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Abstract

This study investigates the behavioral intention of adults in Mianyang, China, to use mobile
health communities (MHCs). Drawing upon the Trust-Risk Framework, the Technology
Acceptance Model (TAM), the Unified Theory of Acceptance and Use of Technology
(UTAUT), and Social Cognitive Theory, a structural equation model was developed to examine
how performance expectancy, trust, self-efficacy, privacy risk, social influence, and attitude
influence user intention. A total of 450 valid questionnaires were collected from adult users in
Mianyang, China, all of whom had prior experience using MHCs. Participants were recruited
through a structured online survey. CFA was employed to verify construct validity, and SEM
was used to test the model fit and hypothesized relationships. The findings reveal that attitude
is the strongest predictor of behavioral intention, followed by trust and self-efficacy. Trust
reduces perceived privacy risk and strengthens user attitude, forming a layered cognitive-
affective pathway. Social influence shows a moderate yet significant effect, while performance
expectancy exhibits limited impact—indicating that users prioritize emotional security and
trust over functional efficiency in digital health settings. This research contributes to digital
health adoption theory by contextualizing trust and risk in a high-sensitivity environment. It
offers practical guidance for platform design, digital literacy training, and policy support aimed
at improving user acceptance and sustained engagement.

Keywords: Mobile Health Communities, TAM, UTAUT, Behavioral Intention, Trust, Privacy
Risk
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Introduction

In recent years, mobile health technologies have become an integral component of
digital healthcare ecosystems, offering scalable and user-centered solutions for chronic disease
management, health monitoring, and patient engagement (Esmaeilzadeh & Elahi, 2021; Takao
et al., 2012). Among these innovations, MHCs—interactive digital platforms enabling users to
access health information, consult professionals, and share personal experiences—have gained
increasing prominence, particularly in countries like China where healthcare demand is
growing and resources remain unevenly distributed (Huajing Industrial Research Institute,
2023).

This growth coincides with a surge in chronic disease prevalence—accounting for
79.4% of total deaths in China—and demographic shifts such as population aging (Huajing
Industrial Research Institute, 2023). The COVID-19 pandemic further catalyzed the use of
MHCs by amplifying the need for accessible, contactless, and personalized digital health tools
(Gopalsamy et al., 2017). During this period, MHCs provided crucial services ranging from
online consultations to psychological support and chronic condition follow-up, thereby
alleviating hospital congestion and expanding access for underserved groups (Goh et al., 2016;
Yan & Tan, 2014). Despite this momentum, user adoption—especially among adults—remains
fragmented. Technological readiness and policy endorsement have not fully translated into
behavioral intention or long-term engagement.

Previous studies on digital health adoption have predominantly employed models such
as the Technology Acceptance Model (TAM) and the Unified Theory of Acceptance and Use
of Technology (UTAUT), focusing on perceived usefulness, ease of use, and social influence
(Hesse et al., 2005; Venkatesh et al., 2003). While these models are foundational, they often
overlook critical psychological and emotional factors relevant in health-related contexts. In
high-sensitivity environments involving personal health data, users' trust, self-efficacy, and
perceived privacy risks can be more decisive than functional perceptions alone (Esmaeilzadeh
& Elahi, 2021; Nambisan, 2011).

Building on these insights, this study develops a multidimensional and context-
sensitive adoption framework that integrates seven core constructs: performance expectancy,
trust, self-efficacy, privacy risk, social influence, attitude, and behavioral intention. Drawing
from TAM/UTAUT, trust theory, self-efficacy theory, and the Theory of Planned Behavior
(TPB), this framework moves beyond single-theory approaches by capturing cognitive,
affective, and social dimensions of user decision-making. Specifically, the model posits that
trust reduces perceived privacy risks and fosters more positive attitudes, while self-efficacy
enhances users' confidence and control, thereby facilitating adoption. These theoretical
linkages align with a staged “cognition-affect-behavior” mechanism that better reflects user
psychology in digital health settings.

A structured questionnaire was administered to 450 adult MHCs users in Mianyang, a
digitally advanced yet unevenly adopting city in western China. SEM and CFA confirmed key
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model pathways. Attitude was the strongest predictor of behavioral intention, followed by trust
and self-efficacy. Trust directly influenced intention and indirectly shaped attitudes by
reducing privacy concerns. Self-efficacy improved perceived control and lowered technical
barriers. Social influence had a moderate but significant effect, while performance expectancy
showed weak predictive power, revealing a gap between user expectations and perceived value.

These findings offer both theoretical and practical value. Theoretically, the study
proposes an integrative framework suited to high-risk, health-focused digital contexts by
embedding trust and privacy into traditional models. Practically, enhancing users’ confidence
and perceived value—through intuitive design, visual health tracking, and smart feedback—
can boost engagement. Building trust via transparent policies, expert-backed content, and trial
access (e.g., no-login mode) also shapes positive attitudes. At the policy level, promoting cross-
institutional collaboration and digital literacy programs for vulnerable groups, such as the
elderly, is key to equitable and sustained MHCs participation.

In summary, by combining theoretical depth with empirical rigor, this study offers a
refined understanding of MHCs adoption in China’s adult population. It provides a foundation
for designing inclusive, trustworthy, and psychologically attuned mobile health ecosystems
that support long-term behavioral engagement and contribute to public health goals.

Literature Review

Related Literature
Performance Expectancy

Performance Expectancy (PE) refers to the degree to which an individual believes that
using a specific system will lead to performance gains (Venkatesh et al., 2003). Within mobile
health contexts, PE reflects users’ perceptions of how engaging with MHCs can enhance their
self-management efficiency or improve health-related outcomes (Dwivedi et al., 2016).
Empirical studies have consistently shown that PE is a critical determinant of users’ technology
adoption behavior. For instance, Wu et al. (2011) confirmed a positive relationship between PE
and the intention to adopt mobile medical services. Ghalandari (2012) further emphasized that
individuals are more inclined to use technology when they perceive it as offering clear, valuable
benefits. In the context of ICT innovations, Williams et al. (2015) and Baishya and Samalia
(2020) both reported a strong correlation between PE and Behavioral Intention (BI). Similarly,
Thusi and Maduku (2020) found that PE significantly influenced mobile commerce adoption,
while Hassaan et al. (2023) identified a comparable effect in the smart banking sector. Taken
together, these findings suggest that when users perceive MHCs as beneficial to their health
performance, they are more likely to develop adoption intentions.
Trust

Trust (T) refers to a user’s belief in the reliability, honesty, and competence of a
platform or service provider (Zaltman & Moorman, 1988). In MHCs, where users often share
sensitive personal information, trust plays a crucial role in shaping their willingness to
participate. It helps reduce concerns about data misuse and encourages engagement. Previous
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studies have consistently found a negative relationship between trust and perceived privacy
risk (Dinev & Hart, 2006a; Nemec Zlatolas et al., 2019, 2019; Pavlou & Gefen, 2004; Wang &
Lin, 2016; Zhou, 2012). As trust increases, users tend to perceive less risk in disclosing personal
information. Trust has also been shown to positively influence users’ behavioral intentions
across various digital services, including e-health, mobile banking, and online consultations
(Akdur et al., 2020; Dash & Sahoo, 2022; Gefen, 2000). In MHC:s, trust serves a dual function:
it lowers perceived privacy risks and increases users’ intention to use the platform.
Privacy Risk

Privacy Risk (PR) refers to the perceived likelihood that users' personal information
may be accessed, misused, or shared without consent, particularly by marketers, third parties,
or malicious actors. This concern is exacerbated in mobile health contexts due to the sensitive
nature of health-related data. Lupton (2014) observed that users often hesitate to share detailed
personal health information—such as diet, lifestyle, or medical history—due to fears of
unauthorized access. Bansal et al. (2010) further underscored that privacy concerns
significantly hinder technology acceptance in eHealth and mHealth environments. Sunyaev et
al. (2015) analyzed 600 mHealth apps and discovered that fewer than one-third had any privacy
policies, indicating widespread vulnerabilities. Additionally, Krebs and Duncan (2015) and
Shareef et al. (2014) emphasized the necessity for regulatory oversight and ethical safeguards
in mobile health systems. Research consistently demonstrates that privacy risk negatively
impacts users' Behavioral Intention (BI), acting as a deterrent to technology adoption
(Algahtani & Orji, 2020; El-Wajeeh et al., 2014; Wei et al., 2021). Therefore, addressing
privacy concerns is crucial for fostering user trust and facilitating the widespread use of MHCs.
Self-Efficacy

Self-Efficacy (SE) refers to an individual’s belief in their ability to perform tasks
(Rosenstock et al., 1988). In digital health, SE reflects users’ confidence in navigating mobile
health platforms. Prior research (Deng, 2013; Guo et al., 2015) shows higher SE leads to greater
optimism and positive attitudes toward mobile health. SE enhances perceived competence,
fostering trust and favorable emotional evaluations. Fishbein and Ajzen (1975) also confirmed
SE strongly predicts positive health behaviors. Thus, improving SE is key to shaping positive
attitudes toward MHCs.
Attitude

Attitude (ATT) refers to an individual’s overall evaluative judgment—positive or
negative—toward engaging with mobile health services (MHS). Grounded in the Theory of
Planned Behavior (TPB), attitude has been widely recognized as a strong predictor of
Behavioral Intention (BI) (Deng et al., 2014; Lee et al., 2011; I.-L. Wu et al., 2011). When users
form favorable evaluations of MHS—perceiving it as useful, reliable, or supportive—they are
more likely to express an intention to adopt these services. This relationship has also been
validated across various domains, such as self-service technologies, cloud computing, and
online banking (Al-Somali et al., 2009; Asadi et al., 2017; L. Chen & Wu, 2014). Zhao et al.
(2018) further confirmed that attitude exhibits the strongest correlation with Bl among mobile
healthcare users. In hospitality and retail contexts, studies by Boo and Chua (2022) and Ki and
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Hon (2012) have also observed that positive attitudes toward technology or organizations
significantly shape behavioral engagement. Therefore, enhancing users’ attitudes toward
MHS—by improving perceived value and emotional acceptance—is critical for encouraging
adoption.
Social Influence

Social Influence (SI) refers to the perceived pressure from significant others—such as
peers, family, or professionals—to adopt a technology (Lee et al., 2011). Based on the UTAUT
model, SI involves learning by observing social circles before adoption decisions. Numerous
studies confirm SI’s significant role in shaping Behavioral Intention (BI) in mobile contexts.
For instance, SI positively impacts adoption in mobile commerce (Alalwan et al., 2017; Farah
etal., 2018) and mobile banking (Tan & Leby Lau, 2016; Tarhini et al., 2016). In mobile health,
SI influences older adults’ willingness to use services (Pan & Jordan-Marsh, 2010; Sun et al.,
2013) and similar effects appear in Bangladesh (Quaosar et al., 2018) and education (Kim &
Lee, 2022). Thus, peer approval and modeling enhance MHCs adoption.
Behavioral Intention

Behavioral Intention (BI) refers to an individual's conscious willingness or plan to
engage in a specific behavior (Fishbein & Ajzen, 1975). In the context of technology adoption,
BI serves as a proximal predictor of actual usage behavior, often mediating the relationship
between attitudinal, cognitive, and contextual factors and system use (Davis, 1989; Venkatesh
et al., 2003, 2012). Within e-health settings, BI is pertinent not only for patients but also for
healthcare providers. Chen et al. (2020) found that physicians with a positive attitude toward
digital consulting services are more likely to exhibit a stronger behavioral intention to adopt
such tools. Similarly, Kaplanidou et al. (2013) conceptualized BI as the psychological
commitment that precedes actual action. In self-service technology (SST) contexts, BI often
manifests as users' readiness to continuously engage with digital tools (Manrai et al., 2021).
Studies by Alam et al. (2020) and Chang et al. (2021) emphasized that BI significantly predicts
users' ongoing use of digital products or services, making it a crucial construct for
understanding sustained adoption behavior across various information system environments.

Hypotheses

This study develops a set of hypotheses centered on four key psychological
constructs—privacy risk, attitude, and behavioral intention—to systematically explore how
these factors jointly influence users’ intention to engage with MHCs. By empirically testing
these hypotheses (see Figure 1), the study aims to offer targeted recommendations for platform
providers to enhance privacy protection, foster user trust, improve user attitudes, and ultimately
increase behavioral intention to use MHCs services.

Hypothesis 1 (H1): performance expectancy has significant impact on behavioral
intention.

Hypothesis 2 (H2): trust has significant impact on privacy risk.

Hypothesis 3 (H3): self-efficacy has significant impact on attitude.

Hypothesis 4 (H4): trust has significant impact on behavioral intention.
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Hypothesis 5 (H5): self-efficacy has significant impact on behavioral intention.
Hypothesis 6 (H6): social Influence has significant impact on behavioral intention.
Hypothesis 7 (H7): privacy risk has significant impact on behavioral intention.
Hypothesis 8 (H8): attitude has significant impact on behavioral intention.

Figure 1

Research Framework “Assessing Adults’ Privacy Risk, Attitude, and Behavioral Intention Toward Mobile Health
Communities in Mianyang, China”

Self Efficacy

Note: Created by the author
Research Methodology

The study adopts a quantitative research methodology to examine the relationships
among PE (Performance Expectancy), T (Trust), SE (Self-Efficacy), SI (Social Influence), PR
(Privacy Risk), ATT (Attitude), and BI (Behavioral Intention) in the MHCs context. The
methodology includes research design, sampling procedures, and data analysis strategies.

Research Design

This study adopts a quantitative, cross-sectional design to examine factors influencing
PR, ATT, and BI among adults using MHCs in Mianyang, China. Based on TRA, TAM, UTAUT,
PMT, and TPB, the framework includes PE, T, SE, SI, PR, ATT, and BI. Data were collected via
structured questionnaires from chronic disease patients in four public hospitals using multistage
sampling. A total of 450 responses were targeted, following SEM sample size guidelines. All
constructs were measured with validated Likert-scale items. Data analysis involved CFA and
SEM using SPSS and AMOS to test the reliability, validity, and hypothesized relationships
among the variables.
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Population and Sample

This study focuses on adult patients with chronic conditions in Mianyang, China, who
are familiar with their medical history and have used MHCs. To ensure representativeness and
minimize sampling bias, a non-probability quota sampling method was primarily adopted.
Participants were recruited from the cardiology and endocrinology departments of four public
hospitals: Mianyang Central Hospital, the Third Hospital of Mianyang, Mianyang Hospital of
Traditional Chinese Medicine, and Mianyang People’s Hospital. Based on the total departmental
population (N = 8,944), proportional allocation was applied following Cochran’s formula and
SEM sample size guidelines.

This study used a multi-stage sampling approach combining purposive, quota and
convenience sampling methods. First, four public hospitals in Mianyang were selected in a
rigorous manner on the basis of the number of patients and the medical records system. Second,
proportional quota sampling was used to distribute the questionnaires to the hospitals according
to their patient population (8,944 patients in total) in the cardiovascular and endocrinology
wards. Finally, in order to recruit patients who met the inclusion criteria, convenience sampling
was used in each ward. The final sample consisted of 143, 75, 122 and 110 participants from the
central Mianyang hospital, third hospital, T.C.M. hospital and People's Hospital, respectively.

Data collection took place between August and October of the year 2024 using online
surveys, A total of 450 valid responses was obtained and used for analysis. Table 1 presents the
stratified sample allocation across the four hospitals. Patients were selected based on predefined
inclusion criteria and invited to complete structured questionnaires distributed through both
online and offline channels.

Table 1

Sample Unit and Sample Size

Major Name Population Size Pl‘OpOI’thflal

Sample Size
Mianyang Central Hospital patients 2583 143
The Third Hospital of Mianyang patients 1964 75
Mianyang Hospital of T.C.M patients 2675 122
Mianyang People's Hospital patients 1722 110
Total 8944 450

Note: Created by the author

Data Analysis Methods

Data were analyzed using SPSS and AMOS. Descriptive statistics summarized
demographics and construct means. Reliability and content validity were assessed via
Cronbach’s Alpha and IOC. CFA confirmed construct validity and model fit. SEM tested
hypothesized paths among PE, T, SE, SI, PR, ATT, and BI, including mediation by PR and ATT.
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Data screening and standard fit indices ensured model adequacy.
Results and Discussion

Demographic Information

As shown in Table 2, gender distribution is nearly equal (49.8% male, 50.2% female).
Most respondents are over 36 years old (66.44%), with 32.66% aged 36-50 and 33.78% above
50. Regarding education, 51.11% hold a bachelor’s degree, 21.56% master’s or higher. In terms
of income, 50.20% earn CNY 30,000-69,999, 22.22% below CNY 30,000, and 10% above
CNY 90,000.

Table 2

Demographic Information

Demographic Information (N=450) Frequency Percentage
Male 224 49.80%
Gender
Female 226 50.20%
18-25 years old 44 9.78%
Age 26-35 years old 107 23.78%
36-50 years old 147 32.66%
>50 years old 152 33.78%
Elementary/ Middle/ High School 41 9.11%
i Associate degree 82 18.22%
Education Level
Bachelor's degree 230 51.11%
Master's degree or higher 97 21.56%
< CNY 30,000 100 22.22%
CNY 30,000-49,999 113 25.10%
Annual Income | CNY 50,000-69,999 113 25.10%
CNY 70,000-89,999 79 17.56%
>CNY 90,000 45 10.00%

Note: Created by the author

Confirmatory Factor Analysis (CFA)

Confirmatory Factor Analysis (CFA) confirmed the measurement model’s reliability
and validity (see Table 3). All factor loadings exceeded 0.60. Cronbach’s Alpha and Composite
Reliability (CR) values ranged from 0.731 to 0.826. Although some AVEs (e.g., ATT, SE, SI)
were slightly below 0.50, all CRs were above 0.70, satisfying Fornell and Larcker’s (1981)
criterion. This approach is in line with established practice where convergent validity is
considered acceptable with CR > 0.70 and AVE values slightly less than 0.50 (Kyriazos et al.,
2018; Shaakumeni & Csapo, 2019). Malhotra (2020) also claimed that the criteria for the AVE
are often too stringent and that their validity can only be determined by CR. These results
indicate acceptable convergent validity and support the model’s use in subsequent analysis.
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Table 3

Confirmatory Factor Analysis Result, Composite Reliability (CR) and Average Variance Extracted (AVE)

Variables Items Amount Factor Loading Cronbach's Alpha CR AVE
PE 4 0.690~0.746 0.800 0.801 | 0.501

T 4 0.697~0.806 0.825 0.826 | 0.543

PR 4 0.705~0.799 0.824 0.825 | 0.541
SE 3 0.678~0.730 0.748 0.748 | 0.497
ATT 3 0.660~0.707 0.731 0.731 | 0.476
SI 4 0.614~0.747 0.769 0.772 | 0.460

BI 4 0.716~0.746 0.823 0.823 | 0.538

Note: Created by the author

As shown in Table 4, the square roots of AVE (diagonal values) for each latent construct
are greater than their corresponding inter-construct correlations (off-diagonal values). This
satisfies the Fornell-Larcker criterion, indicating that all constructs demonstrate adequate
discriminant validity. Therefore, each construct in the measurement model captures unique
variance and is empirically distinct from others.

Table 4

Discriminant Validity

PE T PR SE ATT SI BI
PE 0.708
T 0.353 0.737
PR -0.282 -0.447 0.736
SE 0.388 0.400 -0.238 0.705
ATT 0.396 0.363 -0.327 0.366 0.690
SI 0.365 0.387 -0.352 0.441 0.439 0.678
BI 0.339 0.392 -0.372 0.360 0.439 0.405 0.733

Note: Created by the author

Structural Equation Model (SEM)

Structural Equation Modeling (SEM) was conducted to test the hypothesized
relationships among PE, T, SE, SI, PR, ATT, and BI. Following the guidelines of Kline (2015),
SEM integrates confirmatory factor analysis and path analysis, allowing simultaneous
estimation of multiple structural paths while accounting for measurement error.

As shown in Table 5, model fit improved after adjustment. The CMIN/df decreased
from 3.226 to 3.592, meeting the acceptable threshold of <5 (Al-Mamary et al., 2015; Awang,
2012). The GFI increased from 0.838 to 0.853, exceeding the minimum criterion of 0.85, while
AGFI improved from 0.804 to 0.819, surpassing the 0.80 cutoff (Sica & Ghisi, 2007).
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Incremental fit indices also indicated improvement: NFI rose from 0.782 to 0.808 (Wu &
Wang, 2006), CFI from 0.831 to 0.858 (Bentler, 1990), and TLI from 0.812 to 0.838 (Sharma
et al., 2005). The RMSEA value declined from 0.076 to 0.070, falling well within the
acceptable range of <0.08 (Pedroso et al., 2016). Together, these improved indices confirm that
the revised model provides an acceptable fit and better captures the structural relationships
among the key constructs.

Table 5

Goodness of Fit for Structural Model

Index Criterion Before Adjustment After Adjustment
Statistical Values Statistical Values
<5 (Al-Mamary et al., 2015;
CMIN/df Awang, 2012) 3.592 3.226
GFI >0.85 (Sica & Ghisi, 2007) 0.838 0.853
AGFI | >0.80 (Sica & Ghisi, 2007) 0.804 0.819
CFI >0.80 (Bentler, 1990) 0.831 0.858
NFI >0.80 (Wu & Wang, 2006) 0.782 0.808
TLI >0.80 (Sharma et al., 2005) 0.812 0.838
RMSEA | <0.08 (Pedroso et al., 2016) 0.076 0.070
Model Summary Unacceptable Model Fit Acceptable Model Fit

Note: Created by the author

Hypothesis Testing Results
Structural Equation Modeling (SEM) was used to test the hypothesized relationships
among PE, T, SE, SI, PR, ATT, and BI. As shown in Table 6, all eight hypotheses were

supported with statistically significant path coefficients (p < 0.05), confirming the model” s
structural validity (Kline, 2015).

H1 posits that PE positively influences BI. The result (B =0.111, t=2.263, p < 0.05)
supports the hypothesis, indicating that higher PE modestly enhances intention to use MHCs.
H2 examines the effect of T on PR. A strong negative relationship is confirmed (B =-0.575,t
= -8.658, p < 0.001), suggesting that higher trust reduces perceived privacy risk, consistent
with prior findings (Dinev & Hart, 2006b; Pavlou & Gefen, 2004).

H3 tests the impact of SE on ATT. The significant coefficient (B =0.511,t=6.729, p
< 0.001) supports the idea that greater self-efficacy leads to more positive user attitudes.

H4 and HS evaluate the direct effects of T and SE on BI, with both showing significant
positive effects (H4: B =0.121,t=1.997, p<0.05; H5: B =0.137, t=1.983, p <0.05). H6
confirms that SI positively influences BI (B =0.175, t=3.005, p < 0.05), implying that social
influence plays a notable role in users’ intention to adopt MHCs. H7 assesses the effect of
PR on BI. The negative path coefficient (B =-0.178, t =-3.039, p < 0.05) supports the notion
that higher privacy concerns discourage behavioral intention. Finally, H8 confirms a strong
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positive link between ATT and BI (B = 0.266, t = 3.870, p < 0.001), reinforcing the role of
attitude as a key determinant of usage intention.

Table 6

Hypothesis Results of the Structural Equation Modeling

Hypothesis Paths Staclli?;(:;zﬁf (l;;;th t-Value Testing Result
H1 PE — BI 0.111 2.263% Supported
H2 T — PR -0.575 -8.658*** Supported
H3 SE — ATT 0.511 6.729%** Supported
H4 T — BI 0.121 1.997* Supported
H5 SE — BI 0.137 1.983%* Supported
H6 SI — BI 0.175 3.005% Supported
H7 PR — BI -0.178 -3.039%* Supported
H8 ATT — BI 0.266 3.87*** Supported

Note: *** p<0.001, ** p<0.01, * p<0.05
Note: Created by the author

Discussion

H1: The results show that PE has a positive but modest effect on BI, with a standardized
path coefficient of 0.111. This suggests that when users believe MHCs are useful for managing
their health, their behavioral intention increases. Similar conclusions were drawn by Aydin
(2023), who found performance expectancy to be a meaningful predictor of mobile health
adoption.

H2: The analysis confirms a strong negative association between T and PR (f =-0.575),
indicating that greater trust significantly reduces users’ privacy risk. This aligns with Pavlou
and Gefen (2004), who emphasized the inverse relationship between trust and privacy concern
in online systems.

H3: SE significantly impacts ATT (B = 0.511), showing that users with higher self-
confidence in managing digital platforms tend to hold more favorable attitudes toward MHCs.
This finding supports the results of Zhang et al. (2019), who noted that self-efficacy enhances
users’ receptiveness to health technologies.

H4: T directly influences BI (f = 0.121), confirming that user trust contributes not only
to reduced privacy risk but also enhances usage intention. This dual role of trust is consistent
with findings by Akdur et al. (2020).

HS5: SE also has a direct positive effect on BI (B =0.137), indicating that confident users
are more likely to engage with MHCs. Alam et al. (2020) similarly found that SE drives both
ATT and BI in mobile health adoption.

H6: SI exerts a moderate influence on BI (f =0.175), implying that social cues and peer
encouragement play a role in motivating users to engage with MHCs. This supports previous
work on technology diffusion, including Venkatesh et al. (2003).
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H7: PR negatively affects BI ( = -0.178), indicating that privacy concerns remain a
barrier to technology use. This is consistent with findings from Wang and Lin (2016) and
Nemec Zlatolas et al. (2019), who observed that perceived risk often inhibits digital disclosure
behavior.

HS8: ATT has a substantial positive effect on BI (B = 0.266), making it the strongest
direct predictor of behavioral intention in this model. This validates previous claims (Boo &
Chua, 2022) that user attitude is central to the acceptance of mobile health technologies.

Figure 2 illustrates the structural model with four independent variables (PE, T, SE, SI),
two mediators (PR, ATT), and one dependent variable (BI). The model explains 29.2% of the
variance in PR, 23.2% in ATT, and 26.9% in BI. ATT shows the strongest positive effect on
BI (B =0.266, p <0.001), followed by SI (B =0.175), SE (3 =0.137), T (3 =0.121), and PE (B
=0.111), all significant at p < 0.05. PR negatively affects BI (B =-0.178, p <0.05), indicating
that privacy concerns reduce usage intention. As mediators, ATT is positively influenced by
SE (B=0.511,p <0.001) and PE (B =0.111, p <0.05), while PR is significantly reduced by T
(B=-0.575, p <0.001), highlighting trust’s role in mitigating privacy concerns.

Figure 2

Path Diagram Analysis

Note: *** p<0.001, ** p<0.01, * p<0.05
Note: Created by the author
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Conclusions and Recommendations

Conclusions

This study analyzes factors influencing BI to use MHCs among adults in Mianyang,
China. The research tests seven hypotheses involving PE, T, SE, PR, SI, ATT, and BI. Data
from 450 valid questionnaires were analyzed using CFA and SEM to validate the conceptual
model.

Results show ATT is the strongest positive predictor of BI, followed by SI, SE, T, and
PE. PR negatively affects BI, highlighting privacy concerns’ impact on adoption. SE and PE
significantly influence ATT, which mediates their effects on BI. T significantly reduces PR,
confirming its role in alleviating privacy risk and indirectly promoting BI.

These findings deepen understanding of digital health acceptance, showing cognitive
and affective factors’ multiple pathways shaping BI. The rigorous methodology and robust
sample enhance the study’s relevance. This research offers empirical support for platform
design and policy to improve user trust and engagement.

Recommendations

This study offers several practical insights for enhancing the adoption of MHCs across
varied technological and user contexts.

1. Tailor platform functions to user familiarity and task complexity. In view of the
significant impact of SE on ATT (B = 0.511) and BI (B = 0.137), and the specific measure of
learning to use the mobile health community easily for me, and I can use the mobile health
community easily for me, Developers should simplify interaction interfaces and optimize core
features to meet the needs of users with differing levels of digital literacy. For example, using
intuitive navigation, visual cues, and guided tutorials may improve usability and encourage
adoption among first-time users.

2. Build trust mechanisms to alleviate perceived privacy risks. The strong negative
correlation between T and PR (B = -0.575, p<0.001) suggests that the specific concerns
measured in the survey should be addressed by building trust: ensuring that the mobile health
community does not disclose personal data without permission to others, and that the
professionals who have access to the information are properly managed. Introducing
transparent data policies, visual consent mechanisms, and customizable privacy settings can
reduce users’ concerns. Regular third-party audits and certifications may also enhance platform
credibility.

3. Segment users and personalize engagement strategies. Because ATT is the best
predictor of BI (B = 0.266, p<0.001) and our focus of responses is on the good idea of using a
mobile health community and on helping me manage my health more actively, Future
implementations should distinguish between user groups such as general adults, elderly
individuals, healthcare professionals, and corporate users. Tailoring communication and
support services to different groups' motivations—such as health tracking, mandatory use, or
clinical coordination—can boost engagement.
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4. Invest in digital literacy training. Public health campaigns and institutional
onboarding sessions can empower users with the skills needed to interact confidently with
mobile health technologies, especially in regions with limited prior exposure to digital health
tools.

5. Differentiate platform types in future development. Since user concerns may vary
depending on platform tasks (e.g., community engagement vs. teleconsultation), it is advisable
to classify and design platforms according to use-case specificity, ensuring that privacy and
trust measures are context-appropriate.

6. Encourage comparative studies and cross-regional validations. To strengthen the
generalizability of the current model, future research should test its robustness across diverse
technological ecosystems and sociocultural environments, including longitudinal analysis to
capture evolving user behavior.

Limitations and Further Exploration

This study has established a comprehensive theoretical model and tested key
relationships among variables related to MHCs adoption. However, certain limitations warrant
attention. First, the sample focused on general adult users without covering specific
subpopulations such as elderly individuals or patients with chronic diseases, who may exhibit
different digital health behaviors and perceptions. Second, data were collected within a limited
geographic region and timeframe, which may restrict the generalizability of findings. Third,
the model currently lacks emotional and contextual moderators that could enrich understanding
of user behavior dynamics.

Future research should address these gaps by including more diverse user groups and
expanding geographic and temporal scopes. Incorporating emotional factors such as privacy
fatigue and external support as moderating variables can provide a more nuanced explanation
of behavioral intentions. Additionally, longitudinal and mixed-methods approaches, combining
behavioral data and self-reports, are recommended to enhance model robustness. Cross-
regional validation studies will be critical to adapting the model to evolving digital health
landscapes and varied user needs.
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