XXXX, P-ISSN: XXXX-XXXX
Applied Health Promotion Science (AHPROCE), Vol. 1, No 1, December 2024, Page. 83-97
4. DOI: https://doi.org/10.69725/ahproce.v1il 256

M., Yancy, C., & Armoundas, A. A. (2025). Access to digital health technologies: personalized framework and global
perspectives. Nature Reviews Cardiology. https://doi.org/10.1038/s41569-025-01184-5

Obeng, H. A., Atan, T., & Arhinful, R. (2025). Exploring organizational politics, psychological well-being, work-life
balance, and turnover intentions in Ghanaian hospitals: a conservation of resource theory perspective. BMC
Health Services Research, 25(1), 1053. https://doi.org/10.1186/s12913-025-13056-2

Paltin, D., Prescott, M., Ma, ]., Yeager, S., Ham, L., Serrano, S., Narez, ]., Delgado, ]., Burke, L., Gouaux, B., Beckwith, M.,
Morris, S. R., Moore, D. J., & Montoya, ]. L. (2025). Barriers and Facilitators to PrEP Adherence among Transgender
and Non-binary Individuals: A Mixed-Methods Analysis of Psychosocial Factors and Health Belief Model
Constructs. AIDS and Behavior. https://doi.org/10.1007/s10461-025-04810-y

Perski, O., Kale, D., Leppin, C., Okpako, T., Simons, D., Goldstein, S. P., Hekler, E., & Brown, ]. (2024). Supervised machine
learning to predict smoking lapses from Ecological Momentary Assessments and sensor data: Implications for
just-in-time  adaptive  intervention  development. @ PLOS  Digital  Health, 3(8), e0000594.
https://doi.org/10.1371/journal.pdig.0000594

Picard, R. W. (2003). Affective computing: challenges. International Journal of Human-Computer Studies, 59(1), 55-64.
https://doi.org/https://doi.org/10.1016/S1071-5819(03)00052-1

Prior, E., Dorstyn, D., Taylor, A., & Rose, A. (2024). Attrition in Psychological mHealth Interventions for Young People: A
Meta-Analysis. Journal of Technology in Behavioral Science, 9(4), 639-651. https://doi.org/10.1007/s41347-023-
00362-x

Probst, F., Ratcliffe, ]., Molteni, E., Mexia, N., Rees, ]., Matcham, F., Antonelli, M., Tinker, A., Shi, Y., Ourselin, S., & Liu, W.
(2024). A scoping review on human-centered design approaches and considerations in the design of technologies
for loneliness and social isolation in older adults. Design Science, 10, e39. https://doi.org/DOI:
10.1017/dsj.2024.22

Reynolds 3rd, C. F., Jeste, D. V, Sachdev, P. S., & Blazer, D. G. (2022). Mental health care for older adults: recent advances
and new directions in clinical practice and research. World Psychiatry, 21(3), 336-363.
https://doi.org/https://doi.org/10.1002/wps.20996

Sivakumar, C. L. V, Mone, V., & Abdumukhtor, R. (2024). Addressing privacy concerns with wearable health monitoring
technology. WIREs Data Mining and Knowledge Discovery, 14(3), e1535.
https://doi.org/https://doi.org/10.1002/widm.1535

Strauss, R. (2024). Data Readiness and Data Strategies ... Without Data, You Are Just Another Person with an Opinion BT
- Data-Driven Customer Engagement: Mastering MarTech Strategies for Success (R. Strauss (ed.); pp. 61-103).
Springer Nature Switzerland. https://doi.org/10.1007/978-3-031-64295-1_5

Tan, L. D., Nguyen, N., Lopez, E., Peverini, D., Shedd, M., Alismail, A., & Nguyen, H. B. (2025). Artificial Intelligence in the
Management of Asthma: A Review of a New Frontier in Patient Care. Journal of Asthma and Allergy, 18(null),
1179-1191. https://doi.org/10.2147 [JAA.S535264

Unluy, A, Truong, S., Sawhney, N,, Siveld, J., & Tammi, T. (2025). Tracing the dynamics of misinformation and vaccine
stance in Finland amid COVID-19. Information, Communication & Society, 28(2), 193-217.
https://doi.org/10.1080/1369118X.2024.2331756

Venkatesh, V., Morris, M. G., Davis, G. B., & Davis, F. D. (2003). User Acceptance of Information Technology: Toward a
Unified View. MIS Quarterly, 27(3), 425-478. https://doi.org/10.2307/30036540

©®) Applied Health Promotion Science (AHPROCE) © 2024 by Inovasi Analisis Data
is licensed under CC BY-SA 4.0

97


https://analysisdata.co.id/index.php/AHPROCE/index
https://analysisdata.co.id/
https://creativecommons.org/licenses/by-sa/4.0/?ref=chooser-v1
mailto:https://analysisdata.co.id/index.php/AHPROCE/OpenAccessStatement

