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Abstract

Background: Exploring user satisfaction is crucia for enhancing and ensuring the sustainable development of mobile health
(mHealth) apps, particularly in the fitness and weight management sectors. Analyzing user types and developing user profiles
are valuable for understanding differences in satisfaction. However, prior research lacks a classification of user types based on
self-management characteristics and an analysis of satisfaction disparities among these types.

Objective: This study analyzes user heterogeneity from a self-management perspective among fitness and weight management
app users by identifying user types and constructing profiles. It further explores differences in satisfaction with the functional
design of these mHealth apps across user types.

Methods: First, 8 featureindicators were selected based on the Health Belief Model and the Behavior Change Wheel to evaluate
users levels of health knowledge and beliefs, as well as self-regulation related to self-management. Existing research was
integrated to categorize mHealth app functional design into 5 categories. health guidance, health education, health monitoring,
socia features, and gamification. Second, a questionnaire survey was used to collect data on users' 8 health management
characteristics and their satisfaction with the 5 functional design categories. A total of 2518 responses were collected, of which
1025 were included in the analysis. Cluster analysis was conducted to classify users into distinct types based on the 8 health
management characteristics, and user profiles were constructed according to the distribution of these characteristics within each
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type. Finally, the Kruskal-Wallis test was used to analyze differences in satisfaction across user types with respect to the 5
functional design categories of mHealth apps.

Results: Cluster analysis revealed that users could be categorized into 6 types based on the 8 self-management characteristics:
positively proactive energizers, proactive intenders, negatively proactive energizers, low health management demanders, potential
health management demanders, and passive attitude holders. Significant differences were observed acrossall 8 health management
characteristics among the 6 user types (all P<.001). The Kruskal-Wallis test indicated significant variations in user satisfaction
with the 5 functional designs of mHealth apps: H(4)=445.388, (P<.001). Overall, users reported the highest satisfaction with
health guidance and health monitoring (median 4.00, IQR 1.00) and the lowest satisfaction with gamification (median 3.00, IQR
1.00). Positively proactive energizers, proactiveintenders, and negatively proactive energizers demonstrated the highest satisfaction
with health education and health guidance (median 4.00). Potential health management demanders, proactiveintenders, positively
proactive energizers, and negatively proactive energizers reported the highest satisfaction with health monitoring (median 4.00).

Proactive intenders reported the highest satisfaction with socia features and gamification (median 4.00).

Conclusions:

Users of mHealth apps exhibit diverse types, with significant differences in health management characteristics

and satisfaction with the 5 functional designs of fithess and weight management apps. This study clarifies individual-level

differencesin user satisfaction with mHealth apps.

(JMIR Med Inform 2026; 14:e64860) doi: 10.2196/64860
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Introduction

The poor continued use of mobile health (mHealth) apps poses
asignificant threat to the sustai nability of the mHealth industry,
while also weakening the benefits of health management for
users. Approximately 40% of smartphone usersutilize mHealth
apps [1]. Research indicates that health management based on
mHealth apps often requires continued use for over 3 weeksto
demonstrate effective outcomes [2]. However, a real-world
observational study revealed that only 2.58% of the 189,770
users who downloaded mHealth apps actively used them for at
least one week [3], indicating that continued use of mHealth
faces serious challenges. Furthermore, app uninstallations result
in average monthly losses of US $57,000 for app companies
[4], highlighting the negative impact of poor continued use on
the industry. Therefore, it is necessary to research the usability
of mHealth. Previous studies have shown that user satisfaction
is akey determinant of acceptance and continued use [5].

User satisfaction is an important indicator for measuring the
quality of mHealth services and has a significant impact on the
continued usage and intention to use mHealth [6]. Exploring
the factors related to user satisfaction has important reference
value for promoting the use of mHealth. A review of existing
research on mHealth satisfaction shows that studies mainly
follow 3 perspectives: technology acceptance, functional design,
and user characteristics. Research from the perspective of
technology acceptance is primarily based on the technology
acceptance model and its derivative theories, focusing on how
users perceived characteristics of mHealth technology influence
satisfaction [7-11]. Studies on the influencing factors of
satisfaction have gradually expanded from apractical dimension
to multidimensional value [12], including perceived
entertainment and other nonpractical characteristics [13].
Research from the perspective of functional design mainly
focuses on how specific functional characteristics of mHealth
meet user needs and improve satisfaction, such asdataanalysis,
monitoring, and information sharing [14,15]. This line of

https://medinform.jmir.org/2026/1/e64860

research shows atrend of transition from overall evaluation to
modular analysis, with the research focus shifting from overall
satisfaction with mHealth to the expl oration of multidimensional
satisfaction [16-18].

Current research has conducted relatively in-depth explorations
of mHealth satisfaction from the perspectives of technology
acceptance and functional design; however, evidence regarding
the relationship between heterogeneity in user characteristics
and satisfaction remains limited [19]. A survey on the use of
digital health tools among the US popul ation reveal ed that there
is no “one-size-fits-al” model in digital health, as consumers
are not a homogeneous group [20]. However, digital health
users cannot be classified solely based on sociodemographic
characteristics, as each generation interacts with technology
differently due to its unique experiences, needs, and levels of
trust in the health care system [21]. Previous studies have
confirmed that eHedlth literacy [22], strong self-reporting
capabilities [19], health needs[23], and poor health status [24]
significantly  influence mHealth satisfaction. Intrinsic
characteristics, such as health knowledge, beliefs, and
self-regulation skills and abilities, are central to
self-management  [25]. These findings suggest that
self-management attributes provide important explanations for
user heterogeneity and differencesin satisfaction among users.
Compared with traditional health care models, mHealth relies
more heavily on self-management service models [26].
Systematic exploration of individual self-management—related
characteristics can help construct user classifications that more
deeply captureinternal features, thereby promoting personalized
and refined mHealth design [27]. However, there is a lack of
research  systematicaly  integrating  self-management
characteristics and analyzing user-group heterogeneity based
on combinations of these characteristics. In addition, empirical
evidence on the differential distribution of satisfaction across
different user types with respect to mHealth function design
remains scarce, posing challenges for developers seeking to
deliver mHesalth services that meet the needs of diverse users.
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To address the above limitations, this study, guided by
self-management theory, analyzes relevant self-management
characteristics based on the Health Belief Model (HBM) and
Behavior Change Wheel (BCW) among users of fitness and
weight management apps. A refined classification of these
mHealth users is conducted based on characteristic attributes,
and differences in satisfaction with mHealth functional design
across user types are examined. Through thisinvestigation, the
study seeks to address the following research questions:

« Research question 1: User typology: How can users of
fitness and weight management apps be systematically
categorized using quantitative methods based on
self-management characteristics? What are the defining
attributes of each user type?

« Research question 2: Satisfaction differences. Do user
groups with distinct self-management characteristics
demonstrate  statistically  significant  differences in
sati sfaction with various mHealth functional designs? What

Figure 1. Study flowchart. mHealth: mobile health.
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are the specific manifestations of these differences, and
which factors are relevant?

Methods

Design

Guided by self-management theory, this study utilizesthe HBM
and BCW to select variables representing the self-management
characteristics of mHealth users. Data were collected through
a questionnaire survey, and unsupervised clustering analysis
was used to identify user clusters. Subsequently, the
characteristic distributions of different user clusters were
analyzed to construct user profiles. Through intergroup
difference analysis, this study compared satisfaction levels
across user types with respect to various mHealth functional
designs and examined the correlations between user
characteristics and satisfaction with functional designs. The
overall workflow of the study isillustrated in Figure 1.

Selection of mHealth user characteristics guided by self~-management theory
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Selection of Self-M anagement—Related Char acteristics

mHealth mainly improves health outcomes by empowering
self-management abilities [28]. Therefore, this study selects
variables representing user characteristics guided by
self-management  theory. In individua and family
self-management theory [29], self-management refers to the
process by which individuals and families use knowledge and
beliefs, self-regulation skillsand abilities, and socia facilitation
strategies to achieve health-related outcomes in their real-life
environments. Among these components, knowledge and beliefs
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refer to information and perceptionsrelated to a health condition
or health behavior. The HBM is one of the most widely used
modelsfor explaining beliefs and perceptions underlying health
behaviors [30]. HBM posits that individuals perceptions of
their susceptibility to a health issue and the potential severity
of its consequences, together with perceived benefits of adhering
to health recommendations and their intention and ability to
engage in health management, are the most direct drivers of
health behaviors [31]. HBM operationalizes these factors
through perceived susceptibility, perceived severity, perceived
benefits, perceived barriers, and self-efficacy [32]. Accordingly,

JMIR Med Inform 2026 | vol. 14 | e64860 | p. 3
(page number not for citation purposes)


http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR MEDICAL INFORMATICS

this study adopts these 5 variables from HBM to characterize
the knowledge and beliefs component of self-management
theory.

Self-regulation within self-management theory is an iterative
process in which individuals utilize a variety of skills and
abilities to achieve healthy behavior change [29]. The BCW, a
classic theoretical model for explaining behavior
change—particularly in the contexts of health promotion and
disease prevention [33]—provides an important reference for
selecting self-regulation—related characteristic variablesin this
study. The BCW posits that healthy behavior change can be
achieved only when individual s possess capability, motivation,
and opportunity [34]. Capability refers to the knowledge and
skills required to engage in a particular behavior [35]. In the
context of using mHealth for health management, essential
knowledge and skills are reflected in 2 aspects. health
management and the use of digital technology. eHealth literacy

Wang et al

is among the most commonly used indicators for assessing an
individual’s ability to acquire health management information
and utilize electronic health information to address health issues
[36,37]. Accordingly, this study selects eHealth literacy to
characterize self-regulation skills and abilities. In addition,
motivation in the BCW refers to the beliefs that trigger
behavioral change, encompassing reflective motivation and
intrinsic motivation [34]. Motivation for health management
can be divided into proactive health management intention and
passive health management intention triggered by perceived
health status, corresponding to reflective motivation and intrinsic
motivation, respectively. Therefore, this study selects health
management intention [38] and perceived health status [39] to
further characterize the motivational dimension of
self-management behavior. In summary, this study selects a
total of 8 variables to analyze self-management characteristics
among mHealth users. The definitions of each variable are
presented in Table 1.

Table 1. mHealth? user self-management characteristics: a framework of 8 variables for user categorization.

User self-management characteristics Definition

Perceived susceptibility
Perceived severity

Beliefs about the likelihood of getting a disease or condition [31].

Feelings about the seriousness of contracting an illness or of leaving it untreated, including

eva uations of both medical and clinical consequences and possible socia consequences[31].

Perceived benefits
problems[40].

Perceived barriers

Health self-efficacy
ment tasks [41].

eHealth literacy

Beliefs that engaging in health behaviors can help decrease the risk of diseases and health

An individual's assessment of the difficulties and cost of adopting behaviors[32].

The confidence individuals have in their ability to use their skillsto complete health manage-

The ability to seek, find, evaluate, and use electronic health information from electronic re-

sources to address health issues [36].

Perceived health status

Health management intention

The perception of one’'s own health status [39].
The degree of intention to engage in health protection [38].

3mHealth: mobile health.

Identification of Study Targets

Themain purpose of thisstudy isto delineateindividuals' health
management characteristics and classify users based on their
levels of health management characteristics, and to further
analyze differences in satisfaction with various mHealth app
functional designs across user categories. Therefore, it is
necessary to clarify the main functional designs of mHealth
apps. Previous studies have summarized common mHealth app

https://medinform.jmir.org/2026/1/e64860

functional designs through systematic reviews and content
analyses [42-44], categorizing functions according to their
primary implementation purposes, such as education, tracking,
social interaction, gamification, and motivational features[42].
Building on prior research, this study reorganizesthe functional
characteristics reported in the literature to propose a
classification of mHealth app functional designs for analysis
(see Table 2).
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Table 2. Fivefunctional designs and features of the mHealth® apps analyzed in this study

Functional designs Definition

Features

Health guidance

Providing advice based on health plans and applica-
tionsmay providereal-time feedback and advice based
on health plans and status [45], or offer strategies for

Intelligent virtual assistants and communication with health
care personnel [43]; interaction with medical staff [45]; and
development of health plans and goal setting [46].

behavior change that can contribute to improving

health conditions [46].

Health education
ior change [47].

Health monitoring

Socia function
tion, and maintaining connections [47].

Gamification

gamelike features [48].

Offering necessary knowledge to achieve health behav-

Recording past and current health statuses [47].

Providing aplatform for user interaction, communica-

I ntegrating gaming mechanisms or elementsinto
mHealth apps and enhancing the user experience with

Personalized education and general knowledge education
[42]; image-based education, video education, and audio
education [47].

Health records and health diaries [43]; trackers, data entry,
and data export [42]; and self-tracking [46].

Community forumsand social media[42]; and social sharing

[47].

Personalized avatars, challenges, tasks, health, and rewards
[43]; points, badges, and levels [42].

8mHealth: mobile health.

To achieve the aforementioned research objectives, this study
selected appropriate objects of study for empirical analysis.
First, the comparability of different mHealth app functional
designs was considered. To minimize the influence of
differences in core service content across app types on
comparability, this study selected a homogeneous category of
apps as the empirical focus, thereby reducing potential
confounding effects. Second, the application domains of
different mHealth app categories were considered. Exercise,
fitness, and weight management align with substantial health
needs. These domainsrepresent important modalitiesfor primary
prevention, and exercise therapy also serves as akey approach
for tertiary prevention (disease management) in various
conditions, such as cardiac rehabilitation, pulmonary
rehabilitation, tumor rehabilitation, and metabolic disease
management [49]. Given that exercise, fitness, and weight
management apps account for more than half of all mHealth
apps [50], and that these functions represent 48.37% of users
motivations for using mHealth apps[51], we selected exercise,
fitness, and weight management apps as the units of analysis
to represent abroader and more heterogeneous user population.

This study did not restrict respondentsto users of aspecific app
for the following reasons. First, as the aim of this study is to
examine the satisfaction of different user types with various
mHealth functional designsin real-world contextsand to provide
generalizable recommendations, the focus is on mHealth
functional modules rather than on specific app design
implementations. Accordingly, the research sample was not
limited to users of a single app. Moreover, this
guestionnaire-based data collection approach captures multiple
implementations of the same functional module (eg, health
education), thereby enhancing sample diversity and improving
the generalizability of the findings [52,53]. Second, this study
was conducted in real-world settings, which differ from
laboratory-based studies that examine factors influencing
mHealth satisfaction. In laboratory environments, variables
must be tightly controlled to quantify the idealized effects of
specific factors, often requiring the use of a single app as the
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research object. By contrast, this study emphasizes user
satisfaction with mHealth in real -world contexts, where the use
of multiple similar apps by the same user iscommon. Analyzing
such data provides real-world evidence that can inform future
research and practical mHealth design.

M easurement | nstrument

Based on the constructed User Hedth Management
Characteristics Framework, this study measures 8 independent
variablesand 5 dependent variabl es reflecting satisfaction with
mHealth functionalities. To achievethe aforementioned research
objectives, it was hecessary to select appropriate and measurable
items corresponding to the characteristics defined within the
framework. To ensure the rational design of the measurement
scale, this study undertook a careful process of adapting
previously validated scales, making nuanced adjustments to
align them with the specific research objectives.

Specifically, the User Health Management Characteristics
Framework includes 4 variables derived from the HBM
(perceived severity, perceived susceptibility, perceived barriers,
and perceived benefits), with measurement items adapted from
HBM-related studies by Ahadzadeh et al [54], Saghafi-Adl et
a [32], and McArthur et al [55]. Two variables were derived
from the BCW (eHedlth literacy and perceived health status),
with measurement items drawn from BCW-related studies
[39,56,57] and the Brief Health Literacy Screen scale [58]. In
addition, 2 variables integrating both models (heath
self-efficacy and health management intention) were included,
with  measurement items adapted from  hedth
management—related studies, such as Zhou et a [59] and Li et
al [38]. For the measurement of satisfaction with the 5 mHealth
functional designs, this study first provided definitions and
specific design examples of each function in the questionnaire,
followed by item-based measurement. The satisfaction items
were adapted from rel evant studies on mHeal th satisfaction [8].
All measurement items used a 5-point Likert scale, ranging
from 1 (strongly disagree) to 5 (strongly agree).

JMIR Med Inform 2026 | vol. 14 | e64860 | p. 5
(page number not for citation purposes)


http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR MEDICAL INFORMATICS

A multistage validation and refinement process was
implemented to ensure the conceptual accuracy and cultural
appropriateness of the English-originated scales within the
Chinese context. Firgt, the preliminary trandation and adaptation
of the scale items were collaboratively conducted by research
team members proficient in both Chinese and English and with
expertisein health informatics. Through group discussions, each
item was refined to preserve the core meaning of the original
construct while aligning with Chinese linguistic norms and the
research context. Second, before the forma survey, 24
participants with backgrounds in medica informatics were
invited to complete a pretest of the questionnaire. Participants
were asked not only to respond to the questionnaire but also to
provide feedback on the clarity and contextual appropriateness
of the items. Based on this feedback, the wording of the
guestionnaire was further refined to eliminate ambiguities and
improve readability, resulting in the final version used in the
formal survey. Finally, during the data analysis phase, reliability
and validity tests were conducted on the measurement model,
thereby verifying the effectiveness and reliability of the
measurement instrument from a data-driven perspective (see
Multimedia Appendix 1).

Data Collection

The survey targeted individualswho had used exercise, fitness,
or weight loss apps within the preceding 3 months. According
to the N:q hypothesis [60], the ratio of sample size to item
parameters in a scale should range from 20:1 to 10:1. In this
study, a total of 51 items were included for measurement;
therefore, applying the more conservative ratio of 20:1, the
required sample size was approximately 1020.

From June 28, 2022, to September 8, 2022, asnowball sampling
survey was conducted via the WeChat platform (Tencent
Holdings Limited). The questionnaire link, generated using
Wenjuanxing, was distributed through Moments (Tencent
Holdings Limited) and various group chats. In total, 2518
guestionnaires were collected. Of these, 902 respondents
reported that they had not used the target apps within the
preceding 3 months. A quality control item wasincluded in the
guestionnaire: “This question is an attention test to ensure
careful completion of the questionnaire. For this question, please
select ‘strongly disagree’.” The correct response to this item
was “1. strongly disagree.” Responses that answered this item
incorrectly were considered to have failed the quality control
check. In addition, given the length of the questionnaire,
responses completed in less than 3 minutes or with identical
answers across all scale items were deemed insufficiently
attentive and were also excluded. Through this screening
process, 591 responses were removed. Consequently, 1025 valid
guestionnaires remained for subsequent analysis. Before
completing the questionnaire, all participants were informed of
the study’s overall purpose and detailed procedures.

In this study, item-level missing data were addressed using
mode imputation based on each respondent’s answers to other
items within the same variable. Specifically, there were 3
missing valuesintotal: 1in perceived susceptibility, 1in eHealth
literacy, and 1 in gamification. As the questionnaire employed
Likert scales, which represent ordina rather than strictly
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continuous data, each missing value was replaced with the mode
of the remaining itemswithin the same scale for that respondent.
The imputed values were 3, 5, and 3, respectively. Given that
the dataset comprised a total of 45,100 item responses, the
proportion of missing values was 0.0067%, which isnegligible
and unlikely to affect the results.

Data Analysis

To address the question “What are the common combinations
of health management characteristicsin users during the process
of using mHealth?” we employed cluster analysis. Cluster
analysis is an unsupervised machine learning technique that
divides a set of observations into multiple clusters composed
of similar objects and can identify the structural composition
of different clusters. In clustering, similarity between
observationswithin the same cluster ishigh, whereas similarity
between observations from different clusters is low. Among
various clustering methods, the k-means agorithm produces
results that are easy to interpret, are suitable for clustering
high-dimensional data, and demonstrate good scalability and
efficiency when dealing with large datasets[61]. The clustering
in this study was based on 8 health management characteristics
(Table 1), and the sampl e size was moderate; therefore, k-means
was appropriate for this study. The k-means algorithm requires
the number of clustersto be predetermined. We determined the
optimal number of clusters by integrating the Elbow Method
and the Silhouette Coefficient. The Elbow Method identifies
the inflection point by analyzing the relationship between the
within-cluster sum of sgquared errors (SSE) and the number of
clusters, while the Silhouette Coefficient is used to
mathematically assess the compactness and separation of the
clustering structure. The results showed that when the number
of clusterswas 6, an inflection point appeared in the SSE curve,
and the Silhouette Coefficient reached a locally optimal value
of 0.1514 (see Multimedia Appendix 2), indicating that this
clustering solution maintains good within-cluster compactness
while achieving favorabl e between-cluster separation. Therefore,
we ultimately set the number of clustersto 6. To further verify
the stability of this 6-cluster solution, we performed 10 repeated
experiments with random initializations. The results showed a
relative fluctuation rate of only 0.002% in the SSE values,
demonstrating that the 6-cluster solution exhibits high
repeatability and stability. We conducted the cluster analysis
to determine the grouping of mHeath app users using
sklearn.cluster in Python 3.8 (Python Foundation; see
Multimedia Appendix 3).

To answer the question “Is there a difference in satisfaction
with the functional design of mHealth apps among different
types of users?” we performed rank sum tests to examine
satisfaction and preferences regarding functionalities across
user groups using SPSS 26 (IBM Corp). To addressthe question
“How do health management characteristics affect users
satisfaction and preferencesfor the functional design of mHealth
apps?’ we conducted a partial least squares analysis using
SmartPLS 4 (SmartPLS GmbH). The significance level was set
at P<.05 for 2-tailed tests.

The data collected for this study were analyzed to assess
potential nonresponse bhias. To accomplish this and examine
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nonresponse bias [11], the Mann-Whitney U test was used to
compare responses from the first 20% (205/1025) and the last
20% (205/1025) of the sample. The results showed no significant
differences between the 2 groups for the health guidance
(z=—0.728, P=.47), health education (z=—1.171, P=.24), health
monitoring (z=—0.857, P=.39), socia function (z=-1.794,
P=.07), and gamification (z=-0.260, P=.80) constructs.
Therefore, nonresponse hias was not a concern in this study.
Thisstudy followed the STROBE (Strengthening the Reporting
of Observational Studies in Epidemiology) reporting standard
(see Multimedia Appendix 4).

Ethical Consider ations

This study utilized an online questionnaire survey. On the first
page of the questionnaire, the research purpose, content,
potential risks, datausage, confidentiality terms, and researcher
contact information were clearly explained to participants. By
checking a box, participants confirmed that they had read and
understood the above information and voluntarily agreed to
participate in the study, thereby providing informed consent.
Participants who did not agree with the above content were
directed to exit the online questionnaire. The questionnaire
materials for this study were destroyed after the completion of
quality control and transcription, within 6 months after the
survey concluded. Any associated information, such as source
I P addresses, collection time stamps, and serial numbers, was
aso destroyed to ensure privacy protection. Following
transcription, the data were renumbered sequentially, starting
from 1. All images and data presented in the manuscript or
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multimedia appendices are fully anonymized and cannot be
used to identify any individual participant or user. No financial
compensation was provided to participants. Approval was
obtained from the Biomedical Ethics Committee of the Second
Affiliated Hospital, School of Medicine, Zhejiang University,
China (approval number IRB-2021-841).

Results

Demogr aphic I nformation

The demographic characteristics of the included sample are
presented in Table 3. The sample exhibited a balanced gender
distribution (female: 553/1025, 53.95%; male: 472/1025,
46.05%), with participants predominantly aged 19-30 years
(500/1025, 48.78%). In terms of education, most respondents
held college degrees (519/1025, 50.63%), followed by master’'s
degrees (269/1025, 26.24%). Income distribution showed that
nearly one-quarter of participants (244/1025, 23.80%) earned
<2500 RMB (1 RMB=US $0.14) monthly, whereas a smaller
proportion (49/1025, 4.78%) reported incomes of 50,001 or
higher. Regarding usage patterns, the largest group reported
using the service 2-3 times per week (370/1025, 36.10%), while
a minority were frequent users (>7 times per week: 59/1025,
5.76%). In terms of occupation, students constituted the largest
subgroup  (283/1025, 27.61%), followed by public
servantg/clerks (208/1025, 20.29%) and professional technical
personnel (196/1025, 19.12%). Overall, 664 of 1025 (64.78%)
users reported using 1 app.
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Table 3. Descriptive statistics of demographic information for the analyzed sample (n=1025).

Characteristics Values, n (%)
Gender
Mae 472 (46.05)
Female 553 (53.95)
Age (years)
<18 6 (0.59)
19-30 500 (48.78)
31-45 337(32.88)
46-60 174 (16.98)
261 8(0.78)
Education
High school 37 (3.61)
Junior college education 111 (10.83)
College 519 (50.63)
Master’s degree 269 (26.24)
Doctor’s degree 89 (8.68)
Income (RMB?
<2500 244 (23.80)
2501-5000 159 (15.51)
5001-8000 178 (17.37)
8001-15,000 213(20.78)
15,001-30,000 125 (12.20)
30,001-50,000 57 (5.56)
250,001 49 (4.78)
Frequency
<1 time per week 265 (25.85)
2-3 times per week 370 (36.10)
4-5 times per week 213 (20.78)
6-7 times per week 118 (11.51)
>7 times per week 59 (5.76)
Occupation
Students 283 (27.61)
Medicine-related personnel 168 (16.39)
Public servants and clerks 208 (20.29)
Commercial and service personnel 107 (10.44)
Professional technical personnel 196 (19.12)
Manual workers 33(3.22)
Unemployed and other personnel 30(2.93)

% RMB=US $0.14.

Data Char acteristics First, we calculated the average score of multiple items
ISt measuring each characteristic variable to represent the level of

A descriptive analysis of the 8 self-management characteristics  that variable. However, because the distributions of the average
and satisfaction with the 5 functional designs was conducted.
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valuesfor each variable were not normally distributed, medians

Wang et al

and IQRs were used for presentation, as shown in Table 4.

Table 4. Descriptive statistics (median and IQR) of the 8 health management characteristics and satisfaction with the 5 functional designs for the

analyzed sample (n=1025).

Characteristics Median First quartile (Q1) Third quartile (Q3) IQR

Health-specific deter minants
Perceived severity 4.25 3.75 5.00 125
Perceived susceptibility 3.50 3.00 4.00 1.00
Perceived barrier 2.50 2.00 3.50 1.50
Perceived benefit 4.75 4.00 5.00 1.00
Health self-efficacy 4.00 3.33 4.33 1.00
Perceived health status 3.67 3.00 4.00 1.00
eHedlth literacy 4.00 3.50 4.50 1.00
Health management intention 4.00 3.33 4.33 1.00

Satisfaction
Satisfaction with health guidance 4.00 3.00 4.00 1.00
Satisfaction with health education 3.67 3.00 4.00 1.00
Satisfaction with health monitoring 4.00 3.33 4.33 1.00
Satisfaction with social function 333 3.00 4.00 1.00
Satisfaction with gamification 3.00 3.00 4.00 1.00

Cluster Analysis of User Self-Management
Characteristicsand Deter mination of User Types

The determination of the optima number of clusters in this
study, which was set at 6, was based on the rel ationship between
thewithin-cluster SSE and the number of clusters. Subsequently,
cluster analysis was performed on the sample using z
score-standardized values of the 8 heath management
indicators. The distribution across the 6 clusters was relatively
uniform (140, 135, 189, 218, 180, and 163). Figure 2 showsthe
distribution of each indicator acrossthe 6 clusters obtained from
theanalysis. A zscore closeto 0 indicatesthat the corresponding
indicator in a given cluster approximates the overal average
level, whereas a positive z score indicates that the indicator is
above the average level in that cluster.

We further analyzed differences in each indicator across the 6
clusters using the Kruska-Wallis test to assess the
distinctiveness of each cluster. Theresults of the Kruskal-Wallis
test demonstrated statistically significant differences in the z
scores of al indicators across the 6 clusters (P<.001 for al).
Specifically, significant differences were observed for the
following: perceived severity, H(5)=400.947 (P<.001);
perceived susceptibility, H(5)=522.425, (P<.001); perceived
barrier, H(5)=673.985, (P<.001); perceived benefit,
H(5)=492.630, (P<.001;) health self-efficacy, H(5)=518.298,
(P<.001); perceived hedth status, H(5)=490.411, (P<.001);
eHedth literacy, H(5)=362.910, (P<.001); and hedth
management intention, H(5)=390.573, (P<.001). Thesefindings
indicate that the 6 clusters exhibit distinct patterns and
magnitudes of health management characteristics, as reflected
by the significant differences in the z scores of the respective
indicators. The detailed z scores and pairwise comparison results
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for each indicator across the 6 clusters are presented in Table
5, allowing for adetailed examination of how each cluster differs
from the others in terms of specific health management
characteristics. Detailed test statistics are provided in
Multimedia Appendix 5, which presents pairwise comparisons
of health management characteristics among user groups.

Thedistribution of the 8 health management traits varied across
individual users. To further understand user health management
characteristicsand provide referencesfor personalized services
in mHeath apps, this study categorized users based on
combinations of their 8 current health management factors.
Given the distinctiveness of each user group, the 6 types were
named according to the indicator profiles within each cluster
to reflect the main health management characteristics of users
in each type. Cluster 1 was labeled “positively proactive
energizers” Users in this cluster exhibited higher perceived
health status, health management self-efficacy, and health
management intention than proactive intenders, along with
substantially lower perceived barriers and perceived
susceptibility.

Cluster 2 was labeled “proactive intenders,” characterized by
userswhose perceived health status, eHealth literacy, and hedlth
management intention are all above average, but who also report
higher perceived barriers and perceived susceptibility. Proactive
intenders (135/1025, 13.17%), the smallest group, represent
userswho demonstrate strong proactivity in health management,
recognize their potential risk for health problems, and actively
manage their health despite the presence of perceived barriers.

Cluster 3 was labeled “negatively proactive energizers.”
Compared with positively proactive energizers, users in this
cluster have slightly bel ow-average perceived health status and
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higher perceived susceptibility, yet they exhibit higher health
management intention, health management self-efficacy, and
eHedlth literacy. Both positively proactive energizers (140/1025,
13.66%) and negatively proactive energizers (189/1025, 18.44%)
represent groups with high levels of health management
cognition, literacy, and capability, along with strong health
management intention, making them the primary beneficiaries
of current mHealth apps. The key difference between these 2
groups lies in perceived health status, which is higher among
positively proactive energizers and below average among
negatively proactive energizers. Cluster 4 was labeled “low
health management demanders.” Users in this cluster tend to
have average perceived hedth status, with perceived
susceptibility, perceived severity, and health management
intention all below the average level. Low health management
demanders constitute the largest proportion of users (218/1025,
21.27%) and represent a group with relatively good current
health, limited emphasis on health management, insufficient
awareness of health risks and potential harm, and consequently
lower intention to engage in health management.

Cluster 5waslabeled “ potential health management demanders.”
Usersinthiscluster have below-average perceived health status
and, although their perceived benefits, perceived susceptibility,
and perceived severity are above average, they exhibit lower
health management intention and higher perceived barriers.
Potential health management demanders (180/1025, 17.56%)
represent individuals with poor current health status who are
aware of the harms associated with health risks and recognize
the benefits of health management for improving their condition,
yet face substantial barriersto engaging in health management
and therefore have a lower intention to do so. This group has
both aclear recognition of theimportance of health management
and an aobjective need for it due to their poor health status.

Wang et al

Cluster 6 was labeled “passive attitude holders,” comprising
users whose perceived health status is below average and who
report very low perceived benefits, health management
self-efficacy, perceived severity, and health management
intention. Passive attitude holders (163/1025, 15.90%) share
similarities with low health management demanders, including
low perceived benefits, health management self-efficacy,
perceived severity, and intention for health management.
However, they differ in that passive attitude holders perceive
their health status as below average and face higher perceived
barriers. Thisgroup perceivesadeclinein health status but lacks
the willingness to improve it, placing them at high risk for
illness.

From the perspective of age distribution, the 6 user categories
exhibited distinct age-structure characteristics. Positively
proactive energizers (n=140) comprised 48 (34.3%) aged 19-30
years, 48 (34.3%) aged 31-45 years, 42 (30.0%) aged 46-60
years, and 2 (1.4%) aged >61. Proactive intenders (n=135)
consisted of 71 (52.6%) aged 19-30 years, 50 (37.0%) aged
31-45 years, 12 (8.9%) aged 46-60 years, and 2 (1.5%) aged
>61. Negatively proactive energizers (n=189) included 2 (1.1%)
aged <18, 65 (34.4%) aged 19-30 years, 79 (41.8%) aged 31-45
years, 41 (21.7%) aged 46-60 years, and 2 (1.1%) aged >61.
L ow health management demanders (n=218) comprised 1 (0.5%)
aged <18, 103 (47.2%) aged 19-30 years, 69 (31.7%) aged 31-45
years, 44 (20.2%) aged 46-60 years, and 1 (0.5%) aged >61.
Potential health management demanders (n=180) included 2
(1.1%) aged <18, 97 (53.9%) aged 19-30 years, 54 (30.0%)
aged 31-45 years, 26 (14.4%) aged 46-60 years, and 1 (0.6%)
aged >61. Passive attitude holders (n=163) were distributed as
1 (0.6%) aged <18, 116 (71.2%) aged 19-30 years, 37 (22.7%)
aged 31-45 years, and 9 (5.5%) aged 46-60 years. Chi-square
tests indicated that the associations between user clusters and
both age (Cramer V=0.145) and education (Cramer V=0.116)
groups were weak.

Figure 2. Cluster analysis—derived profiles of 6 user groups across 8 health management characteristics (z scores).
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Table 5. Mean z scores and Kruskal-Wallis group comparisons of the 8 health management characteristics across the 6 user clusters.

Clustering variables Cluster 1. positively ~ Cluster 2: Cluster 3: neg- Cluster 4: low Cluster 5: potential ~ Cluster 6: passive
proactive energizers  proactivein-  atively proac- heathmanagement  health management  attitude holders
(n=140) tenders tiveenergizers demanders(n=218) demanders (n=180) (n=163)

(n=135) (n=189)

Perceived severity 0.4962b°¢ 0.294P€ 0.632° —0.607¢ 0.3312¢€ —0.956'

Perceived susceptibility -1.1972 0.508°¢€ 0.709%€ -0.634¢ 0.638° -0.146'

Perceived barrier ~1.0292€ 1.2920 —0.796° -0.410¢ 0.733%f 0.476'

Perceived benefit 0.693%¢ 0.02224 0.636° -0.106¢ 0.273¢ -1.510f

Health self-efficacy 0.9552 0.3542¢ 0.630° 0.020° —0.795%f —0.993

Perceived health status 1.2492 0.363>d —0.004%d 0.192¢ ~1.047° —0.469'

eHealth literacy 0.7332¢ 0.258P 0.615° —0.097¢ _0.6218f —0.740'

Health management inten- g gpgab.c 0.419° 0.751¢ —0.278%¢ —0.342¢ -0.990'

tion

|1y the same row of data, if the same characteristic across the 6 clusters shares the same superscript (eg, “b"), it indicates that the difference between
them is not statistically significant. Conversely, if the same characteristic across the 6 clusters does not share the same superscript, it suggests that the

difference between them is statistically significant. For instance, cluster 1's perceived barrier is denoted as —1.029%°, and cluster 3's perceived barrier
is denoted as —0.796°%; the presence of the superscript “c” in both indicates that the Kruskal-Wallis test for the z scores of perceived barrier between

cluster 1 and cluster 3isnot statistically significant. Conversely, cluster 2's perceived barrier is denoted as 1.292°. The absence of acommon superscript
implies that the Kruskal-Wallis test for the z scores of perceived barrier between cluster 1 and cluster 2 is statistically significant.

Differencesin Satisfaction With mHealth App
Functional Design Among Different Types of Health
Users

First, the Kruskal-Wallis test was used to analyze differences
in satisfaction with the 5 functional designs of the mHealth app
among all users. The Kruskal-Wallis test indicated significant
variations in user satisfaction with the 5 functional designs of
mHealth apps—H(4)=445.388, P<.001. Specifically, the median
satisfaction levels for the 5 functional dimensions among all
usersare presented in Table 6. Among these dimensions, health
monitoring and health guidance exhibited the highest levels of
satisfaction. Detailed satisfaction scores for the 5 functional
designs, aswell as pairwise comparisons of satisfaction among
the 6 clusters, are al so presented in Table 6. Theseresultsallow
for adetailed examination of how each cluster differs from the
othersin terms of satisfaction with specific functional designs.
Detailed test statistics are provided in Multimedia A ppendix 6,
which presents pairwise comparisons of satisfaction with the 5
functions across user groups.

Specifically, satisfaction with health guidance was higher in
clusters 1, 2, 3, and 5 than in cluster 6. Pairwise comparisons

https://medinform.jmir.org/2026/1/e64860

revealed that clusters 1 (z=6.246, Bonferroni-adjusted P<.001),
2 (z=8.404, Bonferroni-adjusted P<.001), 3 (z=6.887,
Bonferroni-adjusted P<.001), and 5 (z=3.674,
Bonferroni-adjusted P=.004) differed significantly from cluster
6. Satisfaction with health education and health monitoring was
significantly higher in clusters 1-3 than in clusters 4-6, with
all 9 cross-group pairwise comparisonsfor each domainyielding
statistically  significant  differences (health  education:
z=2.77-7.95, Bonferroni-adjusted P<.001 to .02 and health
monitoring: z=3.05-7.88, Bonferroni-adjusted P<.001 to .03).
With respect to socia functions and gamification, users in
cluster 2 reported higher satisfaction than those in the other 5
clusters. Pairwise comparisons revealed that cluster 2 differed
significantly from cluster 1 (z=—3.584, Bonferroni-adjusted
P=.005), cluster 3 (z=4.599, Bonferroni-adjusted P<.001),
cluster 4 (z=6.857, Bonferroni-adjusted P<.001), cluster 5
(z=7.392, Bonferroni-adjusted P<.001), and cluster 6 (z=5.992,
Bonferroni-adjusted P<.001) in socia function; and from cluster
1 (z=—3.999, Bonferroni-adjusted P=.001), cluster 3 (z=5.015,
Bonferroni-adjusted  P<.001), cluster 4 (z=5.880,
Bonferroni-adjusted  P<.001), cluster 5 (z=7.200,
Bonferroni-adjusted P<.001), and cluster 6 (z=6.083,
Bonferroni-adjusted P<.001) in gamification.
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Table 6. Median satisfaction and Kruskal-Wallis group comparisons regarding the 5 functional designs across the 6 user types.

Dependent vari- Median (IQR)
abl
s All users Cluster 1: positively  Cluster 2: proac-  Cluster 3:  Cluster 4: low  Cluster 5: potential Cluster 6: pas-
(n=1025) proactive energizers tive intenders negatively  hedthmanage- health management de- sive attitude
(n=140) (n=135) proactive  ment deman-  manders (n=180) holders
energizers  ders (n=218) (n=163)
(n=189)
Setisfactionwith  4.00 4.00%P%€ (1.67) 4.00°€ (1.00) 4.00° 3.67%7(1.00) 4.00° (1.00) 3.33" (1.00)
health guidance (2.00) (1.00)
Setisfactionwith  3.67 4,00%PC (1.67) 4,00°° (1.33) 4,00 3679¢(1.00) 3.67% (1.00) 3.33" (1.00)
health education  (1.00) (1.33)
Satisfaction with  4.00 4,00%0° (0.92) 4.00°C (1.00) 4.00° 36797 (1.00) 4.00°(0.67) 3,67 (1.00)
health monitoring  (1.00) (1.33)
Satisfaction with ~ 3.33 3.332¢ (1.00) 4.00° (1.00) 3.33%4F  300%ef (0.67) 3.00%% (1.00) 3.33 (0.67)
socia function (1.00) (1.00)
Setisfactionwith  3.00 3.00%¢9f (1.00) 4.00° (1.33) 3.00%%ef  300%ef (0.67) 3.00%% (1.33) 3.001 (0.33)
gamification (1.00) (1.33)

8 n the same row of data, the group with a superscript “a’ is statistically distinct from that with “b,” “c,” “d,” and “€”. However, the group with a
superscript “b” isstatistically not distinct from that with “b, ¢’ because they share the superscript “b.” Differing grouping labelsindicate the heterogeneity

across clusters.

Associations Between User Self-M anagement
Characteristics and Satisfaction With mHealth App
Functional Design

In this study, confirmatory factor analysis was used to test the
reliability and validity of the questionnaire. The results, as
shown in Multimedia Appendix 7, indicate that all constructs
had Cronbach o and composite reliability values above 0.7; the
average variance extracted for each construct was greater than
0.6; and the factor loadings for al items exceeded 0.7,
demonstrating good reliability and convergent validity for all
constructs. The heterotrait-monotrait ratio (HTMT) method was
used to assess discriminant validity. The commonly accepted
criterion for establishing discriminant validity is an HTMT
value below 0.85. The results indicate that all construct pairs
exhibited HTMT valuesbel ow 0.85, supporting the discriminant
validity of the measurement model. Using 8 health management
characteristics as independent variables and satisfaction with 5
feature designs as dependent variables, partial least squares
analysis was conducted to examine the impact of health
management characteristics on satisfaction with the functional

design of mHealth apps. The R? val ue represents the proportion
of variance in the dependent variable explained by the
independent variables and is used to interpret the goodness-of -fit
of the regression eguation, while B indicates the correlation
between variables. Table 7 displays the 3 values and statistical

significance of R? for theindependent and dependent variables.
Specifically, perceived barriers (f=.177, z=3.586, P<.001),
perceived susceptibility (B=.076, z=2.056, P=.04), health
self-efficacy (3=.140, z=3.307, P=.001), perceived health status
(B=.111, z=2.967, P=.003), eHedlth literacy (3=.153, z=3.947,
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P<.001), and health management intention (3=.148, z=3.966,
P<.001) had a significant positive impact on satisfaction with
health guidance; perceived barriers (3=0.143, z=3.130, P=.002),
health self-efficacy (3=0.147, z=3.491, P<.001), perceived
health status (3= 0.120, z=3.072, P=.002), eHealth literacy (=
0.131, z=3.362, P=.001), and health management intention (3=
0.175, z=4.670, P<.001) had a significant positive impact on
satisfaction with health education; perceived severity (3=.118,
z=3.235, P=.001), perceived barriers (=.107, z=2.194, P=.03),
perceived benefits (3=.089, z=2.428, P=.02), perceived health
status ($=.088, z=2.188, P=.03), eHedlth literacy (=.170,
z=4.561, P<.001), and health management intention ([3=.083,
z=2.064, P=.04) had asignificant positiveimpact on satisfaction
with heath monitoring; perceived susceptibility ((3=.098,
z=2.314, P=.02), perceived barriers (3=.150, z=3.032, P=.002),
health self-efficacy (B=.195, z=4.598, P<.001), perceived health
status (B=.135, z=3.391, P=.001), eHealth literacy (=.118,
z=2.805, P=.005), and health management intention ([3=.139,
z=3.396, P=.001) had a significant positive impact on
satisfaction with social functions, whereas perceived benefits
(B=—210, z=5.906, P<.001) had a significant negative impact
and perceived susceptibility (3=.099, z=2.200, P=.03), perceived
barriers (=.139, z=3.074, P=.002), hedth self-efficacy (3=.137,
z=3.076, P=.002), perceived health status (p=.122, z=2.834,
P=.005), eHealth literacy (B=.119, z=2.771, P=.006), and health
management intention (B=.100, z=2.354, P=.02) had a
significant positive impact on satisfaction with gamification,
while perceived benefits (f=—165, z=5.011, P<.001) had a
significant negative impact. These results help explain why
different types of users exhibit varying levels of satisfaction
with different functional designs. The statistical analysisresults
for each path are presented in Multimedia Appendix 8.
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Table 7. Results of partial least squares analyses for 8 health management characteristics on satisfaction of 5 functional designs (3 value).

Satisfaction with Satisfaction with Satisfactionwith  Satisfactionwith  Satisfaction with
health guidance health education health monitoring social function gamification
Perceived severity .058 .050 1182 034 -012
Perceived susceptibility 076° 049 046 .008° .099P
Perceived barrier 177° 1432 107° 1502 1397
Perceived benefit .048 —-.001 089 —210° _165°
Health self-efficacy 1402 147° 070 195° 1372
Perceived health status 11123 1202 .088° 1352 1222
eHealth literacy 153° 1318 170° 1188 1192
Health management intention 148° 175° 083 1392 .100°
R2 183 .168 152 144 .094
8p<.01.
bp< 05.
°P<.001.
Discussion for 56.6% of al Chinese internet users, only 28.5% have used

Principal Findings

Understanding the heterogeneity of mHealth usersand analyzing
distribution differences in satisfaction with mHealth function
design among user groups with distinct characteristics have
significant referential value for personalized mHealth design.
Therefore, guided by self-management theory and driven by
self-management characteristics, this study constructed mHealth
user personas encompassing 6 categories, analyzed the main
characteristics and attributes of these 6 types of mHealth users,
and examined differences in satisfaction with various mHealth
function designs across user types. The results show that levels
of user self-management characteristicsare unevenly distributed
and that different combinations of self-management
characteristics can explain user heterogeneity. Moreover, aclear
correlation exists between user heterogeneity arising from
self-management characteristics and satisfaction with specific
function designs. The findings of this study mutually confirm
and extend existing literature on differences in mHealth
intervention effects, user participation motivation, and
technology design principles.

User Profilesof Fitnessand Weight M anagement Apps
Based on Health Management Characteristics

This study categorizes mHealth users into 6 distinct groups
based on their self-management characteristics, revealing a
complex classification derived from self-management—related
attributes such as knowledge, beliefs, self-regulation skills and
abilities, and motivation. This classification system differsfrom
traditional approaches that rely on broad demographic labels
(such as age and education level), offering a more refined and
interpretable psychographic user profile. Although the sample
in this study is predominantly composed of
young-to-middle-aged and highly educated users, comparison
with the 50th Statistical Report on China's Internet Devel opment
(2022) [62] shows that while individuals aged 20-49 account
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online medical services. This indicates that even within the
broadly age-eligible internet population, active adopters of
digita hedth services constitute a specific subgroup.
Accordingly, this study employed an online snowball sampling
method to reach and recruit active users with genuine interest
and engagement in mHedth management. The
“young-to-middle-aged, well-educated” characteristics of the
sample, to some extent, reflect the profile of individuals who
pay close attention to such apps. However, chi-square test results
show that the associations between user classification and age
(Cramer V=0.145) and education level (Cramer V=0.116) are
weak. Furthermore, analysis of the age composition of each
user group revealed that every category spans multiple age
layers, suggesting that single demographic labelsareinsufficient
to capture the characteristics of the 6 user categories identified
in this analysis. The uneven distribution of multiple features
across different user categories indicates that there is no
complete positive correlation between individuals' perceived
health status and their health management abilities and
motivations. The differentiation of users' characteristic attributes
is consistent with relevant theories such as BCWSs. Potential
health management demanders and passive attitude holders both
exhibit low health management intention, but their underlying
mechanisms differ: the former perceive susceptibility and
severity but face higher perceived barriers, whereas the latter
generally lack recognition of the perceived benefits and health
self-efficacy of health management. This is consistent with
phenomenaobserved in studies of smoking cessation apps[63],
namely that when users remain at the level of understanding
health information but fail to convert it into personalized risk
perception and action confidence, behaviora intentions are
difficult to activate. Based on the results of this study, targeted
interventions in mHealth management are needed according to
individuals motivation status and health perceptions, to
facilitate the transformation of different perception
characteristicsintointernal motivation and to address differences
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in health management behaviorsarising from varying motivation
statuses [64]. In addition, although negatively proactive
energizers perceive an average health status, they exhibit high
health management intention and self-efficacy. This finding
indicates that perceived health status alone is not the sole
determinant of mHealth service use, which isalso supported by
existing studies [65], showing that patients’ satisfaction with
mHealth services may be influenced by individual differences
in disease progression, perceived service attitudes, and
understanding of diagnostic and treatment outcomes.
Correspondingly, passive attitude holders exhibit low levels of
perceived health status, perceived benefits, health self-efficacy,
and health management intention, which alignswith aprevious
study [66] identifying lack of motivation and low perceived
value as significant barriersto mHealth participation. In general,
obtaining a positive mHealth service experience often depends
on whether services can be personalized or adaptively adjusted
to accommodeate different user needs and motivations, and user
heterogeneity is strongly correlated with self-management
characteristics [67].

Satisfaction of VariousUser TypesWith mHealth App
Functionality Design

There are significant differences in satisfaction with mHealth
function designs among different user types, providing
counterevidence to the “one-size-fits-all” function design
strategy and underscoring the necessity of personalized design.
This study found that proactive intenders and positively
proactive energizers, characterized by high self-efficacy and
strong health management intention, reported higher satisfaction
with goal-oriented and interactive functions such as health
guidance, health education, and health monitoring. Thisfinding
is consistent with multiple studies [63,68,69], indicating that
users who actively focus on their own well-being demonstrate
higher levels of engagement with mHealth. Features such as
progress tracking, personalized feedback, and access to
educational content are often welcomed and perceived as useful
by these users.

Low health management demanders and passive attitude holders
report lower satisfaction with most mHealth functions. This
finding isconsistent with aprevious study [ 70], which indicated
that for users with low intrinsic motivation or insufficient
perceived value, complex functions or interfaces may act as
barriers to use; such users require designs that are concise,
intuitive, provideimmediate and intuitive feedback, and involve
low operationa barriers. Notably, prior research has
demonstrated a positive correlation between eHealth literacy
and mHeath usage [71]. However, our findings offer a
contrasting  perspective, showing that potential health
management demanders, despite having lower-than-average
eHealth literacy, report high satisfaction with health guidance
and health monitoring functions. This may be because this
group’s higher perceived benefits and perceived susceptibility
compensate for their lower capability, thereby increasing their
interest in tools that enhance health benefits and reduce health
risks. This phenomenon may also be partially explained by the
Dunning-Kruger effect, whereby users lacking specialized
knowledge may be less able to critically evaluate application
limitations, leading to inflated satisfaction ratings for mHealth.
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Individuals with low health literacy have been shown to report
levels of confidence about their knowledge comparable to, or
even higher than, those with high literacy [72]. Conversely,
users with stronger health knowledge reserves tend to use
educational materials and support functions in mHealth apps
more frequently, thereby enhancing recognition and evaluation
of specific functions [73]. The user-centered design concept,
combined with the user types constructed in this study, can
therefore provide valuable reference for mHealth designs that
address the diverse needs of different user groups.

Recommendations

The findings of this study provide clear implications for the
personalized design and practica application of mHealth.
mHealth developers should adopt a user-centered design
approach and, based on the user types constructed in this study,
tailor functional modules accordingly. For positively proactive
energizers, further development of data tracking, personalized
goal setting, and systematic educational content can be pursued,
alongside the appropriate introduction of gamification elements
to enhance users' sense of enjoyment [74]. For potential health
management demanders, design efforts should focuson lowering
usage barriers, providing clear and step-by-step health guidance
and monitoring tools, and strengthening health-related beliefs.
For passive attitude holders, the primary objective may be to
establish initial engagement and trust through simple designs
and light-touch interventions, whileincorporating social features
to help this group build social support [75], increase awareness
of hedlth risks, and enhance beliefs in health management.
Furthermore, the study’s results suggest that when evaluating
the effectiveness of mHealth functions, user heterogeneity must
be considered, as overall average satisfaction may obscure
substantial differences among user subgroups.

Limitations and Future Research

Although this study was carefully designed in terms of
methodology and empirical analysis, several limitations should
be acknowledged. First, to avoid comparability issues arising
from differencesin functional design across mHealth appswith
different core service content, and to recruit as diverse a user
sample as possible, this study selected exercise, fitness, and
weight management apps as the objects of study. However,
these apps cannot fully represent all types of mHealth apps.
Nevertheless, by conducting empirical research on one of the
most widely used and numerous categories of mHealth apps,
this study verifies that individuals self-management
characteristics have important referential value for mHealth
user classification. The results demonstrate significant
differencesin satisfaction with variousfunctional designsacross
user types, and that the effects of self-management
characteristics on satisfaction differ across functional design
dimensions. These results provide direct empirical reference
for the personalized design of fitness and weight loss apps, and
the research conclusions may aso offer inspiration for user
classification—related studies in other types of mHealth apps.
Second, athough questionnaires are an effective research
method, they cannot fully represent all users. Accessto feedback
data from the entire mHealth user population would enable a
more refined classification of user types. At present, limited
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research on mHealth apps hasfocused on users’ health cognition
and self-management abilities, which constrainsthe analysis of
comprehensive user characteristics from abig data perspective.
To mitigate sampling bias, datawere collected from 34 regions
across China, and the sample size was substantially larger than
that of comparable studies, supporting the representativeness
of the findings. Third, although empirical results indicate that
8 self-management characteristics significantly influence user
satisfaction, these characteristics explain only a limited
proportion of the variance in satisfaction with mHealth

(R=0.094-0.183). Although the identified pathways were
statistically significant, asubstantial proportion of the variance
in satisfaction remains unexplained by these characteristics.
Giventhat the primary aim of this study wasto examine whether
the effects of heterogeneous user types on satisfaction
differ—that is, to construct user profiles based on
self-management characteristics and analyze differences in
satisfaction across user types—we did not conduct an in-depth
examination of other potential determinants of satisfaction (eg,
usage context, service quality, and user experience). Future
research on factors influencing mHealth satisfaction could
incorporate additional predictive variables to improve the
explanatory power of the model.

Conclusions

Thisstudy identified 6 distinct mHeal th user typologies (fitness
and weight management apps) derived from a comprehensive

Funding

Wang et al

set of self-management characteristics. The results reveal an
uneven distribution of multidimensional characteristics across
different user categories. This granular classification provides
a deeper understanding of user heterogeneity than traditional
demographic-based approaches. Overall, the primary
contribution of thiswork isan empirically validated framework
that offersastructured approach to understanding mHealth user
diversity. The identified user typologies and their differential
functional satisfaction profilesyield actionable insights for the
personalized design of fithess and weight management apps.
Specifically, for health guidance and education features,
proactive intenders, positively proactive energizers, and
negatively proactive energizers report higher satisfaction. For
health monitoring functions, potential health management
demanders, proactiveintenders, positively proactive energizers,
and negatively proactive energizers demonstrate higher
satisfaction. For social features and gamification design,
proactive intenders exhibit significantly higher satisfaction than
the other 5 user types. From a practical perspective, these
findings underscore theimportance of adapting mHesalth features
to the distinct self-management needs and preferences of specific
user groups. Such adaptation is essential for enhancing user
satisfaction, fostering sustained engagement, and ultimately
improving the perceived usefulness of digital health solutions.

This work was funded by the National Natural Science Foundation of China (grants 72404112 and 72574006), the Municipal
Natural Science Foundation of Beijing (grant 7222306), and the National TCM innovation team and talent support projects (grant

ZYY CXTD-C-202210).

Data Availability

The datawill be made available upon reasonable request to the corresponding author.

Authors Contributions

Conceptualization: TW

Data curation: JL (lead), TW (equal)
Formal analysis: TW (lead)

Funding acquisition: JL (lead), TW (equal)

Investigation: JL (lead), TW (equal), Y F (supporting), ZL (supporting), XJ (supporting), QF (supporting), JM (supporting)
Methodology: TW (lead), Y F (supporting), ZL (supporting), XJ (supporting), QF (supporting)

Project administration: JL

Resources: JL

Supervision: JL

Writing — original draft: TW

Writing — review & editing: TW (lead), JL (equal)

Conflicts of Interest
None declared.

Multimedia Appendix 1

M easurement instrument.
[PDF File (Adobe PDF File), 298 KB-Multimedia Appendix 1]

https://medinform.jmir.org/2026/1/e64860

JMIR Med Inform 2026 | vol. 14 | e64860 | p. 15
(page number not for citation purposes)


https://jmir.org/api/download?alt_name=medinform_v14i1e64860_app1.pdf&filename=0c023ba00b2d959e365da30a898c2338.pdf
https://jmir.org/api/download?alt_name=medinform_v14i1e64860_app1.pdf&filename=0c023ba00b2d959e365da30a898c2338.pdf
http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR MEDICAL INFORMATICS Wang et a

Multimedia Appendix 2

Cluster sum of squared errors values and silhouette coefficients.
[PDE File (Adobe PDF File), 121 KB-Multimedia A ppendix 2]

Multimedia Appendix 3

Clustering analysis code.
[PDF File (Adobe PDF File), 111 KB-Multimedia Appendix 3]

Multimedia Appendix 4

STROBE checklist.
[PDF File (Adobe PDF File), 238 KB-Multimedia Appendix 4]

Multimedia Appendix 5

Comparison of health management characteristics between pairs of user groups.
[PDE File (Adobe PDF File), 327 KB-Multimedia A ppendix 5]

Multimedia Appendix 6

Comparison of satisfaction across 5 functions between paired user groups.
[PDFE File (Adobe PDF File), 230 KB-Multimedia Appendix 6]

Multimedia Appendix 7

Reliability and validity analysis.
[PDE File (Adobe PDF File), 178 KB-Multimedia A ppendix 7]

Multimedia Appendix 8

Path coefficients.
[PDE File (Adobe PDF File), 131 KB-Multimedia Appendix 8]

References

1.

Khalil AA, Meyliana, Hidayanto AN, Prabowo H. Identification of factor affecting continuance usage intention of mHealth
application: a systematic literature review. 2020. Presented at: The 4th International Conference on Informatics and
Computational Sciences (ICICoS); November 10-11, 2020:1-6; Semarang, Indonesia. [doi:
10.1109/icicos51170.2020.9299038]

2. WangY, XueH, Huang Y, Huang L, Zhang D. A systematic review of application and effectiveness of mHealth interventions
for obesity and diabetes treatment and self-management. Adv Nutr. May 2017;8(3):449-462. [FREE Full text] [doi:
10.3945/an.116.014100] [Medline: 28507010]

3. Helander E, Kaipainen K, Korhonen |, Wansink B. Factors related to sustained use of afree mobile app for dietary
self-monitoring with photography and peer feedback: retrospective cohort study. JMed Internet Res. Apr 15, 2014;16(4):€109.
[doi: 10.2196/jmir.3084] [Medline: 24735567]

4.  AppsFlyer. The uninstall ThreatApp uninstall benchmarks. AppsFlyer. 2020. URL : https://www.appsflyer.com/infograms/
2019-app-uninstall-benchmarks/ [accessed 2024-12-10]

5. Wang T, Wang W, Liang J, Nuo M, Wen Q, Wei W, et a. Identifying major impact factors affecting the continuance
intention of mHealth: a systematic review and multi-subgroup meta-analysis. NPIDigit Med. Sep 15, 2022;5(1):145. [FREE
Full text] [doi: 10.1038/s41746-022-00692-9] [Medline: 36109594]

6. WangT, Zheng X, Liang J, AnK, HeY, Nuo M, et al. Use of machine learning to mine user-generated content from mobile
health appsfor weight lossto assessfactors correlated with user satisfaction. JAMA Netw Open. May 02, 2022;5(5):€2215014.
[FREE Full text] [doi: 10.1001/jamanetworkopen.2022.15014] [Medline: 35639374]

7. Yang M, Al Mamun A, Gao J, Rahman MK, Salameh AA, Alam SS. Predicting m-health acceptance from the perspective
of unified theory of acceptance and use of technology. Sci Rep. Jan 03, 2024;14(1):339. [EREE Full text] [doi:
10.1038/s41598-023-50436-2] [Medline: 38172184]

8.  WangT,FanL, Zheng X, Wang W, Liang J, AnK, et al. Theimpact of gamification-induced users feelings on the continued
use of mHealth apps: a structural equation model with the self-determination theory approach. JMed Internet Res. Aug 12,
2021;23(8):e24546. [FREE Full text] [doi: 10.2196/24546] [Medline: 34387550]

https://medinform.jmir.org/2026/1/e64860 JMIR Med Inform 2026 | vol. 14 | e64860 | p. 16

RenderX

(page number not for citation purposes)


https://jmir.org/api/download?alt_name=medinform_v14i1e64860_app2.pdf&filename=9153492ed9e3fe99514b0892538e183e.pdf
https://jmir.org/api/download?alt_name=medinform_v14i1e64860_app2.pdf&filename=9153492ed9e3fe99514b0892538e183e.pdf
https://jmir.org/api/download?alt_name=medinform_v14i1e64860_app3.pdf&filename=3788814d02136b70655d9a5a812957d3.pdf
https://jmir.org/api/download?alt_name=medinform_v14i1e64860_app3.pdf&filename=3788814d02136b70655d9a5a812957d3.pdf
https://jmir.org/api/download?alt_name=medinform_v14i1e64860_app4.pdf&filename=f1a1569e0f58c90e4fca00eb66d9ce23.pdf
https://jmir.org/api/download?alt_name=medinform_v14i1e64860_app4.pdf&filename=f1a1569e0f58c90e4fca00eb66d9ce23.pdf
https://jmir.org/api/download?alt_name=medinform_v14i1e64860_app5.pdf&filename=84f9ecabaf64624b7530221f84f5039a.pdf
https://jmir.org/api/download?alt_name=medinform_v14i1e64860_app5.pdf&filename=84f9ecabaf64624b7530221f84f5039a.pdf
https://jmir.org/api/download?alt_name=medinform_v14i1e64860_app6.pdf&filename=6f24a9a7339a4572ffc971e9fad15a5e.pdf
https://jmir.org/api/download?alt_name=medinform_v14i1e64860_app6.pdf&filename=6f24a9a7339a4572ffc971e9fad15a5e.pdf
https://jmir.org/api/download?alt_name=medinform_v14i1e64860_app7.pdf&filename=42c27c0142f5c1baaab03ce402935697.pdf
https://jmir.org/api/download?alt_name=medinform_v14i1e64860_app7.pdf&filename=42c27c0142f5c1baaab03ce402935697.pdf
https://jmir.org/api/download?alt_name=medinform_v14i1e64860_app8.pdf&filename=96b257e4402473524a80b30cd00ab4f2.pdf
https://jmir.org/api/download?alt_name=medinform_v14i1e64860_app8.pdf&filename=96b257e4402473524a80b30cd00ab4f2.pdf
http://dx.doi.org/10.1109/icicos51170.2020.9299038
https://linkinghub.elsevier.com/retrieve/pii/S2161-8313(22)00676-7
http://dx.doi.org/10.3945/an.116.014100
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28507010&dopt=Abstract
http://dx.doi.org/10.2196/jmir.3084
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=24735567&dopt=Abstract
https://www.appsflyer.com/infograms/2019-app-uninstall-benchmarks/
https://www.appsflyer.com/infograms/2019-app-uninstall-benchmarks/
https://doi.org/10.1038/s41746-022-00692-9
https://doi.org/10.1038/s41746-022-00692-9
http://dx.doi.org/10.1038/s41746-022-00692-9
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=36109594&dopt=Abstract
https://jamanetwork.com/journals/jamanetworkopen/fullarticle/10.1001/jamanetworkopen.2022.15014
http://dx.doi.org/10.1001/jamanetworkopen.2022.15014
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=35639374&dopt=Abstract
https://doi.org/10.1038/s41598-023-50436-2
http://dx.doi.org/10.1038/s41598-023-50436-2
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=38172184&dopt=Abstract
https://www.jmir.org/2021/8/e24546/
http://dx.doi.org/10.2196/24546
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34387550&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR MEDICAL INFORMATICS Wang et a

9.

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24,

25.

26.

27.

28.

29.

Wang T, Wang W, Feng J, Fan X, Guo J, Lei J. A novel user-generated content-driven and Kano model focused framework
to explore the impact mechanism of continuance intention to use mobile apps. Computersin Human Behavior. Aug
2024;157:108252. [doi: 10.1016/j.chb.2024.108252]

Hashemi P, Reychav |, Arora A, Sawaed N, Sabherwal R, Azuri J. How does information technology affect individuals
health behavior in a pandemic? Insights from mobile health application use during COVI1D-19. Computers in Human
Behavior. Feb 2024;151:108005. [doi: 10.1016/j.chb.2023.108005]

Singh P, Malik G. From trial to triumph! A longitudinal design eliciting social impact perspective for sustained usage of
gamified fitness apps. APIML. Aug 20, 2024;37(2):382-402. [doi: 10.1108/APJIML-03-2024-0315]

Han K, Zo H. Understanding the mobile healthcare applications continuance: the regulatory focus perspective. Int J Med
Inform. Sep 2023;177:105161. [doi: 10.1016/j.ijmedinf.2023.105161] [Medline: 37544241]

Nam M, Song T, Kim D, Jang K, Kim J, Koo B, et al. Effects of content characteristics and improvement in user satisfaction
on the reuse of home fitness application. Sustainability. May 22, 2023;15(10):8371. [doi: 10.3390/su15108371]

HeY, Chen H, Xiang P, Zhao M, Li Y, Liu Y, et a. Establishing an evaluation indicator system for user satisfaction with
hypertension management apps: combining user-generated content and analytic hierarchy process. JMed Internet Res. Sep
03, 2024;26:e60773. [FREE Full text] [doi: 10.2196/60773] [Medline: 39226103]

Nuo M, Zheng S, Wen Q, Fang H, Wang T, Liang J, et a. Mining the influencing factors and their asymmetrical effects
of mHealth sleep app user satisfaction from real-world user-generated reviews: content analysis and topic modeling. JMed
Internet Res. Jan 31, 2023;25:e42856. [FREE Full text] [doi: 10.2196/42856] [Medline: 36719730]

Luna-Pergon F, Mawade S, Styliadis C, Civit J, Cascado-Caballero D, Konstantinidis E, et a. Evaluation of user satisfaction
and usability of a mobile app for smoking cessation. Comput Methods Programs Biomed. Dec 2019;182:105042. [FREE
Full text] [doi: 10.1016/j.cmpb.2019.105042] [Medline: 31473444]

LeeH, UhmKE, Cheong 1Y, Yoo JS, Chung SH, Park Y H, et a. Patient satisfaction with mobile health (mHealth) application
for exerciseintervention in breast cancer survivors. JMed Syst. Nov 06, 2018;42(12):254. [doi: 10.1007/s10916-018-1096-1]
[Medline: 30402781]

Arensman R, Kloek C, Pisters M, Koppenaal T, Ostelo R, Veenhof C. Patient perspectives on using a smartphone app to
support home-based exercise during physical therapy treatment: qualitative study. IMIR Hum Factors. Sep 13,
2022;9(3):€35316. [FREE Full text] [doi: 10.2196/35316] [Medline: 36098993]

Fu HN, Adam TJ, Konstan JA, Wolfson JA, Clancy TR, Wyman JF. Influence of patient characteristics and psychological
needs on diabetes mobile app usahility in adultswith type 1 or type 2 diabetes: crossover randomized trial. IMIR Diabetes.
Apr 30, 2019;4(2):e11462. [FREE Full text] [doi: 10.2196/11462] [Medline: 31038468]

Screenagers to silver surfers: how each generation clicks with care. Rock Health. 2025. URL : https://rockhealth.com/
insights/screenagers-to-sil ver-surfers-how-each-generation-clicks-with-care/ [accessed 2025-05-07]

Conway N, Campbell 1, Forbes P, Cunningham S, Wake D. mHealth applications for diabetes: user preference and
implications for app development. Health Informatics J. Dec 2016;22(4):1111-1120. [FREE Full text] [doi:
10.1177/1460458215616265] [Medline: 26635324]

NieL, Oldenburg B, Cao Y, Ren W. Continuous usage intention of mobile health services: model construction and validation.
BMC Health Serv Res. May 05, 2023;23(1):442. [FREE Full text] [doi: 10.1186/s12913-023-09393-9] [Medline: 37143005]
Lee J, Kim J. Can menstrual health apps selected based on users' needs change health-related factors? A double-blind
randomized controlled trial. JAm Med Inform Assoc. Jul 01, 2019;26(7):655-666. [FREE Full text] [doi:
10.1093/jamia/ocz019] [Medline: 30946478]

Jamison RN, Mei A, Ross EL. Longitudinal trial of a smartphone pain application for chronic pain patients: predictors of
compliance and satisfaction. J Telemed Telecare. Nov 10, 2016;24(2):93-100. [doi: 10.1177/1357633x16679049]

Ryan P, Sawin KJ. The individual and family self-management theory: background and perspectives on context, process,
and outcomes. Nurs Outlook. Jul 2009;57(4):217-225.e6. [FREE Full text] [doi: 10.1016/j.outlook.2008.10.004] [Medline:
19631064]

ZhouY, Li S, Huang R, MaH, Wang A, Tang X, et a. Behavior change techniques used in self-management interventions
based on mHealth apps for adults with hypertension: systematic review and meta-analysis of randomized controlled trials.
JMed Internet Res. Oct 22, 2024;26:€54978. [FREE Full text] [doi: 10.2196/54978] [Medline: 39437388]

Leziak K, Birch E, Jackson J, Strohbach A, Niznik C, Yee LM. Identifying mobile health technology experiences and
preferences of low-income pregnant women with diabetes. J Diabetes Sci Technol. Sep 2021;15(5):1018-1026. [FREE Full
text] [doi: 10.1177/1932296821993175] [Medline: 33605158]

IrfanKhan A, Gill A, Cott C, HansPK, Steele Gray C. mHealth toolsfor the self-management of patients with multimorbidity
in primary care settings: pilot study to explore user experience. IMIR Mhealth Uhealth. Aug 28, 2018;6(8):e171. [FREE
Full text] [doi: 10.2196/mhealth.8593] [Medline: 30154073]

Bauer W, Schiffman R, Ellis J, Erickson J, Polfuss M, Taani M, et a. An integrative review of the use of the individual
and family self-management theory in research. Advances in Nursing Science. Jun 2025;48(2):E41. [doi:
10.1097/ans.0000000000000512]

https://medinform.jmir.org/2026/1/e64860 JMIR Med Inform 2026 | vol. 14 | €64860 | p. 17

(page number not for citation purposes)


http://dx.doi.org/10.1016/j.chb.2024.108252
http://dx.doi.org/10.1016/j.chb.2023.108005
http://dx.doi.org/10.1108/APJML-03-2024-0315
http://dx.doi.org/10.1016/j.ijmedinf.2023.105161
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=37544241&dopt=Abstract
http://dx.doi.org/10.3390/su15108371
https://www.jmir.org/2024//e60773/
http://dx.doi.org/10.2196/60773
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=39226103&dopt=Abstract
https://www.jmir.org/2023//e42856/
http://dx.doi.org/10.2196/42856
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=36719730&dopt=Abstract
https://linkinghub.elsevier.com/retrieve/pii/S0169-2607(18)31842-X
https://linkinghub.elsevier.com/retrieve/pii/S0169-2607(18)31842-X
http://dx.doi.org/10.1016/j.cmpb.2019.105042
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31473444&dopt=Abstract
http://dx.doi.org/10.1007/s10916-018-1096-1
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30402781&dopt=Abstract
https://humanfactors.jmir.org/2022/3/e35316/
http://dx.doi.org/10.2196/35316
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=36098993&dopt=Abstract
https://diabetes.jmir.org/2019/2/e11462/
http://dx.doi.org/10.2196/11462
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31038468&dopt=Abstract
https://rockhealth.com/insights/screenagers-to-silver-surfers-how-each-generation-clicks-with-care/
https://rockhealth.com/insights/screenagers-to-silver-surfers-how-each-generation-clicks-with-care/
https://journals.sagepub.com/doi/10.1177/1460458215616265?url_ver=Z39.88-2003&rfr_id=ori:rid:crossref.org&rfr_dat=cr_pub  0pubmed
http://dx.doi.org/10.1177/1460458215616265
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26635324&dopt=Abstract
https://bmchealthservres.biomedcentral.com/articles/10.1186/s12913-023-09393-9
http://dx.doi.org/10.1186/s12913-023-09393-9
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=37143005&dopt=Abstract
https://europepmc.org/abstract/MED/30946478
http://dx.doi.org/10.1093/jamia/ocz019
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30946478&dopt=Abstract
http://dx.doi.org/10.1177/1357633x16679049
https://europepmc.org/abstract/MED/19631064
http://dx.doi.org/10.1016/j.outlook.2008.10.004
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=19631064&dopt=Abstract
https://www.jmir.org/2024//e54978/
http://dx.doi.org/10.2196/54978
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=39437388&dopt=Abstract
https://europepmc.org/abstract/MED/33605158
https://europepmc.org/abstract/MED/33605158
http://dx.doi.org/10.1177/1932296821993175
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33605158&dopt=Abstract
https://mhealth.jmir.org/2018/8/e171/
https://mhealth.jmir.org/2018/8/e171/
http://dx.doi.org/10.2196/mhealth.8593
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30154073&dopt=Abstract
http://dx.doi.org/10.1097/ans.0000000000000512
http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR MEDICAL INFORMATICS Wang et a

30.

31.

32.

33.

35.

36.

37.

38.

39.

40.

41.

42.

43.

45,

46.

47.

48.

49,

50.

51.

SuessC, Maddock J, Dogru T, Mody M, Lee S. Using the Health Belief Model to examinetravelers willingnessto vaccinate
and support for vaccination requirements prior to travel. Tour Manag. Feb 2022;88:104405. [FREE Full text] [doi:
10.1016/j.tourman.2021.104405] [Medline: 34456412]

Glanz K, Rimer B, Viswanath K. Health Behavior and Health Education: Theory, Research, and Practice. San Francisco,
CA. John Wiley & Sons; 2008:1-470.

Saghafi-Adl M, Aliasgharzadeh S, Asghari-Jafarabadi M. Factors influencing weight management behavior among college
students: an application of the Health Belief Model. PL0oS One. 2020;15(2):0228058. [FREE Full text] [doi:
10.1371/journal .pone.0228058] [Medline: 32032376]

Chauhan BF, Jeyaraman MM, Mann AS, Lys J, Skidmore B, Sibley KM, et a. Behavior change interventions and policies
influencing primary healthcare professional s practice-an overview of reviews. Implement Sci. Jan 05, 2017;12(1):3. [FREE
Full text] [doi: 10.1186/s13012-016-0538-8] [Medline: 28057024]

Michie S, AtkinsL, West R. The Behaviour Change Wheel: A Guide to Designing Interventions. London, UK. Silverback
Publishing; 2014:1-184.

Michie S, van SMM, West R. The Behaviour Change Wheel: a new method for characterising and designing behaviour
change interventions. Implement Sci. 2011;6:42. [FREE Full text] [doi: 10.1186/1748-5908-6-42] [Medline: 21513547]
Norman CD, Skinner HA. eHealth literacy: essential skillsfor consumer health in a networked world. J Med Internet Res.
Jun 16, 2006;8(2):€9. [FREE Full text] [doi: 10.2196/jmir.8.2.€9] [Medline: 16867972]

World Health Organization (WHO). Health promotion glossary of terms. WHO. Geneva, Switzerland. WHO; 2021. URL:
https://apps.who.int/iris’handle/10665/350161 [accessed 2022-03-02]

Li W, YuanK, YueM, Zhang L, Huang F. Climate change risk perceptions, facilitating conditions and health risk management
intentions. evidence from farmersin rural China. Climate Risk Management. 2021;32:100283. [doi:
10.1016/j.crm.2021.100283]

Jeong H, Lee Y. Sex-based differences in the quality of life of elderly Koreans with chronic muscul oskeletal pain. Int J
Environ Res Public Health. Jan 23, 2020;17(3):743. [FREE Full text] [doi: 10.3390/ijerph17030743] [Medline: 31979306]
Du J, Luo C, Shegog R, Bian J, Cunningham RM, Boom JA, et a. Use of deep learning to analyze social media discussions
about the human papillomavirus vaccine. JAMA Netw Open. Nov 02, 2020;3(11):e2022025. [FREE Full text] [doi:
10.1001/jamanetworkopen.2020.22025] [Medline: 33185676]

Williams DM, Rhodes RE. The confounded self-efficacy construct: conceptual analysis and recommendations for future
research. Health Psychol Rev. Dec 2016;10(2):113-128. [FREE Full text] [doi: 10.1080/17437199.2014.941998] [Medline:
25117692]

MendiolaMF, Kalnicki M, Lindenauer S. Valuable featuresin mobile health apps for patients and consumers. content
analysis of apps and user ratings. IMIR Mhealth Uhealth. May 13, 2015;3(2):e40. [EREE Full text] [doi:
10.2196/mhesalth.4283] [Medline: 25972309]

Gimpel H, Manner-Romberg T, Schmied F, Winkler TJ. Understanding the evaluation of mHealth app features based on
across-country Kano analysis. Electron Markets. Mar 24, 2021;31(4):765-794. [doi: 10.1007/s12525-020-00455-y]

Yoon S, Goh H, Nadargjan GD, Sung S, Teo |, Lee J, et al. Perceptions of mobile health apps and features to support
psychosocial well-being among frontline health care workers involved in the COVID-19 pandemic response: qualitative
study. JMed Internet Res. May 31, 2021;23(5):€26282. [FREE Full text] [doi: 10.2196/26282] [Medline: 33979296]
Wilhide lii CC, Pegples MM, Anthony Kouyaté RC. Evidence-based mHealth chronic disease mobile app intervention
design: development of aframework. IMIR Res Protoc. Feb 16, 2016;5(1):e25. [FREE Full text] [doi: 10.2196/resprot.4838]
[Medline: 26883135]

Agarwal P, Gordon D, Griffith J, Kithulegoda N, Witteman HO, SachaBhatia R, et al. Assessing the quality of mobile
applications in chronic disease management: a scoping review. NPJ Digit Med. Mar 10, 2021;4(1):46. [FREE Full text]
[doi: 10.1038/s41746-021-00410-x] [Medline: 33692488]

Wang Y, Collins WB. Systematic evaluation of mobile fitness apps: apps as the tutor, recorder, game companion, and
cheerleader. Telematics and Informatics. Jun 2021;59:101552. [doi: 10.1016/].tele.2020.101552]

Deterding S, Sicart M, Nacke L, O'Hara K, Dixon D, editors. Gamification: using game design elements in non-gaming
contexts. 2011. Presented at: CHI 2011: The International Conference on Human Factorsin Computing Systems; May
7-12, 2011; Vancouver, BC, Canada. [doi: 10.1145/1979742.1979575]

Lv H, Zeng N, Li M, Sun J, Wu N, Xu M, et al. Association between body massindex and brain health in adults: a 16-year
popul ation-based cohort and mendelian randomization study. Health Data Sci. Mar 15, 2024;4:0087. [FREE Full text] [doi:
10.34133/hds.0087] [Medline: 38500551]

Serrano KJ, Yu M, CoaKl, Collins LM, Atienza AA. Mining health app datato find more and less successful weight loss
subgroups. JMed Internet Res. Jun 14, 2016;18(6):e154. [FREE Full text] [doi: 10.2196/jmir.5473] [Medline: 27301853]
Albarrak MM, Zakaria N, Meo SA. The role of mobile health applications (mHealth apps) in reshaping the body weight
for better healthcare: across-sectional study. Pak JMed Sci. Oct 11, 2024;40(9):1930-1936. [doi: 10.12669/pjms.40.9.9064]
[Medline: 39416646]

https://medinform.jmir.org/2026/1/e64860 JMIR Med Inform 2026 | vol. 14 | e64860 | p. 18

(page number not for citation purposes)


https://europepmc.org/abstract/MED/34456412
http://dx.doi.org/10.1016/j.tourman.2021.104405
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34456412&dopt=Abstract
https://dx.plos.org/10.1371/journal.pone.0228058
http://dx.doi.org/10.1371/journal.pone.0228058
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32032376&dopt=Abstract
https://implementationscience.biomedcentral.com/articles/10.1186/s13012-016-0538-8
https://implementationscience.biomedcentral.com/articles/10.1186/s13012-016-0538-8
http://dx.doi.org/10.1186/s13012-016-0538-8
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28057024&dopt=Abstract
http://www.implementationscience.com/content/6//42
http://dx.doi.org/10.1186/1748-5908-6-42
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=21513547&dopt=Abstract
https://www.jmir.org/2006/2/e9/
http://dx.doi.org/10.2196/jmir.8.2.e9
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=16867972&dopt=Abstract
https://apps.who.int/iris/handle/10665/350161
http://dx.doi.org/10.1016/j.crm.2021.100283
https://www.mdpi.com/resolver?pii=ijerph17030743
http://dx.doi.org/10.3390/ijerph17030743
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31979306&dopt=Abstract
https://europepmc.org/abstract/MED/33185676
http://dx.doi.org/10.1001/jamanetworkopen.2020.22025
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33185676&dopt=Abstract
http://europepmc.org/abstract/MED/25117692
http://dx.doi.org/10.1080/17437199.2014.941998
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25117692&dopt=Abstract
http://mhealth.jmir.org/2015/2/e40/
http://dx.doi.org/10.2196/mhealth.4283
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25972309&dopt=Abstract
http://dx.doi.org/10.1007/s12525-020-00455-y
https://www.jmir.org/2021/5/e26282/
http://dx.doi.org/10.2196/26282
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33979296&dopt=Abstract
https://www.researchprotocols.org/2016/1/e25/
http://dx.doi.org/10.2196/resprot.4838
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26883135&dopt=Abstract
https://doi.org/10.1038/s41746-021-00410-x
http://dx.doi.org/10.1038/s41746-021-00410-x
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33692488&dopt=Abstract
http://dx.doi.org/10.1016/j.tele.2020.101552
http://dx.doi.org/10.1145/1979742.1979575
https://spj.science.org/doi/10.34133/hds.0087?url_ver=Z39.88-2003&rfr_id=ori:rid:crossref.org&rfr_dat=cr_pub  0pubmed
http://dx.doi.org/10.34133/hds.0087
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=38500551&dopt=Abstract
https://www.jmir.org/2016/6/e154/
http://dx.doi.org/10.2196/jmir.5473
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27301853&dopt=Abstract
http://dx.doi.org/10.12669/pjms.40.9.9064
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=39416646&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR MEDICAL INFORMATICS Wang et a

52.

53.

55.

56.

57.

58.

59.

60.

61.

62.

63.

65.

66.

67.

68.

69.

70.

71.

72.

Yin S, Cai X, Wang Z, Zhang Y, Luo S, MaJ. Impact of gamification elements on user satisfaction in health and fitness
applications: acomprehensive approach based on the Kano model. Computersin Human Behavior. Mar 2022;128:107106.
[doi: 10.1016/j.chb.2021.107106]

Mitchell R, Schuster L, Jin HS. Playing alone: can game design elements satisfy user needs in gamified mHealth services?
Health Promot Int. Apr 29, 2022;37(2):daab168. [FREE Full text] [doi: 10.1093/heapro/daab168] [Medline: 34651180]
Ahadzadeh AS, Pahlevan Sharif S, Ong FS, Khong KW. Integrating health belief model and technology acceptance model:
an investigation of health-related internet use. JMed Internet Res. Feb 19, 2015;17(2):e45. [FREE Full text] [doi:
10.2196/jmir.3564] [Medline: 25700481]

McArthur LH, Riggs A, Uribe F, Spaulding TJ. Health belief model offers opportunities for designing weight management
interventionsfor college students. JNutr Educ Behav. May 2018;50(5):485-493. [doi: 10.1016/j.jneb.2017.09.010] [Medline:
29097024]

Norman CD, Skinner HA. eHEALS: The eHealth Literacy Scale. JMed Internet Res. Nov 14, 2006;8(4):€27. [FREE Full
text] [doi: 10.2196/jmir.8.4.€27] [Medline: 17213046]

Austin JD, Allicock M, Atem F, Lee SC, Fernandez ME, Balasubramanian BA. A structural equation modeling approach
to understanding pathways linking survivorship care plans to survivor-level outcomes. J Cancer Surviv. Dec
2020;14(6):834-846. [FREE Full text] [doi: 10.1007/s11764-020-00896-6] [Medline: 32474862]

Wallston KA, Cawthon C, McNaughton CD, Rothman RL, Osborn CY, Kripalani S. Psychometric properties of the brief
health literacy screen in clinical practice. J Gen Intern Med. Jan 2014;29(1):119-126. [FREE Full text] [doi:
10.1007/s11606-013-2568-0] [Medline: 23918160]

Zhou C, Zheng W, Tan F, Lai S, Yuan Q. Influence of health promoting lifestyle on health management intentions and
behaviors among Chinese residents under the integrated healthcare system. PL0oS One. 2022;17(1):e0263004. [FREE Full
text] [doi: 10.1371/journal.pone.0263004] [Medline: 35077472]

Jackson DL. Revisiting sample size and number of parameter estimates. some support for the N:q hypothesis. Structural
Equation Modeling: A Multidisciplinary Journal. Jan 2003;10(1):128-141. [doi: 10.1207/s15328007sem1001 6]

Lou N. Analysis of the intelligent tourism route planning scheme based on the cluster analysis algorithm. Comput Intell
Neurosci. Jun 28, 2022;2022:3310676-3310610. [FREE Full text] [doi: 10.1155/2022/3310676] [Medline: 35800698]
The 50th statistical report on China'sinternet development. Chinalnternet Network Information Center. 2022. URL : https:/
/www3.cnhic.cn/n4/2022/0914/c88-10226.html [accessed 2026-01-04]

Tudor-Sfetea C, Rabee R, Najim M, Amin N, ChadhaM, Jain M, et al. Evaluation of two mobile health appsin the context
of smoking cessation: qualitative study of cognitive behavioral therapy (CBT) versus non-CBT-based digital solutions.
JMIR Mhealth Uhealth. Apr 18, 2018;6(4):€98. [FREE Full text] [doi: 10.2196/mhealth.9405] [Medline: 29669708]
Prochaska JO, DiClemente CC. Stages and processes of self-change of smoking: toward an integrative model of change.
Journal of Consulting and Clinical Psychology. 1983;51(3):390-395. [doi: 10.1037/0022-006X.51.3.390]

LuJ, Zhao H, Ji Z, Dong Y. Effect of patient satisfaction on the utilization of mHealth services by patients with chronic
disease. Digit Health. Apr 15, 2025;11:20552076251333983. [FREE Full text] [doi: 10.1177/20552076251333983] [Medline:
40297355]

Alzghaibi H. Healthcare practitioners' perceptions of mhealth application barriers: challenges to adoption and strategies
for enhancing digital health integration. Healthcare (Basel). Feb 25, 2025;13(5):494. [FREE Full text] [doi:
10.3390/healthcare13050494] [Medline: 40077056]

Wittmar S, Frankenstein T, Timm V, Frei P, Kurpiers N, Wolwer S, et al. User experience with a personalized mHealth
servicefor physical activity promotionin university students: mixed methods study. IMIR Form Res. Mar 28, 2025;9:e64384.
[FREE Full text] [doi: 10.2196/64384] [Medline: 40153787]

Kowalski L, Finnes A, Koch S, Bujacz A. User engagement with organizational mHealth stress management intervention
- amixed methods study. Internet Interv. Mar 2024;35:100704. [FREE Full text] [doi: 10.1016/j.invent.2023.100704]
[Medline: 38268709]

Monachelli R, Davis SW, Barnard A, Longmire M, Docherty JP, Oakley-Girvan |. Designing mHealth apps to incorporate
evidence-based techniquesfor prolonging user engagement. Interact JMed Res. Mar 26, 2024;13:e51974. [FREE Full text]
[doi: 10.2196/51974] [Medline: 38416858]

Santos-Vijande ML, Gdmez-Rico M, Molina-Collado A, Davison RM. Building user engagement to mHealth apps from
alearning perspective: relationships among functional, emotional and social drivers of user value. Journal of Retailing and
Consumer Services. May 2022;66:102956. [doi: 10.1016/].jretconser.2022.102956]

Shaw G, Castro BA, Gunn LH, Norris K, Thorpe RJ. The association of eHealth literacy skills and mHealth application
use among US adults with obesity: analysis of Health Information National Trends Survey Data. IMIR Mhealth Uhealth.
Jan 10, 2024;12:e46656. [FREE Full text] [doi: 10.2196/46656] [Medline: 38198196]

Canady BE, Larzo M. Overconfidence in managing health concerns: the Dunning-Kruger effect and health literacy. JClin
Psychol Med Settings. Jun 29, 2023;30(2):460-468. [FREE Full text] [doi: 10.1007/s10880-022-09895-4] [Medline:
35768740]

https://medinform.jmir.org/2026/1/e64860 JMIR Med Inform 2026 | vol. 14 | e64860 | p. 19

(page number not for citation purposes)


http://dx.doi.org/10.1016/j.chb.2021.107106
https://dx.doi.org/10.1093/heapro/daab168
http://dx.doi.org/10.1093/heapro/daab168
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34651180&dopt=Abstract
https://www.jmir.org/2015/2/e45/
http://dx.doi.org/10.2196/jmir.3564
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25700481&dopt=Abstract
http://dx.doi.org/10.1016/j.jneb.2017.09.010
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29097024&dopt=Abstract
https://www.jmir.org/2006/4/e27/
https://www.jmir.org/2006/4/e27/
http://dx.doi.org/10.2196/jmir.8.4.e27
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=17213046&dopt=Abstract
https://europepmc.org/abstract/MED/32474862
http://dx.doi.org/10.1007/s11764-020-00896-6
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32474862&dopt=Abstract
https://europepmc.org/abstract/MED/23918160
http://dx.doi.org/10.1007/s11606-013-2568-0
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=23918160&dopt=Abstract
https://dx.plos.org/10.1371/journal.pone.0263004
https://dx.plos.org/10.1371/journal.pone.0263004
http://dx.doi.org/10.1371/journal.pone.0263004
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=35077472&dopt=Abstract
http://dx.doi.org/10.1207/s15328007sem1001_6
https://europepmc.org/abstract/MED/35800698
http://dx.doi.org/10.1155/2022/3310676
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=35800698&dopt=Abstract
https://www3.cnnic.cn/n4/2022/0914/c88-10226.html
https://www3.cnnic.cn/n4/2022/0914/c88-10226.html
https://mhealth.jmir.org/2018/4/e98/
http://dx.doi.org/10.2196/mhealth.9405
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29669708&dopt=Abstract
http://dx.doi.org/10.1037/0022-006X.51.3.390
https://journals.sagepub.com/doi/10.1177/20552076251333983?url_ver=Z39.88-2003&rfr_id=ori:rid:crossref.org&rfr_dat=cr_pub  0pubmed
http://dx.doi.org/10.1177/20552076251333983
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=40297355&dopt=Abstract
https://www.mdpi.com/resolver?pii=healthcare13050494
http://dx.doi.org/10.3390/healthcare13050494
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=40077056&dopt=Abstract
https://formative.jmir.org/2025//e64384/
http://dx.doi.org/10.2196/64384
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=40153787&dopt=Abstract
https://linkinghub.elsevier.com/retrieve/pii/S2214-7829(23)00104-5
http://dx.doi.org/10.1016/j.invent.2023.100704
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=38268709&dopt=Abstract
https://www.i-jmr.org/2024//e51974/
http://dx.doi.org/10.2196/51974
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=38416858&dopt=Abstract
http://dx.doi.org/10.1016/j.jretconser.2022.102956
https://mhealth.jmir.org/2024//e46656/
http://dx.doi.org/10.2196/46656
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=38198196&dopt=Abstract
https://europepmc.org/abstract/MED/35768740
http://dx.doi.org/10.1007/s10880-022-09895-4
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=35768740&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR MEDICAL INFORMATICS Wang et a

73. ChuaJy X, Choolani M, Chee CYI, Yi H, Lalor JG, Chong Y'S, et al. A mobile app—based intervention (Parentbot—adigital
healthcare assistant) for parents: secondary analysis of arandomized controlled trial. JMed Internet Res. Apr 17,
2025;27:e64882. [FREE Full text] [doi: 10.2196/64882] [Medline: 40245395]

74. LinY, Tudor-Sfetea C, Siddiqui S, Sherwani Y, Ahmed M, Eisingerich AB. Effective behavioral changes through a digital
mHealth app: exploring the impact of hedonic well-being, psychological empowerment and inspiration. IMIR Mhealth
Uhealth. Jun 15, 2018;6(6):€10024. [FREE Full text] [doi: 10.2196/10024] [Medline: 29907557]

75. Nuseibeh BZ, Johns SA, Shih PC, Lewis GF, Gowan TM, Jordan EJ. Co-designing the MOSAIC mHealth app with breast
cancer survivors: user-centered design approach. IMIR Form Res. Dec 09, 2024;8:e59426. [FREE Full text] [doi:
10.2196/59426] [Medline: 39652855]

Abbreviations

BCW: Behavior Change Wheel

HBM: Heslth Belief Model

HTMT: heterotrait-monotrait ratio

mHealth: mobile health

SSE: sum of squared errors

STROBE: Strengthening the Reporting of Observational Studiesin Epidemiology

Edited by A Coristine; submitted 29.Jul.2024; peer-reviewed by Y Yu, A Eisingerich; commentsto author 30.Nov.2024; revised version
received 10.Jan.2026; accepted 12.Jan.2026; published 10.Feb.2026

Please cite as:

Wang T, Fan Y, Li Z, Jiao X, Fang Q, Ma J, Lei J

Exploring Self-Management—Based Mobile Health User Typologies and Associations Between User Types and Satisfaction With Key
Mobile Health Functions: Comparative Study of Various Fitness and Weight Management App User Types

JMIR Med Inform 2026; 14: 64860

URL: https://medinform.jmir.org/2026/1/e64860

doi: 10.2196/64860

PMID:

©Tong Wang, Yiwen Fan, Zheng Li, Xiaoyi Jiao, Qichuan Fang, Junhao Ma, Jianbo Lei. Originally published in IMIR Medical
Informatics (https://medinform.jmir.org), 10.Feb.2026. Thisis an open-access article distributed under the terms of the Creative
Commons Attribution License (https://creativecommons.org/licenses/by/4.0/), which permits unrestricted use, distribution, and
reproduction in any medium, provided the origina work, first published in IMIR Medical Informatics, is properly cited. The
complete bibliographic information, a link to the original publication on https://medinform.jmir.org/, as well as this copyright
and license information must be included.

https://medinform.jmir.org/2026/1/e64860 JMIR Med Inform 2026 | vol. 14 | e64860 | p. 20
(page number not for citation purposes)

RenderX


https://www.jmir.org/2025//e64882/
http://dx.doi.org/10.2196/64882
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=40245395&dopt=Abstract
https://mhealth.jmir.org/2018/6/e10024/
http://dx.doi.org/10.2196/10024
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29907557&dopt=Abstract
https://formative.jmir.org/2024//e59426/
http://dx.doi.org/10.2196/59426
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=39652855&dopt=Abstract
https://medinform.jmir.org/2026/1/e64860
http://dx.doi.org/10.2196/64860
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

