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Abstract

Background: Mobile health (mHealth) apps have become important tools for HIV/AIDS management. Although the Mobile
App Rating Scale and its user version are widely used, how different stakeholder groups combine quality dimensions into overall
judgments remains unclear. Discrepancies between researcher and patient evaluations may affect app adoption and clinical
effectiveness.

Objective: This exploratory study aimed to compare configurational pathways associated with high subjective quality ratings
of HIV/AIDS apps between researchers and patients using fuzzy-set qualitative comparative analysis.

Methods: Twenty-one Chinese HIV/AIDS mobile apps from early 2023 were evaluated by 3 researchers using the original
Mobile App Rating Scale and 2 HIV-positive patients using the user version of the Mobile App Rating Scale. Six conditions were
examined: engagement, functionality, aesthetics, information quality, privacy protection, and developer type. Necessary and
sufficient configurations were identified for both groups. Wilcoxon signed-rank tests compared raw ratings between groups.
Sensitivity analyses covered 4 calibration anchor sets, 4 raw-consistency cutoffs, 4 proportional reduction in inconsistency cutoffs,
and multivalue operationalization of privacy protection.

Results: Researcher and patient ratings differed significantly for functionality (median difference 0.50, IQR 0.00 to 0.63; P=.003)
and engagement (−0.20, IQR −0.40 to 0.10; P=.04), but not for aesthetics (P=.16), information (P=.07), or subjective quality
(P=.06). Five sufficient configurations were identified for researchers (solution consistency=0.981, coverage=0.649) and 4 for
patients (solution consistency=0.998, coverage=0.796). Configurations including privacy protection appeared only among
researchers; its absence appeared in 3 patient configurations, reflecting the rarity of protection in the sample (5/21 apps) rather
than lower patient ratings for protected apps. For patients, functionality (0.907) and information quality (0.915) exceeded the
necessity threshold but were strongly correlated (r=0.816), so functionality was retained on substantive grounds rather than as
an independent necessary condition. Illustrative cases were Wu Ai Fang Hua and Ai Yi Jian for the researcher-oriented pathway
and Chabei for the patient-oriented pathway. Sensitivity analyses left the configurations unchanged across all anchor sets and
raw-consistency cutoffs; 1 researcher configuration did not survive the stricter proportional reduction in inconsistency cutoffs,
and the patient necessity result was anchor-dependent.

Conclusions: The 2 evaluator panels’ assessments of HIV/AIDS mHealth apps appeared to follow different configurational
logic in this sample, with several equifinal pathways to high subjective quality in each group. Because the patient panel comprised
2 evaluators, and 21 apps were analyzed with 6 conditions, the findings should be read as hypothesis-generating rather than
representative of people living with HIV. The findings nonetheless suggest that both expert and end-user perspectives are needed
during mHealth development, and that, because privacy protection was rare and not required for a favorable patient judgment,
its provision in a population highly vulnerable to disclosure-related harm needs to be ensured by developers and regulators rather
than left to user demand.
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Introduction

Background
The global HIV/AIDS epidemic continues to pose significant
public health challenges, with approximately 39 million people
living with HIV worldwide as of 2022 [1]. Mobile health
(mHealth) apps have emerged as innovative tools to support
HIV prevention, treatment adherence, and self-management
[2,3]. These digital interventions offer potential benefits
including improved medication adherence, enhanced
patient-provider communication, and increased access to health
information [4,5]. Health app use is now widespread, but the
behavioral functionality actually implemented in these apps
varies widely [6,7].

The quality of mHealth apps is crucial for their effectiveness
and user adoption [8,9]. Various stakeholders, including
researchers, health care providers, and patients, evaluate app
quality from different perspectives, potentially leading to
divergent assessments [10]. Researchers typically use
standardized evaluation frameworks emphasizing technical
functionality, evidence-based content, and privacy protection
[11,12]. In contrast, patients may prioritize usability,
engagement features, and personal relevance [13,14].

The Mobile App Rating Scale (MARS) has become a widely
adopted tool for assessing mHealth app quality across 4
dimensions: engagement, functionality, aesthetics, and
information quality [15]. The user version of the Mobile App
Rating Scale (uMARS) was subsequently developed to enable
end users to evaluate apps from their own perspective [16,17].
While both versions provide comprehensive evaluation
frameworks, they do not explicitly address how different
evaluator groups weight these dimensions or how they combine
to produce overall quality judgments. In HIV/AIDS care, this
omission is consequential, because apps in this field must
simultaneously deliver clinical utility and protect a health status
that carries a high risk of stigma and discrimination [18,19].

Theoretical Framework

Overview
Three complementary theoretical perspectives motivate the
comparison undertaken here and were used to select conditions
and to interpret results.

Task-Technology Fit and Technology Acceptance
Task-technology fit theory holds that a technology improves
performance to the extent that its capabilities match the
requirements of the user’s task [20]. The unified theory of
acceptance and use of technology (UTAUT) and its consumer
extension (UTAUT2) further specify performance expectancy,
effort expectancy, and hedonic motivation as proximal
determinants of use intention [21,22]. For a person living with

HIV, the salient tasks are concrete: booking an anonymous test,
obtaining reliable information, tracking medication. Performance
expectancy and effort expectancy therefore map closely onto
the MARS functionality and engagement dimensions and predict
that these should dominate patient judgments. Researchers, who
rate apps without a personal task to accomplish, are instead
trained to apply normative criteria, so their judgments should
weight information quality and safeguards more heavily.

Privacy Calculus and the Privacy Paradox
Privacy calculus theory models disclosure as a trade-off in which
anticipated benefits are weighed against perceived risk [23].
The trade-off is systematically asymmetric when risks are
abstract and delayed while benefits are immediate and concrete,
producing the well-documented gap between stated privacy
concern and observed behavior [24]. This framework predicts
that privacy protection will function as a normative criterion
for expert raters but will be discounted by end users, and it
makes the direction of any observed divergence theoretically
interpretable rather than merely descriptive.

eHealth Literacy and the Evaluator Effect
eHealth literacy encompasses the skills required to appraise and
apply digital health information [25]. Features such as
data-minimization practices and consent mechanisms are largely
invisible in the interface and require appraisal skills that end
users typically lack; visible features such as layout and
interactivity do not. Independently of literacy, the usability
literature documents an “evaluator effect”: trained evaluators
applying the same instrument to the same artifact reach
substantially different conclusions [26]. Together these
perspectives imply that expert and user ratings should not be
treated as interchangeable estimates of a single latent quality,
which is the assumption implicitly embedded in current
app-recommendation practice.

Configurational Logic
Each of the 3 perspectives outlined in the Theoretical
Framework section describes a combination rather than an
isolated effect: fit depends on functionality and content matching
a task; the privacy calculus depends on risk relative to benefit.
Conventional regression estimates the average, independent,
symmetric contribution of each predictor [27,28] and cannot
represent such conjunctions. Set-theoretic methods represent
them directly through equifinality, conjunctural causation, and
asymmetry [29-32].

Gap in Knowledge
Despite growing recognition of the importance of patient
perspectives in mHealth evaluation, few studies have
systematically compared how researchers and patients evaluate
app quality using configuration-based approaches [17]. Previous
research has examined individual predictors of app quality
ratings [33,34] but has not addressed: (1) whether multiple
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combinations of conditions are associated with high quality
ratings (equifinality), (2) whether the same condition contributes
differently depending on the conditions it is combined with
(conjunctural causation), and (3) how evaluation patterns differ
between professional researchers and end users. Studies in the
HIV/AIDS app domain specifically have quantified mean quality
scores and interrater agreement [35-39] but have not examined
how dimensions combine. Furthermore, HIV/AIDS populations
face disease-related stigma, acute privacy concerns about
sensitive health information, and specific self-management
needs that may shape their quality perceptions differently from
general user populations [18,19,40].

Study Objectives
This exploratory study aimed to: (1) identify the configurational
pathways associated with high subjective quality ratings in
HIV/AIDS apps as evaluated by researchers and by patients;
(2) compare necessary and sufficient conditions between the
two evaluator groups; (3) examine the degree of alignment or
divergence in evaluation patterns; and (4) derive design-relevant
propositions for HIV/AIDS app development that address both
normative rigor and the user-side priorities observed in this
panel. Given the panel and case numbers described in the
Evaluator Panels and Sample Size Considerations section, the
objective is to generate structured hypotheses about how quality
judgments are formed, not to estimate population-level
parameters.

Methods

Study Design

Overview
This cross-sectional study used a comparative evaluation design
to assess HIV/AIDS mobile apps. Two distinct evaluator groups
were recruited: (1) professional researchers with expertise in
medical informatics, computer science, and social medicine;
and (2) individuals living with HIV/AIDS. The study was
conducted between February and May 2023, following PRISMA
(Preferred Reporting Items for Systematic Reviews and
Meta-Analyses) guidelines for systematic app selection [41].
The ratings analyzed here were collected for, and descriptively
reported in, a previous quality evaluation of the same 21 apps
[35]; the present study is a secondary, configurational analysis
of that dataset, but the fuzzy-set qualitative comparative analysis
(fsQCA), Wilcoxon, and sensitivity analyses reported here are
new.

Unit of Analysis and Human Participation
Two distinct matters are addressed separately here. First, the
unit of analysis is the mobile app: the 21 apps are the cases on
which every datum is indexed, and all calibration, necessity,
sufficiency, and coverage parameters refer to sets of apps rather
than to sets of people. The evaluators are not cases; within this
design each evaluator functions as a measurement instrument
applied to every app, which is why evaluator reliability is
assessed as interrater agreement rather than treated as sampling
error. Second, and separately, 5 individuals produced those
measurements, 2 of them people living with HIV. The first point
concerns how the ratings are analyzed; the second concerns

what was owed to the individuals who produced them. The first
is set out in the Evaluator Panels and Sample Size
Considerations section, and the second in the Recruitment and
Eligibility, Data Collected, Basis on Which Prospective Ethics
Review Was Not Sought, and Protections Applied sections.

Recruitment and Eligibility
The 2 patient evaluators were recruited entirely through the HIV
prevention and control team of the local Center for Disease
Control and Prevention (CDC), which is the institution that
maintains the follow-up records for people living with HIV in
this region. The research team specified the eligibility criteria;
the CDC team applied them within its own records, identified
individuals who met them, and invited participation. The
research team did not receive the follow-up register, did not
screen or select individuals, and did not at any stage collect,
request, verify or record the serostatus of either evaluator, nor
their names, contact details, age, sex, place of residence or any
other personal information. Serostatus was therefore never an
item of information held by the research team: it was a condition
applied by the CDC within data the CDC already held for its
own statutory purposes. Written informed consent was obtained
from both evaluators before participation; in order to protect
their privacy, the consent process was conducted by the CDC
team, which collected and retained the signed consent forms on
behalf of the study, so that no document bearing a participant’s
name passed to the research team. What the research team
received were completed rating forms, identified by a study
code.

Data Collected
The data generated in this study were MARS and uMARS scores
for apps that are publicly listed in Chinese app stores and in
WeChat. No biological sample, medical record, clinical
measurement, health-record extract, or laboratory result was
obtained from any evaluator, and no demographic, behavioral,
or health variable describing an evaluator entered the dataset
or any analysis. The research team therefore collected no
personal information of any kind about the evaluators; the only
data collected were ratings of publicly available software, held
under study codes on an encrypted institutional server.

Basis on Which Prospective Ethics Review Was Not
Sought
Prospective ethics review was not applied for, and the basis for
that is stated here so that readers can assess it. The applicable
instrument is the Measures for Ethical Review of Life Science
and Medical Research Involving Humans, issued jointly by the
National Health Commission, the Ministry of Education, the
Ministry of Science and Technology, and the National
Administration of Traditional Chinese Medicine (Guo Wei Ke
Jiao Fa [2023] No. 4) [42] and in force from 18 February 2023,
that is, for the whole of the evaluation period. Article 3 defines
the scope of the Measures as research conducted with human
beings as subjects, or conducted using human biological samples
or personal information data, including health records and
behavioral data; Article 50 defines a research participant
correspondingly as a person who provides biological samples,
information data, health records or behavioral data for the
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research. On both definitions, this study lies outside the scope
of the Measures: no human being was a subject of investigation,
no biological sample was used, and no personal information
data, health record, or behavioral record of any evaluator was
provided to, held by, or analyzed by the research team. What
the evaluators supplied were ratings of external artifacts, which
are properties of the apps rather than information about the
raters. Alternatively, were the ratings to be regarded as
information data supplied by identifiable individuals, Article
32(2) provides that research using anonymized information data
may be exempt from ethics review where it causes no bodily
harm and involves neither sensitive personal information nor
commercial interest; each condition is satisfied here, since
ratings were coded at source, no procedure was applied to any
person, no sensitive personal information reached the research
team, and the study had neither commercial sponsorship nor
commercial interest. The risk to participants was no greater than
the minimal-risk threshold at which Article 31 permits review
by expedited procedure.

This reporting position is the prevailing one in the
MARS/uMARS app-quality literature. App-quality evaluations
of this design are routinely published without prospective ethics
review on the ground that the object of evaluation is publicly
available software rather than persons [43], and the same holds
where lay end users rather than experts complete the instrument:
in the Greek validation of the uMARS, in which 91 informed
participants each rated an app twice, the authors reported that
ethics approval was not required because the study consisted
of completion of the uMARS and involved no clinical procedure
[44].

Protections Applied
Although the study lies outside the scope of mandatory review,
the protections owed to participants were applied in full and in
accordance with the principles of the Declaration of Helsinki.
Both patient evaluators were informed of the purpose,
procedures, and time commitment of the study and of their right

to withdraw at any point without giving a reason and without
consequence for their care, and both gave written informed
consent before participating; the signed forms were collected
and retained by the CDC team on their behalf. Recruitment
through the CDC follow-up channel was chosen because it is
the only route by which people living with HIV in this region
can be approached without their status being disclosed to a third
party. No information capable of identifying an evaluator
appears in this article or in any associated data file.

App Selection and Data Collection
A systematic search was conducted on the Qimai app data
platform, Aladdin WeChat applet data platform, and WeChat
from February 18-19, 2023. Search terms included “HIV”,
“AIDS”, “Human Immunodeficiency Virus”, “Acquired
Immunodeficiency Syndrome”, and their Chinese equivalents.
The Qimai Keyword Expansion Assistant was used to identify
relevant apps with a relevance score exceeding 50% and a search
index surpassing 4605.

WeChat applets, lightweight apps embedded within the WeChat
platform, were included due to their widespread use in China.
The Aladdin Index platform was used to identify relevant
WeChat applets. Additionally, a snowball sampling method
was implemented through collaboration with local CDC HIV
prevention teams to identify apps commonly used within the
HIV/AIDS community but potentially missed by platform
searches.

The exclusion criteria for this study were the following: (1)
non-Simplified Chinese language, (2) games, (3) apps with
limited functionality, (4) apps not primarily focused on
HIV/AIDS content, (5) more than 50% inaccessible content,
(6) terminated services, (7) apps restricted to internal use, and
(8) apps primarily intended for advertising or product sales.
Following systematic screening, 21 HIV/AIDS apps were
included for evaluation. The selection process and the
subsequent 2-panel evaluation design are shown in Figure 1
[35].
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Figure 1. Flow diagram of the identification, screening, and inclusion of Chinese HIV/AIDS mobile apps, and of the 2-panel evaluation design [35].
CDC: Center for Disease Control and Prevention; MARS: Mobile App Rating Scale; uMARS: user version of Mobile App Rating Scale.

Evaluation Tools: MARS and uMARS
Two versions of the MARS were used in this study to
accommodate the different evaluator groups. The original
MARS was used for researcher evaluations, while uMARS was
used for patient evaluations [15,17].

The original MARS is a validated 23-item scale designed for
expert assessment of app quality across four objective
dimensions: (1) engagement (entertainment, interest,
customization, interactivity, and target group); (2) functionality
(performance, ease of use, navigation, and gestural design); (3)
aesthetics (layout, graphics, and visual appeal); and (4)
information (quality, quantity, credibility, and evidence-base).
Each item is rated on a 5-point scale (1=inadequate to
5=excellent). MARS also includes a subjective quality subscale,
which served as the outcome variable in this study [15].

The uMARS is a 20-item adaptation designed for end user
evaluation, retaining the same 4 dimensions but with simplified
language and reduced technical terminology to enhance
accessibility for nonexpert raters [17]. Both MARS and uMARS
have demonstrated good reliability and validity across diverse
mHealth apps and languages [45-47]. The use of parallel
instruments allowed for meaningful comparison between expert
and user perspectives while ensuring each group could evaluate
apps using an appropriate tool.

Evaluator Panels and Sample Size Considerations

Researcher Panel
Three researchers conducted the app evaluations using the
original MARS and were purposively selected to cover the 3
competence domains that MARS scoring requires: health
information content, software engineering, and app-quality
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methodology. Rater 1 holds a master’s degree in Medical
Informatics with extensive experience in medical information
analysis. Rater 2 holds a master’s degree in Computer Science
with software development expertise. Rater 3 holds a PhD in
Social Medicine with substantial experience in mobile app
evaluation.

Before formal evaluation, all 3 raters completed MARS training
by reviewing instructional videos and conducting pilot
evaluations on 4 randomly selected apps (2 WeChat applets and
2 independent apps). For the formal evaluation, raters 1 and 2
independently assessed all 21 apps. To ensure consistency,
evaluators completed assessment of all apps for dimension N
before proceeding to dimension N+1. When discrepancies
occurred between raters 1 and 2, rater 3 reassessed the app, and
a consensus score was reached through structured discussion.

Patient Panel
A total of 2 patient evaluators were recruited through
collaboration with local CDC HIV prevention and control teams.
Eligibility criteria, applied by the CDC team within its own
follow-up records rather than by the research team, were the
following: (1) confirmed HIV-positive diagnosis on the CDC
follow-up register; (2) age ≥18 years; (3) ability to read and
understand Simplified Chinese; and (4) experience using mobile
apps. Both participants provided written informed consent,
which the CDC team collected and retained on behalf of the
study to protect their privacy, and both were assured of
anonymity and data confidentiality; no serostatus information
and no personal identifiers were transferred to the research team
at any stage (see the Study Design and Ethical Considerations
sections). Recruitment was purposive rather than probabilistic,
with the aim of obtaining evaluators whose lived experience
made them able to judge the apps as intended users.

Recruiting patient evaluators proved substantially more difficult
and time-consuming than recruiting expert raters, and the size
of the patient panel reflects that difficulty rather than a design
preference. People living with HIV are a small and highly
stigmatized minority in China, and they attach exceptional
importance to the confidentiality of their serostatus. The
dominant concern voiced by those who were approached and

declined was not the time required by the rating protocol but
the possibility that participation would create a record linking
them by name to HIV-related research, however strong the
assurances of anonymity. Recruitment could proceed only
through the local CDC’s routine follow-up visits, which is the
sole channel through which people living with HIV in this region
can be approached without their status being disclosed to a third
party, and a considerable period elapsed before 2 individuals
willing to take part were identified. No demographic detail about
the 2 participants is reported, because none was collected: in a
2-person panel recruited through a single follow-up program,
age, sex and city in combination would be potentially
identifying, and the research team therefore asked the CDC
team not to transfer such details.

Patient evaluators completed the uMARS rather than the original
MARS. They were provided with brief uMARS training
materials adapted for nontechnical users, emphasizing the
evaluation of user experience rather than technical
specifications. Patients independently evaluated all 21 apps over
a 4-week period and submitted their ratings through a secure
online platform. Adequate time was provided for patients to
thoroughly explore each app before rating. Patient scores were
averaged across the 2 evaluators for each app and dimension.

Sample Size Considerations
Two aspects of sample size warrant explicit justification: the
number of evaluators and the number of apps.

Number of Evaluators
The use of 2 to 3 trained raters is not a constraint specific to
this study but the established design convention of the
MARS/uMARS app-quality literature, including in this journal.
The MARS was developed and validated on independent ratings
by a small expert panel and reported excellent interrater
reliability under those conditions (intraclass correlation
coefficient [ICC]=0.79) [15]. The convention has been
maintained consistently since. Table 1 summarizes evaluator
panel size across published MARS-based app-quality
evaluations in JMIR mHealth and uHealth and closely related
outlets, spanning instrument-validation studies, single-disease
app reviews, and cross-national comparisons.
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Table 1. Evaluator panel size in published MARSa-based app-quality evaluations. Studies are ordered by the number of apps evaluated.

Evaluators (n)Apps evaluated (n)InstrumentHealth domainStudy

84MARS, MAGbChronic conditions (interrater reliability
study)

Miró and Llorens-Vernet [48],
2021

2 (plus a third for disputes)6MARSHIV and STIc preventionFernández-Sánchez et al [36],
2025

27MARSDrug-drug interaction checkingShen et al [49], 2021

2 (5 for calibration)20MARSCOVID-19 symptom monitoringSchmeelk et al [50], 2022

3 researchers; 2 patients21MARS, uMARSdHIV/AIDSThis study

2 (second rater on 30% sub-
set)

23MARSMindfulnessMani et al [51], 2015

246MARSGenitourinary cancerAmor-García et al [52], 2020

250MARS-JeMental health (instrument validation)Yamamoto et al [53], 2022

2 per app104MARS-GfMental health (instrument validation)Messner et al [47], 2020

aMARS: Mobile App Rating Scale.
bMAG: Mobile App Development and Assessment Guide.
cSTI: sexually transmitted infection.
duMARS: user version of the Mobile App Rating Scale.
eMARS-J: Japanese version of the Mobile App Rating Scale.
fMARS-G: German version of the Mobile App Rating Scale.

Two features of this evidence are relevant here. First, panel size
does not scale with the number of apps: 2 raters were used
whether 6, 7, 20, 23, 46, 50, or 104 apps were evaluated
[36,47,49-53]. This is because the rater in this paradigm
functions as a measurement instrument applied to each app
rather than as a sampled unit of analysis. The unit of analysis
is the app; the psychometric requirement is demonstrable
agreement between raters, not a large rater sample. Reliability
is accordingly evaluated as interrater agreement, as reported in
the Interrater Agreement section, rather than treated as sampling
error. Second, 3 raters—the number used for our researcher
panel—is at the upper rather than the lower end of the
distribution [35,54]; most comparable studies use two. Beyond
the studies tabulated, the same convention is evident across app
domains in this journal, including drug-drug interaction checkers
[55], medication adherence apps [56], apps for deaf and
hard-of-hearing users [57], hematological condition apps
[58,59], traditional vs modern medicine apps in China [60],
noncommunicable disease management apps [61], and apps for
men who have sex with men in China [39], as well as in the
Korean [46] and Arabic [62] MARS validations, in reviews of
depression apps in German app stores [34] and of commercial
weight-management apps [63], and in the 2 published
MARS-based evaluations of HIV/AIDS apps [37,38].

The patient panel requires a separate justification, because the
logic that supports a small expert panel does not transfer directly
to end users: experts are trained to converge on a normative
standard, whereas end users are informative partly because they
differ from one another. Three considerations support the present
design. First, HIV-positive status is a stigmatized and legally
protected attribute in China, and recruitment is correspondingly
difficult: people living with HIV could be approached only
through CDC follow-up visits, and the prevailing reason for

declining was concern that participation would create
documentation linking the individual to HIV-related research.
Second, both patient evaluators rated all 21 apps on all
dimensions, so the design is complete rather than sparse: there
are no missing cells, and each app is evaluated by the same
evaluators, which is the condition under which paired
comparison with the researcher panel is valid. Third, agreement
between the 2 patient raters was examined empirically rather
than assumed, and the limits of agreement were narrow relative
to the rating range (see Statistical Analysis). We therefore treat
the patient results as characterizing the configurational structure
observed in this panel and frame them as exploratory and
hypothesis-generating throughout.

Terminology
Because a 2-person panel cannot stand for a population, a fixed
vocabulary is used throughout. The patient panel and the 2
patient evaluators refer to the 2 individuals who completed the
uMARS; patient configurations and patient-side pathways refer
to configurations recovered from those 2 evaluators’ averaged
ratings of the 21 apps; and statements about the researcher panel
are likewise restricted to the 3 raters described in the Researcher
Panel section. No expression in this paper is intended to
characterize the preferences of people living with HIV in China
as a population, or of Chinese app users generally. Where the
text refers to patient evaluations, it refers to this panel.

Number of Apps
Twenty-one apps are the complete set of Chinese HIV/AIDS
apps meeting the inclusion criteria at the time of the search,
identified from 2901 screened records. This is not a sample
drawn from a larger population, but a census of an intentionally
narrow population, and the small size is itself a substantive
finding about the Chinese HIV/AIDS app market [35].
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Comparable app-quality evaluations in this journal have
analyzed as few as 4, 6, and 7 apps (Table 1), and evaluations
of 20 apps have supported published quality conclusions [50].

For the configurational analysis specifically, qualitative
comparative analysis (QCA) was developed for small- and
intermediate-N designs and is conventionally applied to 10-50
cases, where intimate case knowledge is available, and each
case can be interpreted individually [64,65]. With N=21, the
present study lies within this range and, unlike most
regression-based designs, permits every case to be inspected
individually against its configuration. Six conditions with 21
cases nevertheless produce substantially limited diversity: of
the 64 logically possible configurations, only 14 (researcher
data) and 15 (patient data) contained at least one case with
membership above 0.5. We therefore report the intermediate
solution, which uses only easy counterfactuals [66,67]; interpret
configurations alongside the specific apps that instantiate them;
and report the sensitivity analyses described in the Robustness
and Sensitivity Analyses section.

Privacy Protection Assessment
Privacy protection was coded by 2 researchers independently
from the apps themselves and their store listings. An app was
coded as protected (code 1) only if it met all three of the
following criteria: (1) a privacy policy accessible from within
the app; (2) explicit disclosure of what data are collected and
how they are used; and (3) user control over personal data, such
as account or data deletion. All other apps were coded as
unprotected (code 0). Coding disagreement occurred for 2 of
21 apps and was resolved by discussion with reference to the
app interface; agreement before discussion was 90.5% (19/21).

We acknowledge that this binary treatment simplifies a
multidimensional construct. Comprehensive instruments for
privacy assessment in mHealth evaluate policy fairness against
data-protection regulation, permission and data-sharing behavior,
and technical safeguards, and they yield graded rather than
dichotomous scores [68-71]. Two considerations motivated the
binary coding here. First, the empirical distribution was strongly
bimodal: apps either provided all 3 elements or none of them,
and no app in this sample provided partial protection in the
sense of a policy without disclosure or without user control.
Second, a graded index estimated from 21 cases would add
analytic flexibility without adding usable variance. To test
whether this choice drove the results, we repeated the entire
analysis with privacy specified as a 3-level fuzzy set (0=no
protection; 0.5=policy, disclosure, and user control; 1=the
preceding elements plus an in-app privacy password), reported
in the Alternative Privacy Operationalization section.

fsQCA

Conditions and Outcome
Six conditions were examined: engagement, functionality,
aesthetics, and information quality (continuous, from
MARS/uMARS); privacy protection (binary); and developer
type (binary: 1=government organization, 0=nongovernment).
The outcome was the subjective quality rating. Conditions were
selected from the MARS/uMARS framework and from prior
literature on determinants of mHealth app quality [11,15,33].

Calibration
Calibration transforms raw scores into fuzzy-set membership
between 0 and 1 [66,72]. Continuous conditions were calibrated
using the direct method with 3 anchors set at the 95th percentile
(full membership), the 50th percentile (crossover), and the 5th
percentile (full nonmembership). Percentile-based anchoring is
standard where no external substantive benchmark exists for
the measure, and is recommended when scores are
instrument-specific and their absolute values are not
interpretable against a criterion [73,74]. This applies here: a
MARS engagement score of 3.0 has no external meaning as a
threshold of “high engagement,” whereas its position within
the observed distribution of HIV/AIDS apps does. Anchors
were derived separately for the researcher and patient datasets,
since the 2 instruments produce different rating distributions
and a common anchor would confound instrument scaling with
evaluator judgment. Membership scores falling exactly at 0.50
after calibration were adjusted upward by 0.001, so that no case
was left at the point of maximum ambiguity; this mattered most
for patient functionality, since 14 of the 21 apps received the
same functionality rating and that rating is the crossover value.
Where a percentile anchor coincided with the crossover, which
occurred only for patient functionality under the wider anchor
sets used in the sensitivity analysis, the affected anchor was set
to the nearest observed value beyond the crossover. Binary
conditions were retained as crisp sets. Because the choice of
percentile anchors is a researcher decision rather than a property
of the data, its consequences were examined explicitly in the
sensitivity analysis.

Necessity
A condition is necessary if the outcome cannot occur without
it [66,75]. Necessity was assessed by consistency, with the
conventional threshold of 0.90 [67], and evaluated jointly with
coverage to guard against trivial necessity. Both the presence
and the absence of each condition were tested.

Sufficiency
Truth tables were constructed for both datasets. A frequency
cutoff of 1 was applied, as is standard for small-N designs [64],
together with a raw consistency cutoff of 0.80 and a proportional
reduction in inconsistency (PRI) consistency cutoff of 0.70.
Boolean minimization produced complex, parsimonious, and
intermediate solutions; the intermediate solution is reported as
the primary result [67]. Following Fiss [76], conditions
appearing in both the parsimonious and the intermediate solution
are designated core, and those appearing only in the intermediate
solution are designated peripheral.

Robustness and Sensitivity Analyses
Four sets of checks were performed, following current QCA
reporting recommendations [64,74,77]. First, all analyses were
repeated under 4 calibration anchor sets (95/50/5, 90/50/10,
85/50/15, and 80/50/20 percentiles). Second, the truth table
analysis was repeated across raw consistency cutoffs of 0.75,
0.80, 0.85, and 0.90 crossed with PRI cutoffs of 0.65, 0.70, 0.75,
and 0.80. Third, the analysis was repeated with the 3-level
privacy set described in the Privacy Protection Assessment
section. Fourth, necessity consistencies were recomputed under
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each anchor set. The results are considered robust where the set
of configurations and their substantive interpretation are
unchanged, and consistency remains above the 0.80 threshold;
any specification under which this does not hold is reported
explicitly.

Statistical Analysis

Overview
Descriptive and comparison statistics were computed in Python
3.12; calibration, necessity analysis, and truth-table analysis
were conducted in fsQCA (version 4.1; University of
California). Descriptive statistics were computed for all
variables. Because the 2 evaluator groups rated the same 21
apps, differences in raw dimension scores were tested with
Wilcoxon signed-rank tests, with the matched rank-biserial
correlation as the effect size; the nonparametric test was chosen
because dimension scores were bounded, skewed, and drawn
from a small sample. Agreement between groups was quantified
with Pearson and Spearman correlations. Given 5 prespecified
comparisons, P values should be interpreted descriptively rather
than as confirmatory tests.

Interrater Agreement
Agreement was examined within each panel separately, and
because the 2 panels completed different instruments, no
estimate reported in this section combines researcher and patient
ratings. Within the researcher panel the 2 independent raters
were raters 1 and 2, each of whom scored all 21 apps on the
original MARS before any discrepancy was referred to rater 3
and before consensus scores were formed; Bland-Altman
analysis of that MARS dataset [35,78] gave a mean difference
of 0.01 (SD 0.10; 95% limits of agreement −0.19 to 0.21) for
app quality and 0.07 (SD 0.49; 95% limits of agreement −0.89
to 1.03) for subjective quality. Within the patient panel, the 2
independent raters were the 2 patient evaluators whose ratings
are analyzed in the present paper, each of whom scored all 21
apps on the uMARS before the 2 sets of scores were averaged;
Bland-Altman analysis of that uMARS dataset gave a mean
difference of 0.13 (SD 0.26; 95% limits of agreement −0.38 to
0.64) for app quality and 0.23 (SD 0.45; 95% limits of
agreement −0.66 to 1.12) for subjective quality. Both uMARS
estimates therefore derive specifically from the 2 patient
evaluators included here, and no researcher rating enters them;
conversely, the 2 MARS estimates derive only from raters 1
and 2, and no patient rating enters them.

Limits of agreement for the 2 app-quality scores are narrow
relative to the 1-5 rating range, indicating close agreement
within both panels; the wider limits for the single-item subjective
quality scores are consistent with the greater variability expected
of subjective judgments. Bland-Altman analysis was the

prespecified agreement method in the parent evaluation, and it
is the appropriate choice for 2 raters because it quantifies both
systematic bias and the range of disagreement on the original
measurement scale rather than expressing agreement relative
to between-app variance [78]. An ICC could not be computed
retrospectively for either panel, because the archived dataset
retains only the postconsensus researcher scores and the
averaged patient scores; the rater-level score files are no longer
available, and the Bland-Altman estimates reported in this
section are those computed in the parent evaluation while those
files were still held [35]. Future apps of this design should
archive rater-level scores so that both agreement statistics can
be reported.

Ethical Considerations
This study evaluated publicly available mobile apps. The data
analyzed were MARS and uMARS ratings of those apps; no
biological sample, clinical record, health record, or personal
information of any evaluator was collected, held, or analyzed
by the research team. The serostatus of the 2 patient evaluators
was neither collected nor verified by the research team:
eligibility was applied by the collaborating CDC HIV prevention
and control team within its own follow-up records, and no
identifier or personal detail was transferred to the research team.
Prospective ethics review was not sought, on the basis set out
in the Methods: the study lies outside the scope defined in
Article 3 of the Measures for Ethical Review of Life Science
and Medical Research Involving Humans (Guo Wei Ke Jiao Fa
[2023] No. 4) [42] and would in the alternative fall within the
exemption in Article 32(2) of the same instrument. This position
is consistent with comparable app-quality evaluations, including
those in which lay end users completed the instrument [43,44].
The study was nonetheless conducted in accordance with the
principles of the Declaration of Helsinki: both patient evaluators
were informed of the purpose and procedures of the study and
of their right to withdraw at any time without consequence, and
both provided written informed consent, the signed forms having
been collected and retained by the CDC team on behalf of the
study to protect the participants’ privacy.

Results

Descriptive Statistics and Group Comparison
Twenty-one HIV/AIDS apps were evaluated by both researcher
and patient groups. Table 2 presents the descriptive statistics
for all variables. Researcher ratings demonstrated moderate
variability across conditions, with functionality receiving the
highest mean score (4.28, SD 0.39) and engagement the lowest
(mean 2.40, SD 0.53). Subjective quality ratings from
researchers averaged 2.47 (SD 0.65), ranging from 1.13 to 4.13.
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Table 2. Descriptive statistics for researcher (Mobile App Rating Scale) and patient (user version of the Mobile App Rating Scale) ratings of 21
HIV/AIDS apps [35].

P maxP minPd mean (SD)R maxcR minbRa mean (SD)Variable

4.701.802.56 (0.63)3.601.602.40 (0.53)Engagement

4.501.503.84 (0.59)4.753.254.28 (0.39)Functionality

4.171.673.22 (0.48)4.172.333.40 (0.49)Aesthetics

4.751.753.90 (0.74)4.333.333.83 (0.33)Information

3.751.002.75 (0.61)4.131.132.47 (0.65)Subjective quality

aR: researcher.
bmin: minimum.
cmax: maximum.
dP: patient.

Patient evaluations showed similar patterns but with notable
differences. Patients rated engagement slightly higher than
researchers (mean 2.56, SD 0.63), though still the lowest among
all dimensions. Information quality received the highest patient
rating (mean 3.90, SD 0.74), followed by functionality (mean
3.84, SD 0.59). Patient subjective quality ratings averaged 2.75
(SD 0.61), ranging from 1.00 to 3.75, indicating somewhat
higher overall satisfaction compared to researchers.

Wilcoxon signed-rank tests on the paired ratings (Table 3)
showed that the 2 groups differed significantly on functionality,
which researchers rated substantially higher than patients
(median difference 0.50, IQR 0.00 to 0.63; W=14.0, P=.003,

rank-biserial r=0.82), and on engagement, which patients rated
slightly higher (median difference −0.20, IQR −0.40 to 0.10;
W=57.5, P=.04, r=−0.50). Differences in information quality
(P=.07), subjective quality (P=.06), and aesthetics (P=.16) did
not reach significance. Rank correlations between the groups
were moderate for engagement (ρ=0.64, P=.002) and
information (ρ=0.63, P=.002) but near 0 for functionality
(ρ=0.20, P=.38). Functionality is thus the dimension on which
the groups both differ most in level and agree least in ordering,
whereas engagement is rated similarly and ranked consistently.
This pattern provides the empirical warrant for analyzing the 2
groups separately rather than pooling them. Dimension-level
differences between the 2 groups are displayed in Figure 2.

Table 3. Comparison of researcher and patient ratings across the same 21 apps (Wilcoxon signed-rank tests and rank correlations).

Spearman ρPearson r
Rank-biserial
rP valueW c

Median difference
(IQR)

Pb mean
(SD)

Ra mean
(SD)Dimension

0.640.71−0.50.0457.5−0.20 (−0.40 to
0.10)

2.56 (0.63)2.40 (0.53)Engagement

0.200.060.82.00314.00.50 (0.00 to 0.63)3.84 (0.59)4.28 (0.39)Functionality

0.320.230.36.1667.50.17 (−0.17 to 0.51)3.22 (0.48)3.40 (0.49)Aesthetics

0.630.48−0.47.0756.0−0.21 (−0.42 to
0.01)

3.90 (0.74)3.83 (0.33)Information

0.450.39−0.49.0654.0−0.38 (−0.75 to
0.25)

2.75 (0.61)2.47 (0.65)Subjective quality

aR: researcher.
bP: patient.
cW: Wilcoxon signed-rank test statistic.
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Figure 2. Dimension-level comparison of researcher and patient ratings.

Association Structure Within Each Group
Scatter matrix analysis (Figure 3) revealed divergent evaluation
frameworks. Patient ratings showed tight linear patterns, most
notably for functionality-subjective quality (r=0.890; P<.001).
In contrast, researcher ratings exhibited greater scatter for this

relationship (r=0.489; P=.02, n=21; Δr=0.401), indicating more
compartmentalized assessment. Patient judgments were therefore
more strongly organized around a single evaluative axis, while
researcher judgments were more compartmentalized across
dimensions. The bivariate relationships that differ most between
the 2 groups are shown side by side in Figure 4.
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Figure 3. Scatter matrices for patient (A) and researcher (B) ratings.
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Figure 4. Key bivariate relationships compared between groups.

Calibration
Calibration anchors differed between researcher and patient
datasets, reflecting distinct rating distributions (Table 4). For
researchers, the full membership threshold for engagement was
3.20, compared to 3.30 for patients. Functionality calibration
showed more pronounced differences: researchers’ full

membership threshold was 4.63 vs 4.25 for patients. Information
quality thresholds demonstrated the greatest divergence:
researchers set full membership at 4.29, whereas patients used
4.75. For the outcome variable (subjective quality), full
membership thresholds were 3.38 for researchers and 3.63 for
patients.

Table 4. Calibration anchors.

P nonmem.P crossoverPd fullR nonmem.cR crossoverRa fullbTypeVariable

1.802.503.301.802.303.20ContinuousEngagement

3.254.004.253.504.384.63ContinuousFunctionality

2.673.333.672.673.504.00ContinuousAesthetics

2.254.134.753.333.804.29ContinuousInformation

0N/A10N/Ae1BinaryPrivacy

0N/A10N/A1BinaryDeveloper type

1.752.883.631.752.383.38ContinuousSubjective quality

aR: researcher.
bfull: full membership.
cnonmem.: full nonmembership.
dP: patient.
eN/A: not applicable.
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These calibration differences underscore the importance of
group-specific analysis in fsQCA, as identical raw scores may
represent different levels of membership in the fuzzy set of
“high quality” depending on the evaluator group’s reference
frame. They should not be read as evidence that one group
applied a stricter standard than the other in any absolute sense,
since MARS and uMARS items are not scaled to a common
metric.

Necessary Conditions
Necessity analysis results are presented in Table 5 and Figure
5. For researcher evaluations, no single condition met the

conventional threshold (consistency ≥0.90) for being considered
necessary. Information quality demonstrated the highest
necessity consistency (0.845), followed by functionality (0.821)
and aesthetics (0.820). Engagement showed lower necessity
(0.795), while privacy protection (0.322) and government
developer type (0.242) were far below the threshold. Their
negations showed moderate consistency, indicating that
nongovernmental apps without formal privacy features could
still receive high researcher ratings.

Table 5. Necessity analysis for high subjective quality.

P ~cov.P ~cons.P cov.Pe cons.R ~cov.R ~dcons.R cov.cRa cons.bCondition

0.5470.5940.8440.8290.4600.4900.8070.795Engagement

0.6530.7210.9400.9070.5010.4560.7190.821Functionality

0.5680.6270.8700.8410.4840.5060.8150.820Aesthetics

0.5880.5940.8620.9150.4820.4820.8040.845Information

0.4630.7310.5460.2690.4340.6780.6600.322Privacy

0.5200.7170.4100.2830.5540.7580.3540.242Developer type

aR: researcher.
bcons.: consistency.
ccov.: coverage.
d~: negation of the condition.
eP: patient.

Figure 5. Necessity XY plots.

For patient evaluations, functionality (0.907) and information
quality (0.915) both exceeded the threshold. However, these 2
conditions were highly correlated in the patient data (r=0.816),
which means they cannot be treated as independent necessary
conditions; a high correlation between candidate necessary
conditions is a known source of overidentification in necessity

analysis [67]. Following Schneider and Wagemann [67], we
resolved this on substantive grounds: functionality is the
precondition for reaching content at all, since a user must be
able to navigate an app before its information can be judged,
and information quality is best read as an extension of that
access rather than a separate requirement. Functionality is
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therefore reported as the single candidate necessary condition
for patients. We emphasize that with 21 cases and 1 panel, this
should be treated as a proposition for testing rather than as an
established necessity claim. Aesthetics (0.841) and engagement
(0.829) approached but did not meet the threshold; privacy
(0.269) and government developer type (0.283) did not.

Sufficient Configurations: Researchers
Sufficiency analysis was conducted to identify configurational
pathways leading to high subjective quality ratings. Five
sufficient configurations were identified for high subjective
quality ratings among researchers (Table 6). The overall solution
consistency was 0.981, and solution coverage was 0.649. These
values exceed the recommended threshold of 0.80 for
consistency and indicate acceptable empirical coverage.

Table 6. Sufficient configurations for high subjective quality—researchers.

Unique coverageRaw coverageConsistencyCausal pathConfiguration

0.0330.1591.000~aDeveloper × privacy × engagement × aesthetics × informa-
tion

R1

0.0370.1631.000~Developer × privacy × functionality × aesthetics × informa-
tion

R2

0.2930.4630.985~Developer × engagement × functionality × aesthetics × in-
formation

R3

0.0490.1751.000Privacy × engagement × functionality × aesthetics × infor-
mation

R4

0.0660.1100.942~Developer × ~privacy × engagement × ~functionality ×
~aesthetics × ~information

R5

N/A0.6490.981N/AbSolution

a~: negation of the condition.
bN/A: not applicable.

Configuration R3 (nongovernment developer × high engagement
× high functionality × high aesthetics × high information quality)
demonstrated the highest raw coverage (0.463) and unique
coverage (0.293). This pathway accounted for the largest
proportion of high-quality outcomes. The consistency of 0.985
indicates that this configuration almost always leads to high
subjective ratings.

Configurations R1 and R2 both combined privacy protection
with aesthetics and information quality, each at consistency
1.000, differing only in whether engagement or functionality
completed the combination. Within this dataset, the two
therefore behave as substitutable elements once privacy is
present, though with a single case supporting each pathway,
this substitutability is a description of these cases rather than a
generalizable finding.

Configuration R4 combined all positive conditions (privacy,
engagement, functionality, aesthetics, and information) without
specifying developer type. This comprehensive pathway
achieved perfect consistency (1.000) with moderate coverage
(0.175).

Configuration R5 is a contrarian pathway: nongovernmental
apps without privacy features, with engagement but low
functionality, aesthetics, and information quality (consistency
0.942, raw coverage 0.110). Only one app instantiates it, and it
is reported for completeness rather than as a recommended
design route.

Sufficient Configurations: Patients
Four sufficient configurations emerged from patient evaluations
(Table 7). The overall solution consistency was 0.998, and
solution coverage was 0.796. Both metrics exceeded researcher
evaluation results, indicating stronger explanatory power.
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Table 7. Sufficient configurations for high subjective quality—patients.

Unique coverageRaw coverageConsistencyCausal pathConfiguration

0.0180.2851.000~aDeveloper × ~privacy × engagement × functionality ×
aesthetics

P1

0.2070.4740.996~Privacy × engagement × functionality × aesthetics × infor-
mation

P2

0.2150.4821.000~Developer × engagement × functionality × aesthetics × in-
formation

P3

0.0890.2631.000~Developer × ~privacy × ~engagement × functionality ×
~aesthetics × information

P4

N/A0.7960.998N/AbSolution

a~: negation of the condition.
bN/A: not applicable.

Configuration P3 (nongovernment developer × high engagement
× high functionality × high aesthetics × high information quality)
demonstrated the highest coverage (raw=0.482, unique=0.215).
This pathway closely mirrors researcher configuration R3,
suggesting one shared route to a favorable judgment across
groups.

Configuration P2 (absence of privacy × high engagement × high
functionality × high aesthetics × high information quality)
achieved near-perfect consistency (0.996) with substantial
coverage (0.474). The appearance of privacy absence as a
component distinguishes patient from researcher solutions, but
it should be read against the distribution of the condition: 16 of
21 apps lacked privacy protection, so most apps that were strong
on the 4 MARS dimensions were also, necessarily, apps without
it. It does not indicate that the patient panel rated protected apps
lower. In set-theoretic terms, protected apps were slightly more

consistently members of the high-rating set than unprotected
ones (0.546 vs 0.463; Table 5), and the 2 apps the patient panel
rated highest, Chabei and Hong Feng Wan, both offered
protection.

Configuration P1 emphasized engagement, functionality, and
aesthetics without requiring high information quality. This
pathway indicates that visually appealing and functionally robust
apps can achieve high patient ratings even with moderate
information content.

Configuration P4 is compensatory: apps lacking engagement
and aesthetics still achieved high ratings through functionality
and information quality (consistency 1.000, raw coverage 0.263).

Comparison Across Groups
Table 8 presents a consolidated comparison of configurations
across evaluator groups. Several patterns warrant attention.
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Table 8. Configurational comparison—researchers and patients.

P4P3P2P1R5R4R3R2R1Antecedent condition

Xc✓✓✓✓✓✓—b✓aEngagement

✓(✓)(✓)(✓)X(✓)(✓)(✓)d—Functionality

X✓✓✓(X)e✓✓✓✓Aesthetics

✓✓✓—(X)✓✓✓✓Information

(X)—(X)(X)(X)✓—✓✓Privacy

XX—XX—XXXDeveloper type

1.0001.0000.9961.0000.9421.0000.9851.0001.000Consistency

0.2630.4820.4740.2850.1100.1750.4630.1630.159Raw coverage

0.0890.2150.2070.0180.0660.0490.2930.0370.033Unique coverage

N/AN/AN/A0.998N/AN/AN/AN/Af0.981Solution consistency

N/AN/AN/A0.796N/AN/AN/AN/A0.649Solution coverage

a✓: core condition present.
bEm dashes indicate that the condition may be either present or absent.
cX: core condition absent.
d(✓): peripheral condition present.
e(X): peripheral condition absent.
fN/A: not applicable.

First, functionality appeared as a core or peripheral condition
in most configurations for both groups. For patients,
functionality was present in all 4 configurations. For researchers,
functionality appeared in 3 of 5 configurations. This finding
aligns with necessity analysis results showing functionality as
highly important for both groups.

Second, privacy protection plays different roles. It is a core
condition in 3 researcher configurations, whereas its negation
appears in 3 of 4 patient configurations. Since privacy protection
was present in only 5 of 21 apps, both patterns rest on few cases.
The contrast is a difference in configurational role, not a
difference in valuation: the negated condition enters the patient
solution because unprotected apps dominate the sample, and
protected apps were, if anything, rated slightly more consistently
highly by the patient panel (Table 5). The skewed distribution
of this condition is a limitation of the sample rather than a
finding about the evaluators.

Third, engagement carried different weight in the 2 panels.
Three of 4 patient configurations included engagement as a core
condition, and in 2 of those it is one of only 3 core conditions.
For researchers, engagement was a core condition in 4 of 5
configurations, but in 3 of those it appeared alongside 3 or 4
further core conditions.

Fourth, nongovernmental development appears across both
groups’ high-performing configurations. Because
government-developed apps in this sample were predominantly
county-level CDC applets with limited interactive design, this
condition plausibly indexes development resources and design
intent rather than ownership as such.

Fifth, solution coverage differed substantially between groups
(researchers: 0.649; patients: 0.796). The higher patient coverage
indicates that the identified configurations account for a larger
proportion of the outcomes rated highly by the 2 patient
evaluators.

Robustness and Sensitivity Analyses

Calibration Anchors
Recomputing every configuration under 4 anchor sets left the
configurational structure unchanged (Table 9). Across all anchor
sets, every configuration retained consistency at or above 0.942,
and solution-level values remained high (researchers:
consistency 0.966-0.983, coverage 0.639-0.679; patients:
consistency 0.997-1.000, coverage 0.582-0.796). The baseline
column of Table 9 is the set of values reported in Tables 6 and
7. Coverage was more anchor-sensitive than consistency, and
most so for the patient configurations, which is expected because
relaxing the full-membership anchor rescales membership scores
in the outcome.
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Table 9. Sensitivity of configuration consistency and raw coverage to calibration anchorsa.

Cov. 80/50/20Cov. 85/50/15Cov. 90/50/10
Cov.d

95/50/5
Cons.
80/50/20

Cons.
85/50/15

Cons.
90/50/10Cons.c 95/50/5Config.b

0.1670.1590.1590.1591.0001.0001.0001.000R1

0.1660.1520.1590.1631.0001.0001.0001.000R2

0.4420.4220.4540.4630.9590.9870.9820.985R3

0.1620.1540.1670.1751.0001.0001.0001.000R4

0.0820.0840.1030.1100.9440.9440.9480.942R5

0.1110.1820.2330.2851.0001.0001.0001.000P1

0.2190.3160.3590.4741.0001.0001.0000.996P2

0.3060.3840.3970.4821.0001.0001.0001.000P3

0.1530.1810.2190.2631.0001.0001.0001.000P4

aValues were recomputed from the calibrated data using identical procedures; the 95/50/5 column reproduces Tables 6 and 7.
bConfig.: configuration.
cCons.: consistency.
dCov.: coverage.

Necessity Across Anchors
Necessity consistencies were recomputed under each anchor
set. For researchers, no condition reached 0.90 under any
specification, so the conclusion that no single condition is
necessary for researcher judgments is not an artifact of the
anchors. For patients, functionality (0.907) and information
quality (0.915) exceeded the threshold at the baseline anchors
only; under the three wider sets neither reached it (functionality
0.744-0.804; information quality 0.824-0.860). Two features
of the patient data account for this. First, patient functionality
ratings are concentrated at 4.00, so that the 80th, 85th, and 90th

percentiles coincide with the crossover, and the full-membership
anchor had to be set to the nearest observed value beyond it.
Second, widening the anchors compresses membership scores
toward the crossover and thereby lowers necessity consistency
for conditions whose upper values are closely spaced. The
patient necessity result is therefore anchor-dependent, which
reinforces rather than qualifies the caution stated in the
Necessary Conditions section: functionality is offered as a
proposition for testing and not as an established necessary
condition. Privacy protection remained far below threshold in
every specification for both groups (0.264-0.343). The full
necessity sensitivity results are given in Table 10.

Table 10. Necessity consistency for high subjective quality under 4 calibration anchor setsa.

80/50/2085/50/1590/50/1095/50/5ConditionGroup

0.7830.7670.7870.795EngagementResearchers

0.7560.7380.7800.821FunctionalityResearchers

0.8110.8060.8090.820AestheticsResearchers

0.8390.8040.8500.845InformationResearchers

0.3430.3260.3290.322PrivacyResearchers

0.2260.2380.2360.242Developer typeResearchers

0.7650.7880.7300.829EngagementPatients

0.7440.7950.8040.907FunctionalityPatients

0.6450.7380.8050.841AestheticsPatients

0.8240.8600.8490.915InformationPatients

0.2640.2770.2660.269PrivacyPatients

0.2880.2790.2840.283Developer typePatients

aValues are necessity consistencies. The conventional threshold is 0.90. Column headings give the percentile anchors used for full membership, crossover,
and full nonmembership.
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Consistency and PRI Thresholds
Fourteen of the 64 truth table rows were empirically instantiated
in the researcher data and 15 in the patient data. Under the
baseline cutoffs, 6 researcher rows and 5 patient rows met both
criteria. Across the 16 combinations of raw consistency cutoffs
(0.75, 0.80, 0.85, 0.90) and PRI cutoffs (0.65, 0.70, 0.75, 0.80),
the retained set was invariant in the patient data. In the
researcher data, it was invariant with respect to the raw
consistency cutoff, but the row instantiated by the Beijing AIDS
Association applet, whose PRI consistency is 0.712, dropped
out at PRI cutoffs of 0.75 and above, which removes
configuration R5 from the solution. R5 is the contrarian
pathway, is instantiated by that single case, and has the lowest
consistency and the lowest raw coverage of the configurations
reported; the other 4 researcher configurations were unaffected
at every combination tested. The solutions are therefore
insensitive to the raw consistency cutoff, and sensitive to the
PRI cutoff only in respect of R5.

Alternative Privacy Operationalization
Re-running the analysis with the 3-level privacy set left every
configuration unchanged in substance: the truth tables retained

the same rows, Boolean minimization returned the same 5
researcher and 4 patient configurations, and the parsimonious
solutions were identical. Consistency shifted by at most 0.018
(patient P4: 1.000 to 0.982), and no configuration fell below
0.947. Coverage changes were likewise small, the largest being
increases of 0.052 in the raw coverage of patient P1 (0.285 to
0.337) and of 0.051 in that of P2 (0.474 to 0.525). Necessity
consistency for privacy protection remained low under the
graded specification (researchers 0.278; patients 0.223). The
limited role of privacy in the patient configurations is therefore
not an artifact of dichotomization: only 5 apps offered protection
of any kind, only 2 of those added an in-app privacy password,
and grading the 5 does not alter how privacy combines with the
other conditions.

Case-Level Analysis
XY plots were constructed to visualize the cases instantiating
the highest-coverage configurations, R3 and P3 (Figure 6). All
illustrative cases demonstrated configuration membership scores
above 0.5 with corresponding outcome membership scores
above 0.5, confirming sufficiency at the case level. No deviant
cases were identified.

Figure 6. XY plots for case-level analysis of configurations R3 (researchers) and P3 (patients). Both configurations share the same structure
(~Dev×Eng×Func×Aes×Info) and are the highest-coverage pathway for each evaluator group. Each point is an app; the values in parentheses are
configuration membership and outcome membership, and values shown as 0.50 are 0.501 after the adjustment described in the Calibration section. Aes:
aesthetics; Dev: government developer; Eng: engagement; Func: functionality; Info: information quality; ~: negation of the condition.

For researchers, configuration R3 contained the most cases
(n=4), including Wu Ai Fang Hua (0.94, 0.95) and Ai Yi Jian
(0.91, 0.95). For patients, configuration P3 was best exemplified
by Chabei (0.68, 0.97).

R3 and P3 share an identical structure (~developer [~ denotes
negation of the condition] × engagement × functionality ×
aesthetics × information), yet different apps sit at the top of
each. This indicates that the same combination of dimensions
is satisfied by different apps depending on who is rating. These

apps are presented as illustrations of each pathway, not as
validated exemplars: with 1 to 4 cases per configuration, they
show what a configuration looks like in practice and support
interpretation, but they do not constitute evidence that these are
the best available apps.
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Discussion

Principal Findings
Configurational pathways to high subjective quality in
HIV/AIDS apps were examined using fsQCA. Three key
findings emerged. First, equifinality was demonstrated: 5
configurations were identified for researchers, and 4 for patients,
and no single pathway was required for high-quality ratings.
Second, the 2 panels’ evaluation priorities differed in this
sample. Privacy protection was a core condition in 3 researcher
configurations and appeared as a present condition in none of
the patient ones, whose configurations instead combined
engagement, functionality, aesthetics, and information quality
with the absence of privacy protection. Third, functionality
emerged as foundational: it reached the necessity threshold in
the patient data and appeared in most configurations for
researchers. Wilcoxon tests independently confirmed that
functionality is where the 2 groups diverge most in level and
agree least in rank order.

These findings are broadly consistent with the theoretical
framework outlined earlier, with one important qualification.
The prominence of functionality and engagement in patient
configurations matches the task-technology fit and
performance-expectancy predictions [20-22]: for a person
managing HIV, an app earns a favorable judgment by letting
them accomplish something. The privacy calculus prediction
that end users discount abstract, delayed risks [23,24] is not,
however, supported by these data. Privacy protection was absent
from the patient pathways because it was absent from most
apps, not because protected apps were rated lower; the 2 apps
the patient panel rated highest both offered protection. What
the data do show is that protection was not required for a
favorable patient judgment, which is consistent with the eHealth
literacy account that such features are hard for end users to
appraise [25], but equally consistent with users valuing
protection when it is present. The compartmentalized structure
of researcher ratings, in contrast, is what one would expect from
trained raters applying a normative checklist rather than pursuing
a task.

Interpreting the Divergence
Three nonexclusive mechanisms may explain the divergence,
and they carry different implications.

If the mechanism is appraisal capacity—privacy features are
simply not visible or assessable to end users [25,69]—the
appropriate response is disclosure design: making protective
features legible at the point of use, as nutrition labeling does
for food.

If the mechanism is privacy calculus—users perceive the
features but discount them against immediate benefit
[23,24]—disclosure alone will not change judgments, and the
appropriate response is to reduce the cost of the protective option
rather than to inform users about it.

If the mechanism is displaced trust—users infer safety from
health-service branding or from CDC association—then the risk
is concentrated precisely in the apps that appear most

institutionally credible, and the appropriate response is
certification rather than user education.

The present data cannot distinguish these mechanisms, because
no qualitative data on evaluator reasoning were collected. This
is a limitation of the design and the most important priority for
follow-up work: think-aloud protocols or postrating interviews
with a larger patient panel would discriminate among the three,
and the practical recommendation differs substantially
depending on which holds.

Illustrative Cases and Design Implications
Case-level analysis identifies apps that instantiate each pathway
and, more usefully for developers, the concrete features they
share; these features are the level at which user-centered design
guidance for HIV apps has previously been formulated [79].

Wu Ai Fang Hua and Ai Yi Jian illustrate the researcher-oriented
pathway R3. Common features include a structured knowledge
base with attributed sources and update dates, medication and
follow-up reminders, and a web-based community component.
The design lesson is not “score highly on four dimensions,” but
that content credibility signals—visible sourcing, dating, and
institutional attribution—are what distinguish these apps from
otherwise similar applets.

Chabei illustrates the patient-oriented pathway P3. Its
distinguishing features are a shallow navigation hierarchy in
which testing appointment booking is reachable in 2 taps from
launch, plain-language content without clinical jargon, and a
peer community area. Its high outcome membership (0.97)
relative to its configuration membership (0.68) suggests that
features outside the MARS/uMARS subscales contribute to
patient satisfaction—most plausibly the anonymity and
low-friction access that a WeChat applet affords, since no
download, registration, or app-store trace is required.

Configuration P4 is the practically relevant pathway for
resource-constrained developers: high ratings from this patient
panel were achieved through functionality and information
quality alone, without investment in engagement or visual
design. For county-level CDC teams building service applets
on limited budgets, this suggests that reliable booking and
accurate, current content are the necessary investments, and that
gamified or visually elaborate features are optional rather than
foundational.

Conversely, configuration R5 contained a single marginal case
(Beijing AIDS Association: 0.58, 0.59) whose recognition rested
on engagement despite low scores elsewhere, a reminder that
expert endorsement does not transfer automatically to user
acceptance.

Recommendations for Developers

Overview
The configurations and the illustrative cases translate into a
small number of concrete design decisions. They are stated
below at feature level, because that is the level at which a
development team acts, and recommendations that follow
directly from the observed cases are distinguished from those
that are proposals consistent with the findings but not themselves
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tested here. Table 11 sets each against the configuration from which it derives.

Table 11. Feature-level design recommendations derived from the observed configurations and illustrative casesa.

Evidential statusRecommendationObserved feature patternIllustrative casesConfiguration (panel)

Follows from observed
cases

Keep booking, reminders, and result
checking within 2 taps; allow anony-
mous reading

Core service task 2 taps from
launch; content readable with-
out registration

ChabeiP3, P4 (patients)

Follows from observed
cases

Show source, date, and reviewing in-
stitution on every content item; keep
a visible update log

Attributed and dated knowledge
base; reminders; community
area

Wu Ai Fang Hua; Ai
Yi Jian

R3 (researchers)

Proposal consistent with
the finding

Enable protection by default; keep
notification text free of HIV-related
content; summarize storage on one
screen at first launch

Privacy protection core in 3 re-
searcher configurations; present
in none of the patient configura-
tions

—bR1, R2, R4 (researchers)
vs P1-P4 (patients)

Follows from observed
cases

Fund booking reliability and content
currency first; treat engagement and
visual design as later increments

High ratings from functionality
and information quality alone

—P4 (patients)

Single marginal case; re-
searcher side only

Do not treat engagement as a substi-
tute for the service task: this route
appeared only in the researcher solu-
tion

Engagement present, other di-
mensions low; single marginal
case

Beijing AIDS Asso-
ciation

R5 (researchers)

Interpretation; not directly
measured

Consider applet delivery where feasi-
ble, treating the absence of download,
icon, and store record as a privacy
feature

Outcome membership (0.97)
above configuration member-
ship (0.68); applet format

ChabeiP3 (patients)

Policy proposal consistent
with the finding

Prefer platform- or CDC-level privacy
certification to user-facing privacy
education

Divergence between panels in
the appraisal of privacy protec-
tion

—Across panels

aRecommendations marked as proposals are design implications consistent with the observed configurations but not themselves tested in this study.
Configuration labels follow Table 8.
bNot available.

Keep the Primary Service Task Within 2 Taps of Launch
Functionality entered all 4 patient configurations and 3 of the
5 researcher ones, and it is the condition retained as the
candidate necessary condition for the patient panel; Chabei, the
illustrative case for the patient pathway P3, placed testing
appointment booking 2 taps from launch. Appointment booking,
reminder setting, and result checking should not sit behind a
menu tree, a splash sequence, or a sign-in screen.

Do Not Require Registration to Read Information
Information quality entered every patient configuration except
P1, and registration is the point at which an identifiable record
is created. The recruitment experience reported in Methods
indicates how heavily that possibility weighs on this population.
Content should be readable anonymously, with account creation
required only for functions that cannot operate without it.

Make Content Provenance Visible on Every Item
The 2 apps illustrating R3, Wu Ai Fang Hua and Ai Yi Jian,
were distinguished from otherwise similar applets by a
knowledge base whose entries carried attributed sources and
update dates. Each content item should therefore name its
source, carry a publication or revision date and, where
applicable, identify the institution that reviewed it, with an
in-app record of when the content set was last updated as a
whole.

Treat Protective Settings as Defaults Rather Than as
Options
Privacy protection was a core condition in 3 researcher
configurations and appeared as a present condition in none of
the patient ones. Whatever the mechanism, a design that requires
the user to seek protection out will under-protect this population.
Proposals consistent with this finding, though not tested in this
study, are to enable any available protection by default rather
than on request, to write notification and reminder text that
never names HIV status or medication, and to present what is
stored and where on a single plain-language screen at first
launch rather than within a terms-of-use document.

Fund Function and Content Before Engagement and
Visual Design
Configuration P4 reached high ratings in the patient panel on
functionality and information quality alone. For a county-level
team, this makes booking reliability and content currency the
first 2 line items and gamified or visually elaborate features
later increments. Configuration R5 makes a related point from
the other side. One app reached a favorable researcher judgment
on engagement alone, with functionality, aesthetics, and
information quality all low; but that route appeared only in the
researcher solution, rests on a single case, and has the lowest
consistency and the lowest raw coverage of any configuration
reported. Engagement can carry an expert’s overall impression

JMIR Mhealth Uhealth 2026 | vol. 14 | e88896 | p. 21https://mhealth.jmir.org/2026/1/e88896
(page number not for citation purposes)

Liu et alJMIR MHEALTH AND UHEALTH

XSL•FO
RenderX

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


of an app, and on the evidence here it does not stand in for the
service task on the user side.

Consider an Applet Build Where the Service Permits It
The outcome membership for Chabei (0.97) exceeded its
configuration membership (0.68), which suggests a contribution
from something outside the rated dimensions, most plausibly
that a WeChat applet requires no download, leaves no icon on
the home screen, and creates no app-store record. Where the
service can be delivered in that format, the distribution format
is itself a privacy feature. This reading is an interpretation of a
single case rather than a measured effect.

Prefer Certification to User-Facing Privacy Education
Because privacy protection did not appear as a present condition
in any patient pathway, publishing more privacy information
is unlikely on its own to alter user-side judgments. A visible
privacy label issued at platform or CDC level would place the
appraisal burden where the capacity to carry it lies. This is a
policy proposal consistent with the observed divergence rather
than a finding of the study.

Comparison With Prior Research
Prior MARS-based work has documented correlational
differences between expert and user ratings [35,80] and has
evaluated HIV/AIDS apps against mean-score benchmarks
[36-38]. The present study extends this literature by describing
how each group’s judgments are organized rather than only
whether they differ: the same dimensions enter different
combinations for different evaluators.

The centrality of functionality is consistent with usability
findings across health app domains, including behavioral
intervention technologies [81] and mental health apps [82]. This
supports the interpretation that functional performance serves
as a baseline requirement rather than a differentiator.

The privacy finding aligns with the broader digital health
literature documenting weak privacy practice and limited user
appraisal of it [68-71,83], and with the privacy paradox [23,24].
For HIV/AIDS populations, the stakes are higher than in most
app categories, since disclosure carries risks of stigma,
relationship loss, and discrimination [18,19].

Limitations

Overview
Several limitations bound the claims that can be made from
these data.

Patient Panel Size
The patient perspective rests on 2 evaluators whose ratings were
averaged. Although a 2-person panel is consistent with the
evaluator conventions of this literature (Table 1), and although
both evaluators completed the full protocol for all 21 apps with
narrow limits of agreement, 2 end users cannot capture the
heterogeneity of people living with HIV in China. It is therefore
not possible to determine from these data whether the patient
configurations reflect preferences shared across this population
or the perspectives of these 2 individuals. The patient findings
are accordingly presented as exploratory and

hypothesis-generating: the claim supported by these data is that
a configurational logic distinct from the expert one is observable,
not that it is the logic of the patient population.

Case Number and Conditions
Twenty-one apps with 6 conditions produce pronounced limited
diversity: only 14 of 64 logically possible configurations
(researcher data) and 15 of 64 (patient data) contained empirical
cases. Several configurations rest on one or two apps, and unique
coverage values below 0.05 (R1, R2, R4, and P1) indicate
pathways with little independent empirical weight. The
sensitivity analyses show the solutions are largely stable under
alternative analytic choices, with the exceptions reported in the
Robustness and Sensitivity Analyses section of the Results, but
stability under respecification is not the same as generalizability
to other app populations.

Rater Panel Composition
Researcher ratings came from 3 individuals from 2 institutions;
although interrater agreement was close, evaluator effects cannot
be excluded [26], and a differently composed expert panel might
weight dimensions differently.

Absence of Qualitative Data
No interview or think-aloud data were collected, so the
mechanisms proposed for the observed divergence—appraisal
capacity, privacy calculus, displaced trust—are interpretations
consistent with theory rather than findings.

Privacy Measurement
Even under the graded specification, privacy was assessed from
user-facing artifacts. Actual data handling, third-party sharing,
and permission behavior were not examined, and apps that
display a policy may not comply with it [70,71].

External Validation
Quality was operationalized as rated subjective quality. No
downstream outcome—sustained use, adherence, testing uptake,
or clinical benefit—was measured, so the configurations
describe pathways to a favorable evaluation, not to health
impact.

Context and Time
Only Simplified Chinese apps available in early 2023 were
examined. The market changes quickly, WeChat applets are a
China-specific format, and quality drivers may differ in other
linguistic and regulatory settings.

Future Research Directions
Priorities follow directly from the limitations. Recruiting a
substantially larger and more diverse patient panel, ideally
stratified by age, sex, time since diagnosis, and eHealth literacy,
would allow the patient configurations reported here to be tested
rather than proposed. Adding qualitative data would discriminate
among the mechanisms proposed for the privacy divergence.
Extending the analysis to a larger app corpus, or pooling across
countries, would reduce limited diversity and permit conditions
to be added without exceeding what the case number supports.
Linking configurational membership to downstream use and
clinical outcomes would establish whether pathways to high
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perceived quality are also pathways to benefit. Finally,
experimental manipulation of specific features would move the
design implications from association toward causal evidence.

Conclusions
Researcher and patient evaluations of Chinese HIV/AIDS mobile
apps followed different configurational logics in this exploratory
study. Privacy protection entered only the researcher pathways
to high subjective quality, whereas the patient panel’s pathways
combined engagement, functionality, aesthetics, and information
quality with its absence; functionality entered all 4 patient
configurations and 3 of the 5 researcher ones, and met the
necessity threshold in the patient data at the baseline calibration.
Multiple equifinal pathways were identified in each group, so
no single feature combination is required for a favorable
evaluation.

These patterns were largely stable across calibration anchors,
consistency thresholds, and an alternative graded

operationalization of privacy; the exceptions are that 1
researcher configuration did not survive the stricter PRI cutoffs
and that the patient necessity result held only at the baseline
anchors. They rest, however, on 21 apps rated by 3 researchers
and 2 patients, and the patient findings in particular should be
read as hypotheses about how end users form quality judgments
rather than as estimates of what people living with HIV prefer.

Two implications are nonetheless warranted. First, expert and
end user assessments are not interchangeable, and app
recommendation and development processes that rely on either
alone risk producing apps that are respectively unused or
underprotected. Second, privacy protection was rare in this
market and was not required for a favorable patient judgment,
although the apps the patient panel rated highest did offer it. In
a population for which the cost of unrecognized disclosure risk
is not measured in inconvenience, protection therefore needs to
be ensured by developers and regulators rather than left to user
demand.
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