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Abstract

Background: Youth aged 15 - 24 years carry a disproportionate HIV/sexually transmitted infections (STIs) burden. In recent
years, different modalities of digital health interventions (DHIs) have been explored to promote safer sex behaviors among youth,
but their comparative effectiveness across modalities and relative to nondigital interventions (NDIs) remains unclear.

Objective: This study aimed to compare DHI modalities on safer sex behaviors and HIV/STI incidence, rank modalities using
Bayesian network meta-analysis (NMA), and position their effectiveness relative to NDIs.

Methods: A systematic review and Bayesian NMA of randomized controlled trialswere conducted by comprehensively searching
PubMed, EMBASE, Web of Science, and Cochrane Library (inception to November 2025). Eligible studies were those that
enrolled youth aged 15 - 24 years and evaluated mobile app-based intervention, telecommunication-based intervention (TCl),
static web-based intervention (SWI), or interactive online-based intervention (I0I)—with an NDI or ancther DHI. Primary
outcomes were condom use at last sexual contact, consistent condom use, and proportion of condom use. Secondary outcomes
included condom use self-efficacy, number of sexual partners, and STI incidence (including HIV). Risk of biaswas assessed with
the Cochrane Risk of Bias2tool, and certainty of evidencewith GRADE/CINeMA (Confidencein NMA). Bayesian random-effects
NMAs estimated odds ratios (ORs) with 95% credible intervals (Crls), and complementary frequentist NMAs provided 95% Cls
and 95% prediction intervals.

Results: Twenty-four randomized controlled trials (20,134 participants) were included, forming treatment networks across 5
intervention types. TCl was the only intervention that significantly improved condom use at last sex compared with NDI (OR
1.13, 95% Crl 1.02 - 1.26). For consistent condom use, SWI and |0l outperformed TCI (SWI vs TCl: OR 1.77, 95% Crl
1.03 - 3.06; 10l vs TCI: OR 1.68, 95% Crl 1.02 - 2.76). For the proportion of condom use, 101 outperformed SWI (OR 1.34,
95% Crl 1.01 - 1.80), and mobile app-based intervention ranked highest in probability rankings, though estimates|acked precision.
For STI incidence, NDI was associated with fewer STIsthan SWI (OR 0.61, 95% Crl 0.46 - 0.82).

Conclusions: Thisisthefirst NMA to compare the effectiveness of DHIs on condom use and HIV/STI outcomes among youth
populations. It demonstratesthat theimpact of DHIson HIV prevention varies substantially by intervention modality and outcome
type. While TCI demonstrates the most consistent improvement in condom use at last sex, SWI and 10l may be more effective
for promoting consistent condom use, though estimates remain imprecise. However, wide prediction intervals and low-certainty
evidence suggest that self-reported behavioral changes may not translate into reductionsin HIV/STI incidents without integration
with offline services and broader structural support. Future trials might consider including standardized outcome indicators and
longer follow-up to generate more precise estimates of the effectiveness of DHIs and guide generalization of youth-centered
digital HIV/STIs prevention.

Trial Registration: PROSPERO CRD42024527317; https.//www.crd.york.ac.uk/PROSPERO/view/CRD42024527317

(J Med Internet Res 2026;28:e87071) doi:10.2196/87071
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Introduction

Adolescents and young adults aged 15 - 24 years, defined as
“youth” by the United Nations [1-3], are disproportionately
affected by HIV around the globe. Thisagerangeiswidely used
in international health research and reporting, which alows
comparability across studies and alignment with global HIV
surveillance data. Alarmingly, in 2023, youth in this age group
comprised nearly one-third of the 3600 daily new HIV infections
recorded worldwide. Youth are especially vulnerable to HIV
due to high rates of unprotected sex, inconsistent condom use,
and co-occurring risk behaviors such as alcohol and drug use
[4,5]. Still, asignificant proportion of youth around the world
lack access to accurate and age-appropriate information on
sexual and reproductive health, rendering them susceptible to
misinformation, psychological distress, and engagement in
high-risk sexual behaviors [6]. To address this public crisis,
scalable evidence-based health interventionstargeting safer sex
practices should be prioritized in this vulnerable population [ 7].

Digital health interventions (DHIs) have emerged asapromising
strategy for health promotion in recent years[8]. Digital health,
conceptualized as an umbrella term by the World Health
Organization [9], refers to the use of digital and wireless
platforms to facilitate health care delivery or health
interventions, including but not limited to electronic health,
mobile health, telehealth, and artificial intelligence-based
applications. On the other hand, with the growing accessibility
of smartphones and internet services among youth, digital
technol ogi es have become a dominant force to shape their sexual
behaviors [10,11]. It is more convenient for young people to
meet sexua partners, including casual, one-night, and
anonymous partners, through web-based platforms, dating apps,
and socia networking sites[12,13], which further increasesthe
likelihood of having unprotected sex frequency [14]. While
digital technologies have facilitated riskier sexual behaviors
among youth, they also create opportunities for DHIs that
leverage young peoplée’s existing online engagement patterns
and preferences [15-19].

Accumulating evidence suggests that DHIs can improve
HIV-related knowledge, risk perception, prevention intentions,
and behavioral outcomes among youth [20], with the types of
DHIs including mobile apps, text messaging, online videos,
social media platforms, and interactive websites [21-23]. A
stage-based computer-delivered intervention, for example,
targeting heterosexual young men demonstrated significant
improvementsin condom use intention and subseguent condom
use behavior [24]. Similarly, a study evaluating a social
media-based intervention via Facebook reported a23% increase
in condom use and a 54% reduction in chlamydia incidence
among adolescents [25]. In contrast, a large (randomized
controlled trial (RCT) delivering sexua health promotion via
SMS and email enhanced sexually transmitted infection (STI1)
knowledge and testing uptake, particularly among women, but
showed no significant impact on condom use [26]. Another
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study reported that intervention based on a peer-led safer-sex
Facebook group for Chinese college students found no
significant change in contraceptive use intention or frequency
[27]. Similarly, asocia media-based crowdsourced HIV testing
intervention among youth did not increase facility-based HIV
testing, condom use, or syphilistesting [28]. Therefore, different
typesof DHIsmay differentially affect sexual health outcomes,
yet existing trials rarely distinguish the relative effectiveness
of each DHI modality. Clarifying which intervention types are
most effective for specific behavioral and biological outcomes
is essential for optimizing digital HIV prevention strategies
among youth [7,29].

In addition, several systematic reviews (SRs) have synthesized
the evidence on DHIs for HIV prevention, but important
limitations remain. Some SRs are purely descriptive, lacking
quantitative synthesis [22,30-32]. Other reviews have focused
narrowly on specific DHI types (eg, social mediaor telehealth)
[33,34], or havefailed to examine key behavioral outcomeslike
condom use [35,36]. In addition, traditional meta-analyses are
constrained to pairwise comparisons [37], leaving uncertainty
about which types of DHIs are most effective in head-to-head
comparisons [30]. To address these knowledge gaps, we
conducted a SR and network meta-analysis (NMA) to evaluate
and compare the effectiveness of different DHIs in promoting
safer sex behaviors among youth. The study aimed to: (1)
identify the most effective types of DHIsin promoting safe sex
among youth; (2) construct a network-based ranking of
intervention effectiveness; and (3) inform the design of scalable,
evidence-based digital health programs for HIV prevention
among youth.

Methods

Overview

This SR and NMA follow the Preferred Reporting Items for
Systematic reviews and Meta-Anayses (PRISMA-NMA)
guidelines [38]. The completed PRISMA-NMA checklist is
provided in Checklist 1. The protocol for this study has been
registered with PROSPERO (CRD42024527317).

Eligibility Criteria
Types of Population

Studies were eligiblefor inclusion if they involved participants
aged 15 - 24 years or if at least half of the participants were
within this age range. Those that did not report, or for which
data could not be extracted, for this specific age group were
excluded.

Types of I nterventions and Comparison

The interventions included in this review were DHIs, which
were defined in accordance with the World Health
Organization’s broad definition of digital health technologies
[9]. For the purpose of this review, the included DHIs were
further classified into four mutually exclusive categories based
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on their delivery modes and characteristics: (1) mobile
app-based interventions (MAIS), (2) telecommuni cation-based
interventions (TCI), (3) static web-based interventions (SWIs),
and (4) interactive online-based interventions. This operational
classification was developed to reflect the interventions
identified in the included studies and to avoid overlap across
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categories. A detailed description of common DHI subcategories
was provided in Table 1; the subcategories of the DHIs were
based on a previous SR [30]. The control group received
nondigital interventions (NDI), referring to traditional
approaches without digital technology, such as face-to-face
counseling, printed materials, or group sessions.

Table. Subcategories of digital health interventions (DHIs) and abbreviations used to classify interventions evaluated.

Subcategories of DHIs Abbreviation

Description

Mobile app—based interventions MAI

TCI

Telecommunication-based intervention

Static web-based interventions

Interactive online-based interventions [o]]

Programs delivered primarily via dedicated
software appsinstalled on smartphonesor tabl ets,
leveraging device features (eg, notifications,
sensors, data storage) to provide interactive
content, personalized feedback, tracking, and
behavior change support.

Interventionsusing traditional telecommunication
methods such as SM Stext messages or telephone
calls. These interventions typically involve
sending reminders, educational messages, or
conducting counseling viaphone communication
without the need for internet-based platforms.

Interventions provided through websites that of -
fer static, noninteractive content. Thismay in-
clude informational pages, downloadable re-
sources, or educationa materialswithout features
for user engagement or real-time feedback.

Interventions delivered viaweb-based platforms
or websites that enable user interaction, such as
quizzes, tailored feedback, chatbots, or real-time
communication with health professionals. These
platforms actively engage users to enhance
learning and behavior change.

Any appropriate comparator group wasincluded, such as usual
care, placebo, no intervention, waitlist, attention control, or
different DHIs. To reduce inconsistency among trials, we
excluded studies that combined non-DHIs with DHIs, unless
the distinction between the intervention and control groups lay
solely in the DHIs. In multi-arm trials, intervention arms
representing the same modality without meaningful differences
in content, intensity, or delivery were considered a single
treatment node for eligibility purposes and later combined
analytically to avoid double-counting.

Outcomes

The primary outcomes were specific condom use behaviors,
defined as follows:

1 Condom Use Rate in the Last Sexual Contact: The
percentage of individuals reporting condom use during their
most recent penetrative sexua act [39].

2. Consigtent Condom Use Rate: The percentage of individuals
reporting consistent condom useduring all their penetrative
sexua acts over the recall period specified in each study
[40].

3. Proportion of Condom Use: The overall proportion of sexual
acts in which a condom was used, calculated as the total
number of times a condom was used divided by the total
number of sexua acts. Unlike the consistent condom use
rate, which measures whether individuals always use a
condom, this indicator captures the frequency of condom
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use across al reported sexual encounters, allowing for
partia or occasional use [41].

The secondary outcomes included (1) self-efficacy for condom
use, measured by the overall mean score on avalidated condom
use self-efficacy scale, such asBrafford and Beck’s [42] condom
use self-efficacy scale, Lawrance et al’s [43] self-efficacy for
HIV prevention scaleand others, (2) number of sexual partners,
and (3) the incidence rate of STls (including HIV). Because
follow-up length varied substantially acrosstrials, weincluded
studiesreporting at |east one postintervention follow-up outcome
and extracted the longest follow-up time point for synthesisto
enhance comparability [44,45].

Types of Studies

Only RCTs were included, including crossover trials and
cluster-randomized trials. Studies using nonrandomized,
quasi-experimental, observational, or qualitative designs were
excluded. Only peer-reviewed articles published in English were
eligible, as non-English or non-peer-reviewed sources lack
sufficient methodological detail for reliable data extraction and
risk-of-bias assessment.

Search Strategy

The search strategy was devel oped and reported in accordance
with the PRISMA-S guideline [46]. Searches for RCTs were
conducted in PubMed (including MEDLINE), EMBASE, Web
of Science, and the Cochrane Library. Searcheswere performed
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through the native interfaces of each database (PubMed via
NCBI, EMBASE via Elsevier, Web of Science via Clarivate,
and Cochrane Library viaWiley). In addition, the referencelists
of relevant SRs were checked to ensure that no eligible trials
were missed.

The search terms were formulated according to the PICOs
framework, including participants or populations, interventions,
outcomes, and types of research design. Both Medical Subject
Headings and free-text terms were included as appropriate.
Boolean operators (“AND,” “OR") were used to combine search
terms, and database-specific search techniques such as
truncation, phrase marks, and wildcards were applied. The
complete search terms and algorithm were provided in
Multimedia Appendix 1, and search strategies for the other
databases were adapted accordingly. The search was designed
and executed by 2 reviewers (YZ and WP), who were trained
in SR methodology, and the strategy was cross-checked for
completeness and accuracy.

The literature search was initially conducted on June 13, 2024
and was last updated on November 15, 2025. All retrieved
records were imported into EndNote X9 for citation
management, and duplicates were removed using both
automated and manual deduplication. Additional search methods
included checking the reference lists of the included studies or
relevant SRs. Gray literature was also searched via Google
Scholar, OpenGrey, and ProQuest Dissertations. The search
was limited to studies published in English due to resource
constraints for translation.

Selection Procedure and Data Extraction

Two reviewers (YZ and DH) independently screened the titles
and abstracts against predefined protocol criteria. Full texts
wereretrieved for all potentially eligible studies. When multiple
articles were identified from the same randomized controlled
trial, the most recent or most comprehensive publication was
retained for data extraction. Earlier reports were used to
supplement missing information on study design, intervention
details, or outcomeswhen necessary. Any discrepancies between
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the 2 reviewers were resolved by discussion. If disagreements
persisted, athird reviewer (WP) was invited for adjudication.
At the title and abstract screening stage, we excluded 14,788
records that clearly did not meet the eligibility criteria, most
commonly because of wrong study design (eg, cross-sectional
surveys, qualitative studies, reviews, protocols), wrong
population (non-youth samples), ineligible intervention or
comparator (ie, the difference between study arms did not lie
in the use of aDHI), or an unrelated topic.

Data were extracted using a standardized and piloted form.
Extracted variables included: first author, publication year,
recruitment region, participant characteristics (mean age, SD,
gender distribution), type of intervention and comparator, sample
size per arm, intervention duration, and reported endpoints.
Detailed characteristics of the DHIs were aso extracted to
facilitate subcategorization (Table 1). Further, outcomes and
corresponding measurement methods were recorded, such as
self-reported condom use and validated self-efficacy scales.

When outcome data were incomplete or unclear, study authors
were contacted by email for clarification; trials with essential
missing data were excluded from the quantitative synthesis and
documented in Multimedia Appendix 2. All eligible studies
were included in the SR, and only studies with usable and
connected outcome data were included in the NMA.

Risk of Bias Assessment

The methodological quality of the included studies was
independently assessed by 2 reviewers (YZ and WP), with
disagreements resolved by athird reviewer (CZ). Risk of bias
was evaluated using version 2 of the Cochrane risk of bias 2
tool (RoB 2) for randomized trials[47]. For each domain, studies
were rated as having “low risk,” “some concerns,” or “high
risk” of biasaccording to the Cochrane Handbook (version 6.5)
[48]. Domain-level risk of bias judgments for each trial are
summarized in Figure 1, with extended graphs and contribution
matrices provided in Multimedia Appendix 3. The reference
list of included studiesis provided in Multimedia Appendix 4
[26,49-71].
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Figure 1. Risk of bias assessment of included randomized controlled trials using Cochrane Risk of Bias 2 tool [26,49-71].
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Because blinding was generaly not feasible for these
nonpharmacological interventions, many trials were judged at
high risk of bias in the domain of deviations from intended
interventions [72,73]. As this limitation was expected and
unlikely to influence objectively measured outcomes, we did
not consider thisdomain when grading the certainty of evidence.
The overall certainty of evidence was determined using the
CINeMA (Confidencein NMA) web application, whichisbased
on the GRADE framework [ 74,75]. In addition, we constructed
GRADE “Summary of Findings’ tables using the officia
template provided by the GRADE Working Group to summarize
the key relative and absolute effects and certainty ratings for
the primary outcomes (Multimedia Appendix 3).

RoB 2 assessments were incorporated into the interpretation of
NMA findings and into the GRADE/CINeMA evaluation of
certainty, but they were not used to weight studies in the
statistical synthesis.

Statistical Analysis

Geometry of the Evidence Network

We examined the geometry of thetreatment network by mapping
each trial arm to one of the predefined intervention nodes and
summarizing the pattern of direct comparisons. A network plot
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was generated to visually depict the evidence base, with node
size proportional to the number of randomized participants and
edge thickness reflecting the number of trials informing each
comparison. We further assessed potential network-related
biases by identifying sparse nodes, single-study comparisons,
and imbalance in the distribution of direct evidence.

Model Specification and Synthesis Methods

Model convergence was assessed through Markov Chain Monte
Carlo diagnostics, including the Gelman-Rubin potential scale
reduction factor and inspection of leverage plots. The number
of adaptation iterations, burn-in period, and total iterationswere
set to ensure adequate mixing and convergence. Effect estimates
were expressed as pooled odds ratios (ORs) and 95% credible
intervals (Crls), which served asthe primary summary measure
for all dichotomous outcomes.

Bayesian NM Aswere conducted using the R package BUGet
to compare the effectiveness of 4 subcategories of DHIs and
control groups. Binomial likelihood models with a logit link
function were gpecified, and both fixed-effect and
random-effects consistency models were fitted. Given
anticipated clinical heterogeneity, random-effects modelswere
treated as primary, with fixed-effect models used in sensitivity
analyses. Noninformative priors were assigned to treatment
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effects and heterogeneity parameters to minimize prior
influence. Model fit and parsimony were evaluated using the
deviance information criterion (DIC), with lower values
indicating better fit.

To evaluate the transitivity assumption, we compared mean age,
sex distribution, intervention intensity, and follow-up duration
across treatment comparisons. We further restricted inclusion
totrialsinwhich=50% of participantswereaged 15 - 24 years,
excluded trials in which nondigital components were offered
only to one arm, and extracted outcomes at the longest reported
follow-up to harmonize follow-up time. These design and
population characteristics showed broadly overlapping ranges
across interventions and no systematic differences between
comparisons, so transitivity was judged plausible. Forest plots
of posterior ORswith 95% Crlsfrom the Bayesian consistency
model were generated to summarize the magnitude and
uncertainty of estimated treatment effects.

To complement these Bayesian estimates and quantify
uncertainty in effects that might be observed in new settings,
we also performed frequentist random-effects NMAs using the
netmeta package in R, specifying NDI as the reference group
[76]. For each outcome, we estimated ORs and 95% Cls for
each intervention versus NDI and derived 95% prediction
intervals (PIs) by combining the average treatment effect with
between-study  heterogeneity, in line with recent
recommendations that NM As should routinely report Plswhen
heterogeneity is present [77].

Assessment of | nconsistency and Heterogeneity

Consistency between direct and indirect evidence was assessed
by comparing the DIC between consistency and inconsi stency
models. A substantially lower DIC in the consistency model
indicated acceptable agreement between sources of evidence.
Due to the limited number of included studies, we did not
formally investigate small-study effects (eg, using funnel plots
or Egger’sregression test), which are typically used to explore
potential publication biasasone of severa possible explanations
for such effects. Selective outcome reporting could not be
formally assessed due to insufficient reporting in the included
trials, however, the potential for selective reporting was
considered when interpreting the cumul ative evidence. Because
the number of studiesinforming most comparisonswaslimited,
local inconsistency (eg, node-splitting) could not be reliably
assessed; in the presence of any potential inconsistency, we
planned to explore differences in study characteristics and
reassess the plausibility of the transitivity assumption.

Handling of Multi-Arm Trials and Node Merging

For multi-arm trials, if 2 or more arms delivered essentially the
same intervention category (eg, different versions of the same
SWI content without meaningful variationin delivery or timing),
we merged these arms by summing the number of events and
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participants. Thisensured that each intervention was represented
by a single node in the network and avoided duplicate
contributions from the same trial [78].

Ranking of I nterventions

Ranking probabilities and surface under the cumulative ranking
curve (SUCRA) were computed to summarize the relative
effectiveness of each intervention across the posterior
distribution. Rankograms and cumulative ranking plots were
used to visualizeintervention hierarchies, and league tablesand
heatmaps were generated to present pairwise comparisons and
their relative effect estimates. No additional analyses, such as
sensitivity analyses, subgroup analyses, or meta-regression,
were conducted because the limited number of studies and the
sparse network geometry did not permit reliableimplementation
of these methods. All statistical analyseswere conducted using
R (version 4.3.2; R Foundation for Statistical Computing) with
the gemtc, BUGSNet, and netmeta packages.

Results

Description of Included Studies

From a total of 25,659 records initialy retrieved, 24 RCTs
published between 2004 and 2024 were included in the final
analysis (Figure 2). These studies were conducted across 8
diverse countries, predominantly in the United States (n=14),
with the remainder from China (n=2), the United Kingdom
(n=2), Uganda (n=2), Singapore (n=1), the Netherlands (n=1),
Australia(n=1), and Spain (n=1). Thetrialscollectively enrolled
20,134 participants (range 50 - 6248; mean 838.9, SD 1358.2),
with a mean age of 19.5 years. Overall, 10,228 participants
(53.4%) were male, athough sex composition varied
substantially—some studies enrolled only males [49-51], only
females [52,53], or mixed populations. Of the 24 included
studies, 21 studies weretwo-arm, and 3 studies were multi-arm.
Across the included studies, 6 trials evaluated TCI, 8 assessed
interactive online-based intervention (101), 6 examined MAI,
and 8 investigated SWI. The total number of intervention
approaches (n=28) exceeded the number of included studies
(n=24) because several trialsdirectly compared 2 or more active
interventions (eg, 101 vs SWI) without including a conventional
control group. Intervention durationsranged from brief sessions
lasting 10 - 20 minutes up to 12 months. Follow-up periods
were heterogeneous, spanning from immediate postintervention
assessments to 24 months. Most studies reported outcomes at
3 - 6 months, while only afew provided longer-term follow-up
beyond 12 months. Five studies performed analyses for more
than one time point. To enhance consistency and reduce
potential bias associated with short-term variability, we extracted
outcomes at the longest follow-up time point, thereby facilitating
amore comprehensive eval uation of theintervention’slong-term
effectiveness [44,45].
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Figure 2. Theflow diagram of the literatureease clarify th selection process for randomized controlled trials of digital health interventionsincluded in

this review.
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For condom use at last sexual contact, 4 out of 7 studiesreported
ORs greater than 1, suggesting a possible beneficial effect of
the interventions; however, only one trial [54] showed a clear
statistical  significance (OR 1.13, 95% CI 1.01 - 1.25).
Regarding consistent condom use, 6 of 11 studies showed ORs
above 1, with substantial heterogeneity; one study reported a
very large effect (OR 4.55, 95% CI 1.15 - 17.95) [55]. For the
proportion of condom use, 5 out of 6 trials reported ORs above
1, suggesting a tendency towards higher condom use in the
intervention groups; however, Clswerewide and often included

https://www.jmir.org/2026/1/e87071

the null (overall OR range 0.48 - 2.43), indicating that the
evidence for this outcome is imprecise. Finaly, for STls
incidence, including HIV, effects varied substantially across 7
trials, with ORs ranging from 0.53 to 2.10. Four of the 7 trials
had point estimates below 1 [49,50,53,79], and 3 trialshad 95%
Cl that excluded 1 [49,56,57], indicating heterogeneous and
partly conflicting evidence for this outcome. These results
summarized the observed effects acrosstrials, highlighting that
effect estimates varied considerably across outcomes and
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studies. The characteristics and effect estimates of theincluded  studies were summarized in Table 2.
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Table. Study characteristics and effect estimates of the included trials.
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"The included studies did not report SD values for these mean estimates, and the SDs cannot be derived from the available information.

Risk-of-bias assessments using the RoB 2 tool are summarized
in Figure 1. Overall, most trials were judged to be at low risk
of bias for the randomization process, outcome measurement,
and selection of the reported result. However, a substantial
minority of studies had some concerns or high risk of biasin at
least one domain, most frequently for deviations from the
intended interventions and missing outcome data. Consequently,
several trials were rated as having some concerns or a high
overall risk of bias.

Although condom use self-efficacy and number of sexua
partners were prespecified as secondary outcomes, too few
studies reported these measures to alow meta-analysis. Only
one trial evaluated condom use self-efficacy. In Rinehart et al
[66], this construct was assessed using 3 items devel oped within
the Health Belief Model (range O - 12; Cronbach a=0.72). At
the 3rd month, the intervention group reported significantly
higher self-efficacy scoresthan the control group (7.38 vs 6.68;
P=.04), but this difference was no longer significant at the 6th
month (7.39 vs 6.99; P=.20). Two trials reported on the number
of sexual partners. In Shafii et a [79], participants in the
intervention arm reported a 29% reduction in the number of
sexual partners at follow-up, athough the effect did not reach
statistical significance (IRR 0.71, 95% CI 0.50 - 1.03, P=.07).
Changes in the control group were not reported. By contrast,
Free et al [54] examined the proportion of participants reporting
2 or more sexual partners over 12 months. At one year, this
outcome was reported by 56.9% of intervention participants
compared with 54.8% of controls (OR 1.11, 95% ClI 1.00 - 1.24,
P=.06). Overal, the evidence on the impact of digital

https://www.jmir.org/2026/1/e87071

interventions on the number of sexual partners remains limited
and inconsistent.

Results of Network Meta-Analysis

Overview

A total of 24 RCTs were included to evaluate the comparative
effectiveness among 5 intervention types—4 DHIs (TCl, 10I,
MAI, and SWI) and NDI—acrossthe four analyzable outcomes:
(1) condom use at last sexual contact, (2) consistent condom
use, (3) overall proportion of condom use, and (4) incidence of
STls(including HIV). The remaining 2 outcomes of self-efficacy
were excluded due to insufficient network connectivity. The
network structures for each outcome were shown in Figure 3,
where the thickness of the lines was proportional to the number
of comparisons, and the size of the nodes reflected the number
of studies involving each intervention. Across outcomes, the
treatment network was dominated by comparisons of each DHI
category versus NDI, whereas head-to-head trials comparing
different DHIswererare. Several DHI-DHI contrasts and some
STI outcomes were informed by only one or two small trials,
and self-efficacy outcomes formed disconnected subnetworks.
Thus, the network geometry was relatively sparse and heavily
anchored on NDI, implying that several treatment rankingsrely
mainly on indirect evidence. The indirect comparative
effectiveness of DHIswas summarized in Multimedia A ppendix
5. Forest plots of posterior ORs with 95% Crls for each
intervention versus NDI across all 4 outcomes are provided in
Multimedia Appendix 6.
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Figure 3. Network structure diagrams for randomized controlled trials of digital health interventions among youth, by outcome: (A) Condom use rate
in the last sexua contact; (B) Consistent condom use rate; (C) Proportion of condom use; (D) The incidence rate of sexually transmitted infections
(including HIV). The thicknesses of the lines were proportional to the number of comparisons; the diameters of the circles were proportiona to the
number of treatments. 10I: interactive online-based intervention; MAI: mobile app-based intervention; NDI: nondigital intervention; SWI: static

web-based intervention; TCI: telecommunication-based intervention.
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In the complementary frequentist random-effects NMAS, point
estimates and 95% Cl s for each intervention versus NDI were
broadly consistent with the Bayesian results (Multimedia
Appendix 7). Across al 4 outcomes, 95% PIs were noticeably
wider than the corresponding Cls and frequently included the
null value, even when the average effects suggested benefit.
For example, for condom use at last sexual contact and for
consistent condom use, TCI, 10l, and MAI tended to favor
improved condom use versus NDI, but their Pls indicated that
future trials conducted in different settings could plausibly
observe smaller benefits or no clear difference from NDI.
Similar patterns were observed for the proportion of
condom-protected acts and for STI incidence, highlighting that
between-study heterogeneity and contextual differences may
lead to substantial variability in the effects realized in new
populations.
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Condom Use Rate in the Last Sexual Contact

Seven studies involving 4 DHIs with a total of 10,285
participants were included in the analysis of condom use at last
sexual contact. The random-effects consistency model was
selected based on model fit, as it showed comparable DIC and
residual deviance valuesto the inconsistency model, indicating
no substantial inconsistency. Among the interventions, only
TCI showed a statistically significant improvement compared
with NDI (OR 1.13, 95% Crl 1.02 - 1.26). Although MAI had
the highest SUCRA value (83.44%) and was most likely to rank
first (65.61%), its effect was not statistically significant. The
rank probabilities for all interventions were summarized in
Table 3A and illustrated in Figures 4 and 5, showing the
descending order of MAI, TCI, NDI, and 10l. As shown in
Multimedia Appendix 6, TCl wasthe only intervention with its
95% Crl entirely to theright of the line of no effect, suggesting
amodest but relatively certain increase in condom use at last
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sex compared with NDI. 10Ol and MAI showed point estimates  from NDI.
on either side of 1 withwide Crls, indicating no clear difference

Table . Rank probabilities and surface under the cumulative ranking curve (SUCRA) values for digital health intervention categories in the network
meta-analysis of randomized controlled trials assessing sexual health outcomes among youth.

Rank 101 MAI NDI SWiI TCI

(A) rank probability of condom use rate in the last sexual contact

1 5.76 65.61 0.05 _a 28.58
2 12.02 87.34 8.58 — 92.05
3 20.34 97.38 82.46 — 99.82
4 100 100 100 — 100

SUCRA 12.71 83.44 30.36 — 73.48

(B) Rank probability of consistent condom use rate

1 33.07 4.59 0.54 61.09 0.7

2 90.77 10.95 3.35 92.76 2.16
3 97.78 41.8 52.43 97.71 10.27
4 99.59 77.38 94.65 99.5 28.87
5 100 99.99 99.99 100 100
SUCRA 80.3 33.68 37.74 87.77 10.5

(C) Rank probability of proportion of condom use

1 12.6 69.18 0.8 0.04 17.39
2 65.17 88.68 6.82 2.82 36.53
3 92.3 94.87 24.8 37.75 50.31
4 99.3 97.89 65.6 74.13 63.11
5 100 100 100 100 100

SUCRA 67.34 87.66 24.5 28.68 41.84

(D) Rank probability of the incidence rate of STls (including HIV)

1 0.38 — 91.78 0.04 7.81
2 7 — 99.95 0.43 92.63
3 95.79 — 100 45 99.72
4 100 — 100 100 100
SUCRA 34.39 — 97.25 1.66 66.72
8ot available.
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Figure 4. Rank of probabilities of digital health intervention categories in the network meta-analysis of randomized controlled trials ng sexual
health outcomes among youth: (A) Condom use ratein the last sexual contact; (B) Consistent condom use rate; (C) Proportion of condom use; (D) The
incidence rate of sexually transmitted infections (including HIV). Stacked bars show the probability that each digital health intervention category
occupies each possible rank (from best to worst).
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Figure5. Cumulative rank plot for digital health intervention categories in the network meta-analysis of randomized controlled trials assessing sexual
health outcomes among youth: (A) Condom use rate in the last sexual contact; (B) Consistent condom use rate; (C) Proportion of condom use; (D) The
incidence rate of sexually transmitted infections (including HIV). Lines represent the cumul ative probability of each digital health intervention category
being ranked at or above each position.
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Consistent Condom Use Rate

Eleven studies involving al 5 DHIs with a total of 4881
participantswereincluded in the analysis of consistent condom
use. A random-effects consistency model was selected based
on a dlightly better model fit (DIC=39.49 vs 41.17) and no
substantial evidence of inconsistency. Both SWI and 101 were
significantly more effective than TCI (SWI vs TCI: OR 1.77,
95% Crl 1.03-3.06; 10l vs TCl: OR 1.68, 95% Cirl
1.02 - 2.76). SWI had the highest probability of being the most
effective intervention (SUCRA=87.77%), followed by 10l
(80.3%). TCI ranked the lowest (10.5%), while MAI and NDI
showed moderate effectiveness. The ranking probabilitieswere
summarized in Table 3B and visualized in Figures 3B and 4B.
Multimedia Appendix 6 shows that IOl and SWI had posterior
ORsabove 1, implying atendency toward improved consistent
condom use, whereas MAI and TCl showed ORs close to or
below 1. However, all Crls crossed 1, suggesting that these
differences were uncertain.

Proportion of Condom Use

Six studies involving 5 DHIs with a total of 2048 participants
were included in the analysis of the proportion of condom use.
Giventhedightly lower DIC (22.45 vs22.83) and similar model
complexity and fit, the consistency model was deemed
preferable. Only 10l showed a statistically significant
improvement compared with SWI (OR 1.34, 95% Cirl
1.01 - 1.80). Regarding the ranking probabilities (Table 3C),
MAI had the highest probability of being the most effective
intervention  (SUCRA=87.66%), followed by 10l
(SUCRA=67.34%). In contrast, NDI (SUCRA=24.5%) and
SWI (SUCRA=28.68%) ranked relatively low. Thedistribution
of rank probabilities was presented in Table 3C and visualized
in Figures3C and 4C. In Appendix 4C, al interventions showed
ORs >1 relative to NDI, with MAI and 10l having the largest
point estimates. Nevertheless, the Crls were wide and crossed
1, indicating that athough the direction of effect generally
favored digital interventions, the precision of the estimates was
limited.

The Incidence Rate of STls (Including HIV)

Seven studiesinvolving 4 DHIsand atotal of 14,966 participants
were included in the analysis of STls incidence. NDI was
significantly more effective than 10l (OR 0.78, 95% Cirl
0.65 - 0.93) and SWI (OR 0.61, 95% Crl 0.46 - 0.82), while
TCI aso showed a significant advantage over SWI (OR 0.67,
95% Crl 0.49 - 0.92). Based on rank probabilitiesand SUCRA
values, NDI had the highest likelihood of being the most
effective intervention (91.78% probability of ranking first;
SUCRA=97.25%), followed by TCI (7.81%; SUCRA=66.72%).
IOl and SWI had considerably lower rankings, with SUCRA
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values of 34.39% and 1.66%, respectively. Table 3D summarizes
the intervention rankings, and Figures 3D and 4D illustrate the
rank probability and cumulative ranking plots. Multimedia
Appendix 6 displays ORs >1 for 10l, SWI, and TCI compared
with NDI, and all Crislieentirely to theright of 1. This pattern
suggests that these digital interventions were associated with
equal or higher STI incidence, with SWI showing the highest
point estimate.

Consistency and Visualization

For all 4 outcomes, consistency between direct and indirect
comparisonswas assessed by comparing the DIC va ues between
the consistency and inconsistency models. Inall cases, the DIC
differences were less than 5, indicating no evidence of global
inconsistency (Multimedia Appendix 8). In complementary
frequentist random-effects NMAs conducted with the netmeta
packagein R, we estimated ORswith 95% Clsand 95% PIsfor
each intervention versus NDI for al 4 outcomes (Multimedia
Appendix 7). Across outcomes, Pls were wider than the
corresponding Cls and frequently crossed the null, indicating
substantial uncertainty in the effects that might be observed in
future implementation settings despite the direction of the
average effects.

Strength of Evidence

All of these enrolled studies were RCTSs, and the quality of
evidence was eval uated by the Cochrane Handbook and graded
each potential source of bias as low, high, or some concerns;
the details were displayed in Figure 1. We assessed confidence
in the results of the NMA using the CINeMA framework. Of
the 4 outcomes analyzed, only “consistent condom use” met
the criteriafor CINeMA assessment. The remaining outcomes
were excluded due to insufficient numbers of studies or
disconnected network structures. For consistent condom use,
certainty of evidence was mainly downgraded for within-study
bias and imprecision, resulting in overall ratings of “low” to
“very low” confidence. Among the 10 comparisons, 1 (10%)
was rated as “very low” and 9 (90%) as “low” certainty. For
condom use at last sex, the proportion of condom-protected
acts, and STI incidence, the certainty of evidence is less well
characterized, but given the sparse data, risk of bias, and wide
intervals, these estimates should similarly be interpreted aslow
certainty. A detailed summary of risk-of-bias judgements,
CINeMA assessments, and the corresponding GRADE
“Summary of Findings” information for each primary outcome
is provided in Figure 1 and Table 4, with full GRADE
“Summary of Findings’ tables formatted according to the
GRADE Working Group template available in Multimedia
Appendix 3 to aid interpretation of the magnitude and certainty
of the main comparisons.
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Table. Summary of confidence in the evidence for consistent condom use, assessed using Confidence in Network Meta-Analysis and GRADE.

Comparison Number of  Within-study Reporting Indirectness Imprecision Heterogene- Incoherence Overdl confi- Reasons for
studies bias bias ity dencerating downgrading
(GRADE)
|oI'NDI2P 3 Major con-  Low risk No concerns  Major con-  No concerns  No concerns  Very low Within -
cerns cerns study bias
and impreci-
sion
101:SWIC 1 No concerns  Low risk No concerns Mgjor con-  No concerns No concerns  Low Imprecision
cerns only
MAI:NDId 2 Somecon-  Low risk No concerns  Major con-  No concerns  No concerns  Low Within -
cerns cerns study bias
and impreci-
sion
NDI:SWI 2 Somecon-  Low risk No concerns Mgjor con-  No concerns No concerns  Low Within -
cerns cerns study bias
and impreci-
sion
NDI:TCI®E 3 Somecon-  Low risk No concerns  Major con-  No concerns  No concerns  Low Within -
cerns cerns study bias
and impreci-
sion

40l interactive online-based intervention.
ONDI: nondigital intervention.

CSWI: static web-based intervention.

dMALI: mobile app-based intervention.

®TCl: telecommunication-based intervention.

Discussion

Principal Findings

To the best of our knowledge, this is the firss NMA to
systematically evaluate the comparative effectiveness of
different modalities of DHIs on promoting safer sexual
behaviors among youth. By simultaneously examining 4 distinct
digitae modalities and 3 behavioral outcomes, and by
incorporating STI incidence (including HIV) as a biological
endpoint, this review expands the current evidence base and
clarifieswhich intervention types are better suited for immediate
versus sustained behavior change, and highlights the gap
between improvements in self-reported safer behaviors and
reductionsin biological HIV/STI infection. Drawing upon data
from 24 RCTs across diverse contexts, our findings offer
comprehensive insights to inform future development,
optimization, and implementation of DHIs in HIV/STIs
prevention, underscore the need for designing multimodal,
context-aware digital interventions that integrate behavioral
support with access to testing and care services, and provide
practical considerations for policymakers, program designers,
and digital platform devel operswho seek to tailor DHIsto youth
populations.

Across outcomes, between-study heterogeneity and statistical
inconsistency were generally low to moderate, and the network
satisfied the assumptions of transitivity and global consistency.
However, most comparisons were informed by asmall number
of trials, many of which had some concerns or a high risk of
bias in at least one RoB 2 domain. The complementary

https://www.jmir.org/2026/1/e87071

frequentist NMAs showed that 95% Pls were typically wide
and often crossed the null, even when average effects appeared
beneficial. Consistent condom use was the only outcome that
met CINeMA requirements, and all network comparisons for
this outcome were rated as having low or very low certainty.
Together, these features suggest that our estimates reflect
uncertain average effects rather than precise predictions for
specific programs or settings. These patterns of risk of bias,
particularly deviationsfrom intended interventions and missing
outcome data, may have led to overestimation of some
intervention effects or increased uncertainty in the network
estimates and contributed to downgrading the certainty of
evidencein our GRADE/CINeMA assessment.

In assessing condom use at the last sexual encounter, TCI
emerged as the only approach showing statistically significant
improvement compared with NDI. Thisfinding alignswith prior
studies reporting absolute increases in condom use among
participants receiving SM S or phone-based reminders[80]. The
relatively stronger performance of TCl may be attributable to
its simplicity and immediacy, directly prompting protective
behaviors without requiring advanced digital literacy or
prolonged engagement [81]. Previous evidence has also
highlighted TCI as one of the more acceptable and widely used
forms of digital intervention among young people [30]. Thus,
TClsmay offer an immediate behavioral benefit, especially for
outcomes tied to the most recent sexual event. Interestingly,
while MAI ranked highest in SUCRA probability, its effect did
not reach significance, suggesting incons stency between ranking
and statistical evidence. This discrepancy could stem from
limited trial numbers, variability in app engagement, or short
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intervention duration, which may have constrained the power
to detect statistical changes. However, this apparent benefit of
TCI isbased on afew trials with some concerns or high risk of
bias, and the wide Pls suggest that similar effects may not be
consistently achievable in all implementation settings.

In this study, consistent condom use is improved more
effectively by SWI and IOl than by TCI, with SWI ranking the
highest. Thisfinding aligns with prior evidence indicating that
web-based and online interventions contributed to asubstantial
proportion of effective digital interventions [21,30]. First, that
SWI outperformed 10l may seem counterintuitive, given the
absence of interactive features. However, SWI could deliver
standardized, theory-based content in a less distracting,
user-driven format, alowing youth to process key prevention
messages at their own pace. Moreover, while the 10Isincluded
in this review are mostly delivered via computers or tablets,
SWIs—though static—are often accessible on smartphones or
distributed through popular platforms such as Facebook or
WeChat with text, images, or videos [82]. This accessibility
and portability may explain why SWI demonstrates stronger
effects on consistent condom use. Second, TCl wasless effective
than both SWI and 10l for improving consistent condom use.
Previous studies have suggested that TCI, especially SM S-based
reminders, remain controversial in terms of their long-term
effectiveness for HIV prevention behaviors [83]. Therefore,
although TCI can effectively prompt immediate behaviors, its
brief and repetitive messages may lack the depth and
reinforcement required to sustain consistent condom use over
time. Nevertheless, most trial s contributing to this outcome had
some concerns or high risk of bias, and CINeMA rated the
certainty of these network estimates as low to very low, so the
apparent superiority of SWI and 10l should be considered
tentative.

When examining the proportion of condom use, 10l
demonstrated a significant advantage over SWI, indicating the
added value of interactive engagement. This aligns with prior
evidence showing that increases in condom use were
significantly associated with the use of tailored strategies[21],
feedback provision, and guided navigation in digita
interventions. Unlike static websites, |Ols integrated tailored
feedback, quizzes, or real-time support, which represent core
behavior change techniques such as personalized feedback,
problem-solving, and self-regulation strategies[84]. These core
behavioral change techniques are particularly effective in
influencing situational decisions and negotiations during sexual
encounters, thereby enhancing the overall proportion of condom
use [85,86]. In other words, consistent condom use reflects the
internalization of long-term protective norms, and it could be
reinforced by standardized and less distracting formats like
SWI, while the proportion of condom use is more sensitive to
moment-to-moment decision-making. This divergence in
findings—SWI being more effective for consistent use, while
IOl excels in overal proportion—highlights that different
behavioral outcomes may respond to distinct mechanisms of
action. Besides, the evolution of technology-based intervention
modes has gradually expanded from web-based formatsto SMS
and socia media[87-89]. Thistrend further supportsthe notion
that while static formats may effectively reinforce long-term
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norms, interactive platforms provide additional advantages for
immediate behavioral decisions during sexual encounters. Yet
the Crls and PIs for this outcome were wide and frequently
included the null, indicating considerable heterogeneity and
imprecision and implying that any average benefit in the
proportion of condom-protected acts may not trandateinto clear
improvements in every context.

Unlike the behavioral outcomes, the effectiveness of DHIs on
reducing ST infection revealsadifferent pattern: NDI and TCI
performed more favorably, while 10l and SWI ranked lowest.
This finding contrasts with prior studies showing that digital
interventions can improve HIV/STI care engagement, such as
testing uptake or service use [90-92], highlighting that
improvements in care engagement do not necessarily translate
into reductions in biological outcomes like STI incidence.
Several factors may explain this inconsistency. First, STI
incidencerepresentsadistal biological endpoint that may require
longer follow-up to capture meaningful reductions, and
improvements in self-reported behaviors, such as condom use,
may not directly trandate into biological protection due to
reporting bias or inconsistent application in high-risk contexts.
Second, reductions in STI incidence depend not only on safer
behaviors but also on timely testing, treatment, and linkage to
care. However, evidence shows that stigma related to gender
identity, socioeconomic status, race, and ethnicity can delay
care-seeking and discourage individuals from accessing
necessary services [93]. Nondigital approaches, such as
community outreach or peer education programs, often combine
behavioral education with direct accessto services such as ST
testing, treatment linkage, and ongoing support from trained
staff or peers, which can directly impact biological outcomes.
In contrast, many DHIs focus primarily on education and
motivation, without providing structured access to testing or
clinical care. Additionally, NDIs may facilitate stronger trust
and engagement through in-person interactions, which can
overcome barriers related to stigma, confidentiality concerns,
or digital literacy limitations. Therefore, while DHIs can
effectively change self-reported behaviors, the integrated,
multi-component structure of NDIs may explain their relative
advantage in reducing actual STI incidence (including HIV).
Besides, in this study, TCI is the only digital intervention
showing arelatively favorable effect on reducing STI incidence,
second only to NDI. Prior studies have demonstrated that TCI
can facilitate access to HIV prevention services for youth and
achieve high patient and provider satisfaction [93,94]. By
providing acomfortable, judgment-free platform, telemedicine
may be particularly preferred by marginalized populations,
especialy transgender youth [95,96]. Given the small and
heterogeneous evidence base, important risks of biasin several
trials, and wide PIs, these findings on ST1 incidence should be
regarded as exploratory and hypothesis-generating rather than
definitive.

Our use of PIsfurther illustrates the extent to which the observed
benefits of DHIs may vary across settings. For most
comparisons, the 95% Plswere wide and often crossed the null
value, even where the corresponding credible or Cls suggested
modest advantages over NDI. This pattern indicates that,
although certain DHI modalities tend to improve condom use
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on average, implementation in new populations or health
systems may yield smaller effects or no clear benefit,
underscoring the need for careful adaptation, monitoring, and
evaluation when scaling up digital prevention programs.

Implications

These findings have several implications. Firgt, the differential
effectiveness of DHIs suggests tailoring intervention types to
targeted outcomes. TCI showed immediate benefitsfor condom
use at last sexual contact and a relative advantage for STI
incidence, indicating that simple, low-burden interventions may
prompt rapid behavior change and reach marginalized youth.
In contrast, SWI and IOl were more effective for consistent and
habitual condom use, highlighting the value of self-paced
content and behavior change techniquesthat enhance motivation
and self-regulation. Multi-modal approaches combining these
strengths may maximize overall effectiveness. Second, DHIs
alone may be insufficient to reduce STI incidence. Biological
outcomes require longer follow-up, and self-reported behavior
change does not aways trandate to infection reduction.
Integrating DHIs with offline services, such as condom
distribution, PrEP promotion, routine testing, and clinical
linkage, islikely necessary to achieve meaningful improvements.
Third, these results have implications for intervention design
and digital health policy. When targeting youth populations,
accessibility, acceptability, and engagement should be
prioritized. For example, interventions delivered via mobile
platforms or telecommunication may overcome barriersrelated
to stigma or limited digital literacy, while interactive online
content can leverage BCTs to support skill acquisition and
habitual behavior change. Intervention planners should also
consider the balance between immediacy and sustainability of
effects: brief, repeated prompts may driveimmediate behavior,
whereas structured, self-paced content may reinforce long-term
habits.

Limitations

Several limitations of this study should be noted. First,
substantial clinica and methodological heterogeneity across
trials—including differences in intervention intensity and
duration, digital platforms, follow-up periods, and outcome
definitions—may have contributed to between-study
heterogeneity and could challenge the transitivity assumption
underpinning some indirect comparisonsin the NMA.. Second,
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werestricted inclusion to randomized, prevention-focused DHIs
among HIV-negative or status-unknown youth and excluded
nonrandomized studies and trials targeting HIV-positive
adol escents; the findings may therefore not generalize to these
subgroups or to broader digital programs. Third, al behavioral
outcomes relied on self-report, and secondary outcomes such
as self-efficacy and number of sexual partnersweretoo sparsely
and inconsistently reported to be synthesized, limiting our ability
to evaluate the broader psychosocial impact of DHIs beyond
condom use. Fourth, the number of trials assessing certain
interventions, particularly MAI, waslimited, which may reduce
statistical power and the precision of effect estimates. Fifth, we
were unableto formally assess small-study or publication bias,
and selective nonpublication or outcome reporting cannot be
ruled out. Finally, most network comparisons wererated aslow
or very low certainty because of within-study bias and
imprecision, and PIs, estimated using standard random-effects
methods in netmeta, were wide; the true comparative effects
may therefore differ meaningfully from our estimates,
underscoring the need for rigorous, adequately powered RCTs
with standardized outcomes and longer follow-up.

Conclusions

In conclusion, this NMA provides the most comprehensive
synthesis to date on the comparative effectiveness of DHIs in
promoting safer sexual behaviors among youth. This NMA
highlights that the effectiveness of DHIs for HIV prevention
among youth depends on both intervention modality and targeted
outcomes. While DHIs can enhance knowledge and protective
behaviors, their impact on biological endpointsremainslimited
without integration with offline services and broader structural
support. Tailoring interventions to behavioral targets,
engagement strategies, and contextual factors is essentia to
maximize their potential in promoting youth sexual health. We
hope that these resultswill inform the design of youth-centered
digital prevention programs, guide clinicians and educatorsin
selecting appropriate modalities, and support policymakersand
guideline developersinintegrating digital strategiesinto national
HIV prevention frameworks. Future studies should focus on
the specific characteristics of patients to provide personalized
estimates of comparative effectiveness and individualized
predictions regarding the probability of response to treatment
and of side effects.
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Abstract

Background: Physical frailty and cognitive frailty are increasingly recognized as critical geriatric syndromes among older
adults with diabetes, contributing to adverse outcomes such as disability, hospitalization, and mortality. Early identification of
individuals at high risk is therefore essential for timely prevention and intervention. Although a growing number of prediction
models have been developed for this population, evidence regarding their methodological rigor, predictive performance, and
generalizability remains fragmented.

Objective: Thisstudy aimsto evaluate and characterize existing modelsfor detecting or predicting physical frailty and cognitive
frailty in older adults with diabetes.

Methods: PubMed, Embase, Web of Science, China National Knowledge Infrastructure (CNKI), Wanfang, and VIP databases
were searched from their inception to December 2025. Retrospective, cross-sectional, and prospective studies that devel oped or
validated models predicting frailty or cognitive frailty in older adults with diabetes were included. The Prediction Model Study
Risk Of Bias Assessment Tool (PROBAST) was used to assessrisk of bias and applicability. Random effects meta-analyses using
the Hartung-K napp-Sidik-Jonkman method were conducted to synthesize model performance, including the pooled area under
the receiver operating characteristic curve (AUC). Heterogeneity was explored through subgroup and sensitivity analyses. Small
study effects were evaluated using funnel plots, the Egger test, and the Deeks funnel plot asymmetry test.

Results. A total of 24 studies comprising 32 diagnostic models were included. The overall pooled analysis demonstrated an
AUC of 0.851 (95% CI 0.820 - 0.882) with a95% prediction interval of 0.710 - 0.992, sensitivity of 0.810 (95% CI 0.740 - 0.850),
and specificity of 0.850 (95% CI 0.810 - 0.890). Statistical comparisonsin the modeling approach revealed that logistic regression
models achieved a significantly higher pooled AUC (0.850) compared with machine learning models (0.785; P=.003). Similarly,
retrospective studies demonstrated superior performance, with an AUC of 0.900 compared with 0.843 for cross-sectional studies
(P=.03). Conversely, no significant differences were observed across subgroups stratified by data source (P=.42), patient
characteristics (P=.77), validation methods (P=.16), or specific outcomes (P=.94). The most common predictors identified were
depression, age, and regular exercise; however, al included studies were assessed as having a high risk of bias.

Conclusions: To our knowledge, this review provides the first comprehensive synthesis of models for risk stratification of
physical frailty and cognitivefrailty in older adultswith diabetes. The findingsindicate that existing models demonstrate satisfactory
discrimination; specifically, Cls confirmed arobust average effect, while prediction interval s suggested that performancein future
settings, though variable, is likely to remain acceptable. However, clinical utility is currently constrained by high risk of biasand
limited external validation. Future research must prioritize rigorous, prospective, multicenter studies adhering to standard reporting
guidelines (eg, TRIPOD [Transparent Reporting of a Multivariable Prediction Model for Individual Prognosis or Diagnosis]) to
establish valid, generalizable, and clinically actionable prognostic instruments.

Trial Registration: PROSPERO CRD420251019308; https.//www.crd.york.ac.uk/PROSPERO/view/CRD420251019308
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Introduction

Background

Diabetes mellitus has evolved into one of the most critical global
public health challenges of the 21st century. According to the
International Diabetes Federation (IDF), approximately 589
million adults were living with diabetes globally in 2024, with
projections indicating this number could rise to 853 million by
2050 [1]. In the absence of optimal management, patients with
diabetes are predisposed to micro- and macrovascular
complications that significantly shorten life expectancy [2,3].
Recent data from the Global Burden of Disease study indicate
that the prevalence of diabetes increases with age, reaching
24.4% among individuals aged =75 years [4]. Older adults are
especially vulnerable to diabetes-related complications due to
greater medical complexity and a higher likelihood of frailty
compared with younger populations [5].

Frailty isregarded as a consequence of the decline in function
and reserve of multiple organs with age, particularly involving
the neuromuscular, endocrine, and immune systems[6]. Notably,
frailty is particularly prevalent among patients with diabetes,
with reported prevalence rates ranging from 10.4% to 20.8%
across different studies [7-10]. Furthermore, previous studies
indicated that individual s with diabetes have an approximately
1.6-fold higher risk of developing frailty than those without
diabetes [11]. However, fralty frequently co-occurs with
cognitiveimpairment [12]; their simultaneous presenceistermed
cognitivefrailty, adistinct clinical entity that representsacrucial
subtype of frailty requiring specific attention.

Once established, frailty typicaly follows a progressive
trgjectory, increasing the likelihood of adverse clinical outcomes
such as falls, incontinence, rapid functional decline, pressure
ulcers, and delirium [13-17]. In addition to these risks, frailty
is linked to higher rates of hospitalization, emergency
department visits, prolonged inpatient stays, and mortality
[18,19]. Of particular concernisthat the coexistence of physical
and cognitive impairment further amplifiesthese risks, leading
to greater adverse outcomes [20,21].

Evidence suggests abidirectional relationship between diabetes
and frailty, often creating a cycle where each condition
exacerbatesthe other [22]. The presence of physical or cognitive
frailty introduces significant complexity to diabetes management
[23]. In fral patients, physiological deterioration and
multi-organ  dysfunction ~ fundamentally  ater  the
pharmacokinetics of antihyperglycemic agents[24]. Specificdly,
sarcopenia, increased adiposity, and compromised rena or
hepatic clearance heighten the susceptibility to adverse drug
events, such as hypoglycemia and unintended weight loss.
Additionally, the decreased caloric intake typica of this
population further aggravates the risk of hypoglycemia and
hinders recovery from hypoglycemic events [25,26].

https://www.jmir.org/2026/1/e84617

In recent years, physical frailty and cognitive frailty have been
increasingly conceptualized as dynamic and potentially
preventable or reversible conditions, especially whenidentified
a an ealy stage [27,28]. In patients with diabetes,
nonpharmacological  interventions—including  structured
physical activity, nutritional optimization, and multimodal
strategies—have demonstrated potential benefitsfor mitigating
frailty progression. Consequently, early identification of
individuals at high risk has become a cornerstone of effective
prevention and management strategies. To this end, diagnostic
and prognostic models designed to detect physical or cognitive
frailty integrate multiple demographic, clinical, and psychosocial
factors to estimate an individual’s risk profile. These models
serve to support health care professionals with stratifying risk,
facilitating timely and targeted interventions, and optimizing
the allocation of health care resources.

However, the clinical application of these models may be
hindered due to insufficient evidence regarding their
performance, risk of bias, and applicability in routine practice.
Although individual studies exist, no systematic review hasyet
comprehensively eval uated these modelsfor both physical frailty
and cognitive frailty in older adults with diabetes. Therefore, it
is essential to conduct a systematic review that thoroughly
assesses the methodological quality and clinical applicability
of existing models.

Objectives

The aim of this systematic review and meta-analysis was to
evaluate the methodological quality and clinical utility of
existing models designed for the identification or prediction of
physical frailty and cognitive frailty in older adults with
diabetes. The specific aims included the following: (1) to
determine the characteristics and most frequent predictors of
risk prediction models developed for physica frailty and
cognitive frailty in this population; (2) to analyze the
methodological limitations and risk of bias of these models
using the Prediction Model Study Risk Of Bias Assessment
Tool (PROBAST); and (3) to investigate the pooled predictive
performance of thesetoolsto assesstheir potential for rea-world
clinical implementation.

Methods

Search Strategy and Selection Criteria

This systematic review and meta-analysis was registered on
PROSPERO (CRD420251019308). The study followed the
PRISMA (Preferred Reporting Items for Systematic Reviews
and Meta-Analyses) expanded checklist [29] and the PRISMA
extension for diagnostic test accuracy (PRISMA-DTA) [30],
while the literature search was conducted and reported in
accordance with PRISMA-S (PRISMA Search) [31]. A
comprehensive literature search was conducted across the
PubMed, EMBASE, Web of Science, China National
Knowledge Infrastructure (CNKI), Wanfang, and V1P databases,
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covering records from database inception to December 2025.
We developed the search strategy based on the PITROS
(Participants, Index Test, Target Conditions, Reference
Standard, Outcomes, Settings) framework (Table S1 in
Multimedia Appendix 1). The strategy combined Medical
Subject Headings (MeSH) with free-text terms (Table S2 in
Multimedia Appendix 1). The search strategy wasindependently
evaluated by another librarian in accordance with the PRESS
(Peer Review of Electronic Search Strategies) guidelines. In
addition, references of relevant studies, guidelines, and reviews
were manually searched, and citation tracking was performed
using the Web of Science database to identify other relevant
studies. No study registries were searched.

In clinical settings, prediction encompasses both diagnostic
models (estimating the probability of a particular condition
being present) and prognostic model s (forecasting the likelihood
of future outcomes) [32,33]. This review included all primary
studies describing the development and/or validation of
prediction models, tools, or scores for estimating the risk of
physical frailty or cognitivefrailty in older adultswith diabetes.
The inclusion criteria were (1) participant age =60 years and
presence of diabetes, including diabetes only and diabetes with
other comorbidities or complications; (2) research content
involving the construction of a predictive model for identifying
physical frailty or cognitivefrailty in individuals with diabetes,
(3) retrospective studies, cross-sectional studies, and prospective
studies; and (4) published in English or Chinese. The exclusion
criteriawere (1) duplicate publications; (2) reviews, casereports,
or conference abstracts; (3) literature that could not be obtained
fromthe original text; (4) literature that could not providevalid
data; and (5) studiesin which the model contained only asingle
predictor.

Data Extraction

This study used the reference management software EndNote
X9 to identify and remove duplicate records. We then eliminated
literature unrelated to the research topic by screening titlesand
abstracts. Finally, thefull textswere reviewed to identify studies
satisfying both the inclusion and exclusion criteria. Upon
completion of theliterature screening process, adataextraction
form was devised in accordance with the Checklist for Critical
Appraisal and Data Extraction for Systematic Reviews of
Prediction Modeling Studies (CHARMS) [34]. The contents
included (1) basic information of the study including author,
year of publication, study location, study design, and source of
data used; (2) patient characteristicsincluding sample size and
patient diagnosis; (3) number of predictors, predictor type, most
important predictors, and predictor screening methods; (4) model
characteristicsincluding outcomeindicators, modeling methods,
model verification methods, and missing data processing
methods; (5) model presentation; and (6) model performance
as measured using the area under the curve (AUC), sensitivity,
and specificity. In studies where multiple models were
developed and the best-performing model was explicitly
reported, weincluded the best model inthe analysis. For studies
that reported multiple models without specifying a preferred
one, we selected the model with the highest AUC to represent
the study. We prioritized internally validated estimates, resorting
to development performance or externa validation data only
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when internal estimates were unavailable. For studies with
unclear or incomplete data, attempts were made to contact the
corresponding authors. To ensure the consistency and accuracy
of thefinal data, two researchers (XW and SM) independently
extracted the data, and the extracted results were compared and
checked. Inconsistencies were resol ved through discussion and
consultation, and athird researcher (RG) was asked to assist in
judgment when necessary.

Quality Assessment

Two reviewers independently used PROBAST [35] to appraise
the risk of bias and the applicability of each included study.
Disagreements were resolved by discussion or by consulting a
third reviewer. PROBAST evaluates 4 domains: participants,
predictors, outcome, and analysis. Each domainisrated ashigh,
unclear, or low risk of bias. The applicability evaluation focuses
on the 3 areas of research (subjects, predictors, and results), and
its evaluation processis similar to the risk of bias assessment.

Statistical Analysis

Meta-analyses were conducted using Stata 18 (specifically the
midas and metan commands) and R version 4.3.2 (the metafor
package). Using AUC values derived from models, we
calculated the pooled AUC and produced an AUC forest plot.
An AUC below 0.7 signified inadequate di scrimination, an AUC
ranging from 0.7 to 0.8 denoted moderate discrimination, and
an AUC exceeding 0.8 suggested excellent discrimination [36].
Additionally, models that reported sample sizes and sensitivity
and specificity were extracted. The true positive (TP), false
positive (FP), false negative (FN), and true negative (TN) for
each model were caculated using the formulas
sengitivity=TP/(TP+ FN) and specificity=TN/(FP+ TN). Pooled
sensitivity and pooled specificity were computed based on TP,
FP, FN, and TN, and corresponding forest plots of sensitivity
and specificity were constructed. Subsequently, a summary
receiver operating characteristic curve was generated. The
degree of heterogeneity across the models under consideration
was eval uated using the Q test and measured using the |12 statistic
(where an 12 value <25% signifies low heterogeneity, between
25% and 50% indicates moderate heterogeneity, and >50%
denotes high heterogeneity) [37]. To account for between-study
heterogeneity and provide more robust variance estimation, we
used the Hartung-K napp-Sidik-Jonkman method for arandom
effects meta-analysis on the logit scale [38]. For studies with
significant heterogeneity, subgroup analyses, sensitivity
analyses, or only descriptive analyses were performed. The
presence of small study effects was evaluated using the Egger
test, funnel plots, and the Deeks funnel plot [39]. A P value
<.05 was deemed to indicate statistical significance.

Results

Study Selection

The initial search identified a total of 4873 records. After
removing duplicates, 3124 records remained. Following title
and abstract screening, 88 studies were selected for full-text
review. We could not retrieve 4 studies. During the full-text
assessment, 18 studies were excluded because the study
population did not have diabetes mellitus. Additionally, 16
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studies were excluded because the outcome variable was not
physical frailty or cognitive frailty; 16 were excluded because
they were nonoriginal studies, such as reviews and
meta-analyses; and 10 were excluded due to an inappropriate

Wang et al

study design. Ultimately, 24 studies [40-63] were included in
this meta-analysis. The literature screening process and results
areillustrated in Figure 1.

Figure 1. Literature screening flow chart. CNKI: China National Knowledge Infrastructure.
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Characteristics of Included Studies

The specific characteristics of the included studies are detailed
in Tables 1 and 2. A total of 24 studies reported 32 diagnostic
models for physical frailty and cognitive frailty in older adults
with diabetes. The publication years of these papers spanned
from 2023 to 2025. All the studies were conducted in China
The number of participantsin theincluded studiesranged from
152 to 1436. The prevalence of frailty varied from 10.1% to
51.2%, while that of cognitive frailty ranged from 20.3% to
62.1%. Regarding study design, 21 studies [41-46,48-60,62,63]
used across-sectional design, while 3 were retrospective studies
[40,47,61]. In addition, 18 studies[41-48,50,51,53-59,63] were
conducted at single centers, whereas 6 studies[40,49,52,60-62]
were multicenter studies. In terms of the target population, 7
studies [40-42,57,58,60,61] included al types of diabetes, 14
studies [43,45,47-51,53-56,59,62,63] focused specifically on
patients with type 2 diabetes, and 3 studies [44,46,52] included
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patientswith diabetes and other comorhbidities or complications.
Physical frailty was the primary outcome in 13 studies
[40-42,44,45,51,52,55,57,58,60-62], while the remaining 11
studies [43,46-50,53,54,56,59,63] investigated cognitive frailty.
For frailty screening, 22 studies [40-51,53-57,59-63] used the
Fatigue, Resistance, Ambulation, Illnesses, and L oss of Weight
(FRAIL) scale, while 2 studies [52,58] used the Tilburg Frailty
Indicator. To evaluate cognitive function in the 11 cognitive
frailty studies, the Montreal Cognitive Assessment was the
predominant tool used in 10 studies [43,46-50,53,54,59,63],
whereas the Mini-Mental State Examination was used in only
1 study [56]. Regarding data handling, missing data were not
reported in 9 studies [42,43,45-47,49,51,56,59], 3 studies
[40,57,62] used imputation methods, and 12 studies
[41,44,48,50,52-55,58,60,61,63] excluded participants with
missing data. Continuous variables were maintained as
continuous in 14 studies [40,42-44,47,51,52,55-59,61,62] and
transformed into categorical variables in 10 studies
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[41,45,46,48-50,53,54,60,63]. The majority of models were
presented as nomograms. Specifically, 13 studies
[40,43,45,48,50,51,54-57,59,61,63] presented results solely as
nomograms, 4 studies[41,42,44,46] provided both nomograms
and full equations, 1 study [52] presented a nomogram and risk
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chart, and 1 study [58] presented anomogram and decision tree.
Additionally, 3 studies [53,60,62] developed risk sum scores,
and 2 studies [47,49] provided logistic regression (LR)
equations.
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Table. Overview of the basic characteristics of included studies (n=24) identifying physical and cognitive frailty in older adults with diabetes.

Author Year Outcome  Definition  Sample Eventrate, Modeling  Population Interna Predictors, Model pre-
of outcome size, n n (%) algorithms validation n sentation
used
Wuet d 2025 Frailty FRA|L2 509 148(29.1) | RP, ToDMf Cross-vali- 7 Sum score
[62] SVMC, dation
GBM¢,
RF®, Cat-
Boost
Xiaoetal 2025 Frailty FRAIL 1107 113(10.2) LR Diabetes Random 7 Nomogram
[61] split
Wangeta 2025 Frailty FRAIL 152 47(31.1) LR T2DM Random 4 Nomogram
[55] split
Dueta 2024 Frailty FRAIL 458 83(18.1) LR T2DM Bootstrap 8 Nomogram
[45]
Tangeta 2024 Frailty FRAIL 566 213(37.6) LR T2DM Random 6 Nomogram
[51] split
Wangeta 2024 Frailty TEIY 491 216 (4400 R, NN" Diabetes Random 8 Nomogram
[52] withdiabet-  split and risk
ic foot chart
Dang [42] 2024 Frailty FRAIL 360 115(32.0) LR Diabetes Random 5 Nomogram
split (+ ex- and full
ternal) equation
Xi [57] 2024 Frailty FRAIL 338 130(38.5) LR Diabetes Random 6 Nomogram
split
Cheng [41] 2024 Frailty FRAIL 317 118(37.2) LR Diabetes Bootstrap 5 Nomogram
and full
equation
Yin [58] 2024 Frailty TH 379 194(51.2) | R, DT Diabetes Bootstrap 8 Nomogram
and deci-
sion tree
Zheng [60] 2024 Frailty FRAIL 380 112 (29.5) RF,SVM, Diabetes Cross-vdi- 7 Sum score
KN Nj dation
Bueta 2023 Frailty FRAIL 1436 145(10.1) LR Diabetes Random 7 Nomogram
[40] split
Dongeta 2023 Frailty FRAIL 485 211 (435 LR Diabetes Bootstrap 7 Nomogram
[44] with diabet- and full
icretinopa- equation
thy
Maet a 2025 Cognitive  FRAIL, 253 76(30.0) LR T2DM None 5 Full equa-
[49] frailty MoCAK tion
Wangetal 2025 Cognitive  FRAIL, 202 80 (39.6) DT T2DM Random 11 Sum score
[53] frailty MoCA split
Liangeta 2024 Cognitive  FRAIL, 265 93(351) LR Digbetes ~ Random 7 Nomogram
[46] frailty MoCA with split (+ ex- and full
coprp' ternal) equation
YuandYu 2024 Cognitive  FRAIL, 430 132(30.7) LR T2DM Bootstrap 7 Nomogram
[63] frailty MoCA (+ external)
Zhangeta 2024 Cognitive  FRAIL, 215 66 (30.7) LR T2DM Bootstrap 5 Nomogram
[59] frailty MoCA
Liu [47] 2024 Cognitive  FRAIL, 220 137(621) LR T2DM Random 4 Full equa-
frailty MoCA split tion
Dengeta 2023 Cognitive  FRAIL, 315 87 (27.6) LR T2DM Random 6 Nomogram
[43] frailty MoCA split
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Author Year Outcome  Definition Sample Eventrate, Modeling  Population Internal Predictors, Model pre-
of outcome size, n n (%) algorithms validation n sentation
used

Wangand 2023 Cognitive  FRAIL, 262 85 (32.4) LR T2DM Bootstrap 8 Nomogram

Xu [54] frailty MoCA

Wangeta 2023 Cognitive  FRAIL, 321 85 (26.5) LR T2DM Bootstrap 5 Nomogram

Liu[48] 2023 Cognitive  FRAIL, 483 98 (20.3) LR T2DM Random 6 Nomogram
frailty MoCA split

Meng [50] 2022 Cognitive  FRAIL, 508 117(23.0) LR T2DM Bootstrap 6 Nomogram
frailty MoCA (+ external)

3FRAIL: Fatigue, Resistance, Ambulation, Iliness, and Loss of Weight scale.
bLR: logistic regression.

€SV M: support vector machine.

deBM: gradient boosting machine.

€RF: random forest.

fr2DMm: type 2 diabetes mellitus.

9TFI: Tilburg Frailty Indicator

ANIN: neural network.

'DT: decision tree.

JKNN: k-nesrest nei ghbors.

KMoCA: Montresl Cognitive Assessment.
lCOPD: chronic obstructive pulmonary disease.
™MMSE: Mini-Mental State Examination.
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Table. Methodological and clinical characteristics of included studies (n=24) identifying physical frailty and cognitive frailty in older adults with

diabetes.
Characteristic Studies, n (%)
Study design
Retrospective studies 3(13)
Cross-sectional study 21(88)
Source of data used
Single center 18 (75)
Multicenter 6 (25)
Missing data handling
Not reported 9(38)
Exclusion 12 (50)
Imputation 3(13)
Handling of continuous data
Continuous 14 (58)
Categorical or dichotomous 10 (42)
Feature selection
Univariate analysis 6 (25)
Multivariate analysis 7(29)
Univariate analysis and multivariate analysis 11 (46)
Calibration method
Hosmer-L emeshow test 2(8)
Calibration plot 4(17)
Hosmer-Lemeshow test and calibration plot 14 (58)
None 4(17)
Validation method
Internal validation 19 (79)
External validation and internal validation 4(17)
None 14

Characteristics of Included Prediction M odels

Regarding modeling methods, among the 32 models included,
LR was the most commonly used algorithm. LR analyses were
used in 22 models, while 10 models used machine learning
(ML) techniques, including random forest (n=2), support vector
machines (n=2), decision trees (n=2), k-nearest neighbors (n=1),
CatBoost (n=1), gradient boosting machine (n=1), and neural
networks (n=1). Model discrimination was reported for all
models, with AUC values ranging from 0.703 to 0.983 (Table
S3inMultimediaAppendix 1). Specificity and sensitivity were
reported in 17 studies [40-42,44,46-50,52,53,56-58,60-62]
involving 25 models. Specifically, sensitivity ranged from 0.102
to 0.955, and specificity varied from 0.505 to 0.990. However,
model calibration was not reported in 4 studies [52,53,60,62].
P values from both the Hosmer-L emeshow test and calibration
plots were used in 14 studies[40-44,48,50,51,54-59], 2 studies

https://www.jmir.org/2026/1/e84617

RenderX

[47,49] used P values only from the Hosmer-L emeshow test,
and 4 studies [45,46,61,63] used only calibration plots.
Regarding model validation, 1 study [49] developed models
without validation, and 19 studies [40,41,43-45,47,48,51-62]
conducted only internal validation without external validation.

Features

All features covered a wide range of factors, including
sociodemographic characterigtics, lifestylefactors, hedth-related
factors, mental health status, laboratory test indicators, and
anthropometric measurements. A total of 33 features were
involved in the studies. The number of features incorporated
into each study varied from 4 to 11. Among the features, the 5
most frequently occurring were depression, age, regular exercise,
socia activity, and duration of diabetes. The frequency
distribution of all featuresisillustrated in Figure 2.

JMed Internet Res 2026 | vol. 28 | e84617 | p.52
(page number not for citation purposes)


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

JOURNAL OF MEDICAL INTERNET RESEARCH

Wang et al

Figure 2. Frequency of predictorsin the included studies. GFR: glomerular filtration rate; HbA .. glycated hemoglobin; L/A: ratio of serum leptin to

adiponectin.
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Quality Assessment

Overview

The PROBAST tool was used to assess the risk of bias and the
applicability of the included prediction model studies (Figure
3 and Table $4 in Multimedia Appendix 1). According to the
established criteria, all 24 studies, which encompassed 32
models, were identified as having a high risk of bias. In terms

https://www.jmir.org/2026/1/e84617

XSL-FO

RenderX

of applicability, 13 studies [43,44,46-50,52-54,56,59,63],
including 14 models, were deemed to have high concerns
regarding applicability. Conversely, the remaining 11 studies
[40-42,45,51,55,57,58,60-62], which included 18 models, were
considered to have low concerns regarding applicability.
Notably, 4 studies[52,58,60,62] included multiple models each;
however, there was no difference in the quality assessment
results between the models within these studies.
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Figure 3. Prediction Model Study Risk Of Bias Assessment Tool (PROBAST) risk of bias (ROB) and applicability assessment for all included studies.
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Risk of Bias Assessment

Within the participant domain, 4 studies [40,43,47,61] were
recognized as exhibiting a high risk of bias. Of these, 3 studies
[40,47,61] were deemed as having a high risk owing to their
study designs, while the remaining study [43] was classified as
such due to the exclusion of specific subgroups that could
potentially ater the performance of the prediction model. Inthe
predictor domain, 2 studies [40,63] were assessed as having a
significant risk of bias due to the use of outcome information
inthe evaluation of predictors, 1 study [55] wasrated as having
an unclear risk of bias because the researchers did not report
whether they used the same assessment measures when
evauating the predictors. In the outcome domain, 3 studies
[40,62,63] had a significant risk of bias because the definition
of outcomesincluded =1 predictor, 2 studies[52,53] wererated
ashaving ahigh risk of bias dueto the potentially inappropriate
time interval between predictor assessment and outcome
determination, and 1 study [49] was deemed to be at unclear
risk of bias asthey did not report information on the method of
outcome classification. In the analysisdomain, al studieswere
judged to have ahigh risk of bias. Current gui dance recommends
that studies developing predictive models achieve at least 20
events per variable (EPV). However, 13 studies
[43,45,46,48,49,53-56,59-61,63] did not meet thisrequirement.
Moreover, 10 studies[41,45,46,48-50,53,54,60,63] transformed
continuous variablesinto categorical variables, either in part or
entirely, and the authors did not report whether standard
definitions were used for the categorization; 1 study [40]
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partialy excluded participants for unreasonable reasons.
Regarding the handling of missing data, 12 studies
[41,42,44,48,50,52-54,58,60,61,63] directly excluded cases
with missing data, while 9 studies [43,45-47,49,51,55,56,59]
did not explicitly report whether datawere missing. In addition,
6 studies [44,49,50,52,54,59] did not avoid selecting variables
based solely on univariate analysis; 3 studies[52,53,60] did not
comprehensively assess the predictive performance of their
models, using only discrimination measureswithout calibration;
6 studies [41,44,48,50,55,57] neglected to evaluate the risk of
overfitting, underfitting, or optimism that could biasthe apparent
performance of their predictive models; 1 study [49] devel oped
models  without validation; and 19 studies
[40,41,43-45,47,48,51-62] conducted only internal validation
without external validation.

Applicability Risk Assessment

In the participant domain, 3 studies [44,46,52] had a high risk
of applicability concerns due to the inclusion of individuas
with other comorbidities or complications.

Meta-Analysis

A random effects meta-analysis using the
Hartung-Knapp-Sidik-Jonkman method was performed to
evaluate the predictive performance at both the study and model
levels. Regarding the analysis of the 24 included studies, the
overall pooled AUC was 0.851 (95% Cl 0.820 - 0.882), with
a 95% prediction interval (Pl) of 0.710 to 0.992 (P<.001;
12=92.0%; Figure 4). When analyzing the 32 model s, the overall
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pooled AUC was 0.829 (95% CI 0.802 - 0.856), witha95% Pl  Appendix 1).

of 0.686 to 0.972 (P<.001; 12=92.5%; Figure S1in Multimedia

Figure 4. Forest plot of the random effects meta-analysis of pooled area under the curve (AUC) estimates for 29 validation models
[40,41,42,43,44,45,46,47,48,49,50,51,52,53,54,55,56,57,58,59,60,61,62]. HK SJ: Hartung-K napp-Sidik-Jonkman.

Study N AUC 95% CI
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Wu JQ et al. 509 0.755 [0.718;0.792] —— |
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Deng YH et al. 315 0.821 [0.716;0.926] = :

Xi MX 338 0.824 [0.737;0.911] i
Liang MY et al. 265 0.838 [0.756; 0.920] L
Meng L 508 0.838 [0.789; 0.887] —u—
YuQ et al. 430 0.846 [0.799; 0.893]

Zheng XM 380 0.850 [0.815;0.885]

Wang ZJ et al. 321 0.853 [0.809; 0.897]

Wang SJ et al. 202 0.868 [0.764; 0.972]

Yin YY 379 0.872 [0.838; 0.906]

LiuY 483 0.875 [0.809; 0.941]

Xiao RF et al. 1107 0.879 [0.838;0.920]

Wang XW and Xu YL 262 0.879 [0.760; 0.998]

BuF etal. 1436 0.881 [0.828; 0.934]

Ma SM et al. 253 0.896 [0.842; 0.950]

Dang X 360 0.900 [0.861;0.939]

Wang Z et al. 152 0.933 [0.874; 0.992]

Liu XX and Fan XZ 220 0.939 [0.895; 0.983]

Cheng YM 317 0.948 [0.924;0.972]

Wang BJ et al. 491 0.964 [0.930; 0.998]

Pooled Effect (HKSJ Model) 0.851 [0.820; 0.882]

95% Prediction Interval [0.710; 0.992]

Heterogeneity: 3, = 288.36 (P < .001), ! ! ! ! '
1> =92.0%, 1% = 0.0044 0.6 0.7 :{f(: 0.9 1

Additional dataon samplesize, sensitivity, and specificity were
extracted from 17 studies to calculate TP, FP, FN, and TN
(Table S5 in Multimedia Appendix 1). Based on these values,
the pooled sensitivity was 0.810 (95% Cl 0.740 - 0.850;
12=92.26%), as illustrated in the forest plot. The pooled

the corresponding forest plot also presented (Figure 5B).
Furthermore, asummary receiver operating characteristic curve
was generated, asdepicted in Figure 5A. These resultsindicate
significant heterogeneity across the models regarding AUC,
sensitivity, and specificity.

specificity was 0.850 (95% Cl 0.810 - 0.890; 12=92.44%), with
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Figure5. (A) Summary receiver operating characteristic curve and (B) forest plots of the random effects meta-analysis of the sensitivity and specificity
for 22 validation models [40-42,44,46-50,52,53,56-58,60-62]. AUC: area under the curve; SENS: sensitivity; SPEC: specificity; SROC: summary

receiver operating characteristic.
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Sensitivity analyses were undertaken by sequentially removing
one study at atime. The point estimates obtained after excluding

size (Figure 6A). This indicates that the remova of any
individual study did not significantly influence the pooled AUC.
Therefore, the combined results were relatively stable.

Figure 6. Assessment of robustness, heterogeneity, and small study effects in the meta-analysis of 24 studies evaluating physical frailty and cognitive
frailty in older adults with diabetes: (A) sensitivity analysis, (B) subgroup forest plot stratified by modeling approach (32 models), and (C) funnel plot
[40,41,42,43,44,45,46,47,48,49,50,51,52,53,54,55,56,57,58,59,60,61,62,63]. AUC: area under the curve; HKSJ: Hartung-Knapp-Sidik-Jonkman; LR:
logistic regression; ML: machine learning.
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Subgroup Analysis

Subgroup analyseswere performed based on modeling approach,
study design, data source, population, outcome, and validation
method (Table 3 and Figure 6B). Significant differences were
observed in modeling approaches (P=.003), where LR models
yielded ahigher pooled AUC (0.850) compared with ML models
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(0.785). Similarly, study design showed significant heterogeneity
(P=.03), with retrospective studies demonstrating superior
diagnostic performance (AUC=0.900) than cross-sectional
studies (AUC=0.843). However, no statisticaly significant
differences were found across subgroups stratified by data
source (P=.42), patient characteristics (P=.77), validation
methods (P=.16), or specific outcomes (P=.94).
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Table. Subgroup analysis of the pooled area under the curve (AUC) of studies of physical frailty and cognitive frailty in older adults with diabetes to

explore potential sources of heterogeneity (n=24).

Subgroup Studies, n AUC (95% ClI) 12, 9% P vaue

Population 0 a7
Diabetes 21 0.849 (0.818-0.879)
Diabeteswith comorbidi- 3 0.866 (0.757-0.975)

ties or complications

Study design 79.6 .03
Cross-sectional study 21 0.843 (0.812-0.875)
Retrospective study 3 0.900 (0.861-0.939)

Data source 0 42
Multicenter 6 0.871 (0.815-0.926)
Single center 18 0.844 (0.809-0.878)

Outcome 0 .94
Physical frailty 13 0.851 (0.806-0.896)
Cognitive frailty 11 0.849 (0.812-0.886)

Validation 42.5 .16

Random split 12 0.875 (0.836-0.914)

Bootstrap 9 0.829 (0.779-0.879)

Cross-validation 2 0.803 (0.710-0.896)

None 1 0.896 (0.842-0.950)

Small Study Effects Assessment Discussion

We examined small study effects using the Egger test, funnel
plots, and the Deeks funnel plot. The Egger test yielded a
coefficient of -1.07 (P=.40), indicating no statistically
significant small study effects. Thisresult aignswith thevisual
inspection of the contour-enhanced funnel plot (Figure 6C),
which displayed a relatively symmetrical distribution of the
studies, suggesting no obvious small study effects among the
included studies. Furthermore, the Deeksfunnel plot asymmetry
test yielded a nonsignificant P value of .94, providing no
evidence of significant small study effects (Figure S2 in
Multimedia Appendix 1).

However, these results must beinterpreted with caution. Funnel
plot symmetry or nonsignificant statistical tests do not
definitively rule out publication bias. Conversely, asymmetry
may arisefrom heterogeneity or methodological limitationsnot
merely from publication bias. Therefore, the potential for
publication bias cannot be entirely excluded, particularly due
to limitations in study selection. Although our search strategy
was designed to be global, the final pool of eligible studies
consisted exclusively of research conducted in China
Additionally, the restriction of inclusion criteriato English and
Chinese languages may have introduced language bias by
excluding relevant data published in other languages.

https://www.jmir.org/2026/1/e84617

Principal Findings

To our knowledge, this is the first systematic review and
meta-analysis to comprehensively evaluate the performance of
prediction models for physical frailty and cognitive frailty
specifically in older adults with diabetes. Our analysisincluded
24 studies encompassing 32 models. At the study level, the
pooled AUC was 0.851 (95% CI 0.820 - 0.882), while the
model-level analysis yielded a similarly high pooled AUC of
0.829 (95% CI 0.802 - 0.856). In addition, the pooled sensitivity
was 0.810, and the pool ed specificity was 0.850, indicating that
these models demonstrated reasonable discriminative
performancefor identifying physical frailty and cognitivefrailty
in this high-risk population.

A notablefinding from our subgroup analysiswasthe difference
in performance based on the modeling approach (P=.003). LR
models yielded a higher pooled AUC (0.850) than ML models
(0.785). However, this finding should be interpreted with
caution. Consistent with the systematic review by Christodoulou
et al [64], we observed no consistent performance advantage of
ML over LR analysisin thisdataset. The apparent disparity may
be attributed to the smaller number of ML studies included,
heterogeneity in populations and predictors, and potential risk
of bias, rather than an inherent superiority of LR. For instance,
Wang et a [52] and Yin [58] developed models using both
approaches and found LR performed dightly better. Ultimately,
there is no “one-size-fits-al” modeling method; performance
often depends on the specific data structure and clinical context.
Therefore, future research should prioritize rigorous comparisons
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of multiple modeling approaches—including proper
hyperparameter tuning for ML—to identify the optimal strategy
for specific physical frailty and cognitive frailty prediction
scenarios. Additionally, we observed that retrospective studies
yielded dignificantly higher AUC values (0.900) than
cross-sectional studies (0.843; P=.03). This phenomenon likely
stems from the inherent selection bias and better data quality
control often present in retrospective cohorts, potentially leading
to overoptimistic performance estimates.

The diagnostic models included in this review possess
meaningful clinical implications, facilitating a shift toward the
precise identification and risk stratification of physical frailty
and cognitive frailty in clinical settings. Our analysis revealed
that the most frequently used features—depression, age, regular
exercise, socia activity, and diabetes duration—yprovide concrete
metrics for identifying these concurrent conditions. Notably,
depression emerged as the most consi stent and prominent feature
across multiple studies, highlighting its strong correlation with
both physical frailty and cognitive frailty. Existing evidence
indicates a bidirectional relationship between depression and
these conditions, potentially mediated through inflammatory
pathways, endocrine dysregulation, and overlapping symptoms
such asfatigue and psychomotor slowing [65,66]. Consequently,
assessing mental health not only is vital for psychological
well-being but also servesasacritical entry point for identifying
patients who may already be experiencing physical frailty or
cognitivefrailty. Advanced age was al so a predominant feature,
consistent with reports by Kong et al [9] and Wang et al [67].
This association likely reflects immunosenescence, chronic
inflammation, and metabolic dysregul ation, which collectively
contribute to sarcopenia and functional decline [68-70]. These
findings suggest that age remains a fundamental stratification
factor, warranting heightened clinical vigilancefor physical and
cognitivefrailty in older cohorts. Regular exercisewasidentified
as apowerful discriminatory feature. Physiologically, physical
activity is known to reduce inflammation, preserve muscle
function, and support cognitive health [71]. In the context of
these diagnostic models, the absence of regular exercise serves
as a robust, easily accessible clinical marker for detecting
potential physical frailty and cognitivefrailty. Thisalowshealth
care providers to efficiently target vulnerable populations in
community settings where elaborate geriatric assessments may
beimpractical. Similarly, lower levels of social activity emerged
as a significant indicator. This suggests that social isolation
often co-occurs with physical frailty and cognitive frailty,
making social history a valuable component of the risk
stratification processfor older adults with diabetes. Finally, the
duration of diabetes was a frequent feature in the included
models. The strong association between longer disease duration
and physical frailty and cognitive frailty likely reflects the
cumulative burden of chronic hyperglycemia, insulin resistance,
and related complications over time[8,26]. Asdiabetesduration
increases, physiological and cognitive reserves decline, thereby
increasing the probability of concurrent physical frailty and
cognitive frailty. These insights emphasize that patients with a
long history of diabetes represent a high-risk group requiring
prioritized screening and comprehensive management.

https://www.jmir.org/2026/1/e84617

Wang et al

Comparison With Prior Work

Previous systematic reviews and narrative summaries on
physical frailty or cognitivefrailty in older adults with diabetes
have primarily concentrated on estimating prevalence,
identifying associated risk factors, or describing frailty
phenotypes, rather than systematically evaluating multivariable
prediction or identification models[8,9,72,73]. Moreover, most
prior reviews did not attempt a quantitative synthesis of model
performance, likely due to the substantial methodological and
clinica heterogeneity across studies, which is commonly
encountered in the evaluation of prediction models. Consistent
with this literature, we observed considerable variation among
included studies in terms of study populations, definitions of
physical frailty and cognitive frailty, predictor selection, model
development strategies, and validation approaches. These
differencesreflect the evolving and fragmented nature of model
development in this field and pose challenges for direct
comparison across studies. Nevertheless, by conducting a
meta-analysis of discrimination performance, particularly
through the synthesis of the AUC, our study provides a
guantitative overview of the overall performance of existing
models for identifying physical frailty and cognitive frailty in
older adults with diabetes.

Heterogeneity

Substantial heterogeneity was observed across the included
studies (12>90% for sensitivity, specificity, and AUC). Thisis
a common challenge in diagnostic meta-analyses and may be
attributed to variations in study design, population
characteristics, and modeling methodologies. Our subgroup
analysisidentified that the modeling approach (ML vsLR) and
study design (retrospective vs cross-sectional) were significant
sources of heterogeneity (P<.05). However, other factors such
as data source (single vs multicenter) and outcome definitions
(physical frailty vs cognitive frailty) did not significantly
contribute to the observed variance. It is also important to note
the variability in feature selection across studies. With 33
different features identified—ranging from depression and age
to regular exercise—the lack of astandardized set of predictors
likely contributes to the heterogeneity in model performance.
This diversity reflects the multifaceted pathophysiology of
frailty in diabetes but complicates the direct comparison of
models.

Importantly, beyond the conventional 12 statistic, we further
quantified between-study heterogeneity using 95% PIs, which
provide a clinically meaningful estimate of the expected range
of model performance in future settings. Although 12 values
exceeding 90% indicate substantial relative heterogeneity, they
do not convey the absolute extent to which predictive
performance may vary across populationsand clinical contexts.
In contrast, Plsdirectly addressthislimitation by reflecting the
dispersion of true effects on the original AUC scale. At the
study level, the pooled AUC of 0.851 was accompanied by a
95% Pl ranging from 0.710 to 0.992, indicating that, although
predictive performance may vary considerably across different
real-world settings, most future applications are still likely to
achieve at least acceptabl e discrimination.
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M ethodological Quality and Risk of Bias

Evaluation using the PROBAST checklist indicated that all
included studies exhibited ahigh risk of bias, predominantly in
the analysis domain. Consequently, the pooled performance
estimates reported in this review should be interpreted with
caution, likely representing “best-case scenarios’ or optimistic
estimates rather than robust predictions of rea-world
performance.

In the participant domain, specifically regarding data sources,
although retrospective designs were identified as a source of
bias for a few studies, the overarching issue remains the
analytical approach. We recommend using prospective data or
registry data for model development in future optimization
efforts to reduce the risk of bias arising from data sources.
Additionally, the evaluation of model applicability indicated
that certain studies included not only patients with diabetes but
also those with other comorbidities or complications. These
factors limited the applicability of the respective modelsto the
general diabetes population. In the outcome domain, some
studies inappropriately  incorporated  outcome-related
information into the predictor assessment, leading to information
leakage and inflated model performance. In addition, inadequate
reporting regarding the consistency of predictor measurement
raised concerns about reproducibility in at least one study. In
the outcome domain, severa studieswere judged to have ahigh
risk of bias due to problematic outcome definitions.

The analysis domain had the highest frequency of a high risk
of bias, with al studies rated as high risk in this domain.
According to the PROBAST assessment tool, an EPV=20 is
commonly used as a heuristic to indicate an adequate sample
sizefor devel oping prediction models. Inthisreview, 13 studies
had an EPV <20, which may suggest an increased risk of bias
related to model overfitting. However, relying solely on fixed
rules of thumb may be insufficient; therefore, future studies
should prioritizeformal, model -tailored sample size calculations
(eg, approaches proposed by Riley et al [74]) to ensure precise
estimation and adequate statistical power. During the predictor
selection process, severa studies relied solely on univariate
screening, which often failsto identify confounding factorsand
can lead to model overfitting. Therefore, predictor selection
should not solely depend on univariate screening but should
also be combined with clinical practice. Moreover, anincreasing
number of studies are using least absolute shrinkage and
selection operator (LASSO) regresson to handle
high-dimensional data and select potential variables. By
introducing a penalty term, LASSO regression reduces the
estimates of extreme variables, thereby effectively enhancing
the accuracy of model estimation and decreasing the likelihood
of overfitting [75]. Moreover, the handling of missing datawas
suboptimal. Cases with missing data were directly excluded in
12 studies, which canintroduce bias and reduce statistical power,
while 9 studiesfailed to report how missing datawere handled.
A minority of studiesused appropriate methods such asmultiple
imputation. Accurate data reporting and careful handling of
missing observations help reduce model overfitting. It is
recommended that future studies strengthen the management
of missing data to ensure the integrity of the study. When
dealing with continuous variabl es, transforming continuous data
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into categorical variablesfor modeling may lead to asignificant
loss of model efficacy [76]; however, 10 studiesin our review
performed such transformations without reporting standard
definitions. Although data transformation can be considered to
enhance the convenience of application for researchers during
theclinical dissemination phase, it should be done with caution
during development. Crucially, the mgjority of models lacked
external validation. Although they demonstrated good
discrimination in derivation cohorts, their performance remains
inherently tied to their specific development settings.

Therefore, the primary implication of this review is
methodological: Rather than endorsing specific existing tools
for immediate clinical use, we emphasize the urgent need for
better-designed research. Future studies must strictly adhereto
TRIPOD (Transparent Reporting of a Multivariable Prediction
Model for Individual Prognosis or Diagnosis) guidelines and
PROBAST standards—specifically ensuring adequate sample
sizes, appropriate handling of continuous variablesand missing
data, and rigorous external validation in independent,
geographically distinct populations—to develop robust and
transportabl e prediction models.

Limitations

This study has several limitations that warrant consideration.
First, the predominance of cross-sectional and retrospective
designs among the included studies restricts the scope of these
models to the diagnostic identification of prevalent frailty.
Consequently, they function as concurrent screening toolsrather
than prognostic instruments for predicting future incidence,
precluding the ability to infer causal relationships between
predictors and outcomes. Second, according to the PROBAST
assessment, all included studies exhibited a high risk of bias,
particularly within the analysis domain. This methodological
weaknesslikely resultsin overoptimistic performance estimates
and limitsthe transportability of these modelsto diverseclinical
populations. Third, substantial statistical heterogeneity (12) was
observed, stemming from variations in study design and
modeling methodol ogies. We calculated 95% Pls to provide a
more clinically meaningful estimate of the expected range of
model performance in future settings. Finaly, al included
studies were conducted in China, and the review was restricted
to English and Chinese literature. Although this reflects the
rapid emergence of this research focus within China, the lack
of geographic and ethnic diversity limitsthe generalizability of
our findingsto other global populationsand health care systems.

Conclusion

This review provides the first comprehensive synthesis of
models for risk stratification of physical and cognitive frailty
in older adultswith diabetes. The findingsindicate that existing
models demonstrate satisfactory pooled discriminative
performance. Specifically, although the Cls confirm a robust
average effect, the 95% PIs indicate that the distribution of
predictive performancein future real -world settingsis expected
to vary across different clinical contexts, yet likely remaining
within an acceptable range. Nevertheless, their clinical utility
is currently constrained by significant methodological
limitations. Specifically, the identified models rely heavily on
readily available clinical and psychosocial predictors, such as
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depression, age, regular exercise, and social activity, suggesting
that early risk stratification is feasible in routine practice.
However, the evidence is underpinned by a pervasive high risk
of bias, primarily dueto analytical shortcomings, small sample
sizes, and a lack of rigorous external validation. Furthermore,
the predominance of cross-sectional designsand the geographic
restriction of studiesto Chinalimit the generalizability of these
toolsto broader global populations and their ability to function
as true prognostic instruments for future risk. Consequently,
although current models show promise for screening and

Wang et al

identifying prevalent physical and cognitivefrailty, they are not
yet sufficiently robust for widespread deployment in diverse
clinical settings. Future research must pivot from developing
new, redundant models to conducting robust, prospective,
multicenter studies that adhere strictly to TRIPOD guidelines.
Emphasis should be placed on external validation and the
development of longitudinal prognostic toolsto ensurereliable,
transportable, and clinically actionable risk stratification for
this vulnerable population.
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Abstract

Background: Gestational diabetes mellitus (GDM) is acommon complication during pregnancy, with its incidence increasing
year by year. It poses numerous adverse heal th effects on both mothers and newborns. Accurate prediction of GDM can significantly
improve patient prognosis. In recent years, artificial intelligence (Al) algorithms have been increasingly used in the construction
of GDM prediction models. However, there is still no consensus on the most effective agorithm or model.

Objective: This study aimed to evaluate and compare the performance of existing GDM prediction models constructed using
Al agorithmsand propose strategies for enhancing model generalizability and predictive accuracy, thereby providing evidence-based
insights for the development of more accurate and effective GDM prediction models.

Methods: A comprehensive search was conducted across PubMed, Web of Science, Cochrane Library, EMBASE, Scopus, and
OVID, covering publications from the inception of databasesto June 1, 2025, to include studies that developed or validated GDM
prediction models based on Al algorithms. Study selection, dataextraction, and risk of bias assessment using the Prediction Model
Risk of Bias Assessment Tool were performed independently by 2 reviewers. A bivariate mixed-effects model was used to
summarize sensitivity and specificity and to generate asummary receiver operating characteristic (SROC) curve, calculating area
under the curve (AUC). The Hartung-Knapp-Sidik-Jonkman method was further used to adjust for the pooled sensitivity and
specificity. Between-study standard deviation (1) and variance (12) were extracted from the bivariate model to quantify absolute
heterogeneity. The Deek test was used to evaluate small-study effects among included studies. Additionally, subgroup analysis
and meta-regression were conducted to compare the performance differences among algorithms and to explore sources of
heterogeneity.

Results:  Fourteen studies reported on the predictive value for Al algorithms for GDM. After adjustment with the
Hartung-K napp-Sidik-Jonkman method, the pooled sensitivity and specificity were 0.78 (95% CI 0.69 - 0.86; 1=0.15, 1°=0.02;
Pl 0.47 - 1.09) and 0.85 (95% CI 0.78 - 0.92; 1=0.11, 1°=0.01; Pl 0.59 - 1.11), respectively. The SROC curve showed that the
AUC for predicting GDM using Al algorithms was 0.94 (95% CI 0.92 - 0.96), indicating a strong predictive capability. Deek
test (P=.03) and the funnel plot both showed clear asymmetry, suggesting the presence of small-study effects. Subgroup analysis
showed that the random forest a gorithm exhibited the highest sensitivity (0.83, 95% CI 0.74 - 0.93), while the extreme gradient
boosting algorithm exhibited the highest specificity (0.82, 95% CI 0.77 - 0.87). Meta-regression further revealed an evaluation
in predictive accuracy in prospective study designs (regression coefficient=2.289, P=.001).

Conclusions:  Unlike previous narrative reviews, this systematic review innovatively provided a comparative and quantitative
synthesis of Al agorithms for GDM prediction. This established an evidence-based framework to guide model selection and
identified acritical evidence gap. The key implication for real-world application was the demonstrated necessity of local validation
before clinical adoption. Therefore, future work should focus on large-scale, prospective validation studies to develop clinically
applicable tools.

Trial Registration: PROSPERO CRD42025645913; https.//www.crd.york.ac.uk/PROSPERO/view/CRD42025645913

(J Med Internet Res 2026;28:€79729) doi:10.2196/79729
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Introduction

Gestational diabetes mellitus (GDM) isone of the most common
metabolic disorders during pregnancy, characterized by glucose
metabolism abnormalitiesthat first appear during gestation [1].
The incidence of GDM has risen to 15.8% due to factors like
increased childbearing age, dietary changes, and pre-pregnancy
obesity [2-4]. GDM not only significantly increased the risk of
adverse pregnancy outcomes for pregnant women, such as
macrosomia, preterm birth, and preeclampsia, but also had a
profound impact on the long-term health of their offspring,
including an increased risk of developing obesity, type 2
diabetes, and other metabolic disorders in the future [5-7].
Therefore, early prediction and management of GDM could
effectively reduce the incidence of GDM and its associated
maternal and neonatal complications, thereby optimizing
perinatal care and improving long-term health outcomes.

The emergence of artificial intelligence (Al) agorithms in
medicine has opened new frontiers for predictive analytics,
offering the potential to model complex, non-linear interactions
within multidimensional health data [8]. In fields such as
oncology, cardiology, and endocrinology, Al-driven prediction
models have demonstrated superior discriminative accuracy
compared to conventional statistical approaches, largely by
capturing subtle patterns and interactions among risk factors
that traditional methods might overlook [9-12]. This capability
was particularly salient for GDM, a condition influenced by a
dynamic interplay of genetic, metabolic, hormonal, and lifestyle
factors[13].

Building on this general capability, the application of Al
algorithms for the specific task of GDM prediction has gained
considerable momentum, with primary attention to 2 domains:
machine learning (ML) and deep learning (DL) [14-16].
Commonly used ML algorithms, such as random forest (RF),
support vector machine, and extreme gradient boosting
(XGBoost), have been applied to structured clinical and
biomarker data, while DL algorithms typically use neural
networksto exploit high-dimensional inputs, including eHealth
records and even image-based data [17]. Despite promising
reported accuracies, a critical and persistent challenge is the
marked heterogeneity in model performance across different
populations and settings [18-20]. The ML model developed by
Gallardo et a [21], based on routine early-pregnancy
examination data, showed high predictive accuracy in a
particular population but performed poorly in other GDM
populations due to differences in data characteristics. This
discrepancy revealed a severe methodological inconsistency in
these studies, such as the lack of standardized data
preprocessi ng, non-uniform validation strategies, and incomplete
reporting of performance metrics. This heterogeneity made it
difficult to directly compare and integrate the results of different
studies.

https://www.jmir.org/2026/1/€79729

Consequently, although a growing body of primary studies
investigating Al models for GDM prediction, the evidence in
this field remained fragmented and methodologicaly
heterogeneous. Currently, for the prediction of GDM, therewas
still alack of systematic reviews and meta-analyses that could
directly compare multiple Al algorithms head-to-head,
guantitatively assess their cross-population applicability, and
systematically examine methodological rigor. The majority of
existing origina studies have devel oped single-algorithm models
and validated them only within mono-ethnic or single-center
cohorts [16,17,21,22]. Consequently, clinicians lack the
high-level evidence required to determine which algorithm is
superior and whether reported accuracies generalize to other
settings, which markedly impedesthe credible clinical adoption
and broader dissemination of Al-based prediction models.

To address these evidence gaps, this systematic review and
meta-analysis aimed to quantitatively synthesize the predictive
performance of prediction models constructed using Al
algorithms across different scenarios for GDM, compare the
effectiveness of different Al algorithms, and identify the key
factors influencing performance. By providing a rigorous,
evidence-based framework for evaluating and comparing Al
prediction models in GDM, this systematic review sought to
inform the future development of more robust, generalizable,
and clinically actionabletools, thereby supporting effortstoward
early identification, risk stratification, and personalized
management of GDM.

Methods

Registration and Protocol

Thissystematic review adhered to the Preferred Reporting Items
for Systematic Reviews and Meta-Analysis (PRISMA) 2020
extended checklist, with extensions for Diagnostic Test
Accuracy (PRISMA-DTA) and literature search reporting
(PRISMA-S) [23-25]. The protocol was prospectively registered
with  PROSPERO (International Prospective Register of
Systematic Reviews, ID CRD42025645913). And the
registration was completed on February 13, 2025, prior to the
commencement of data extraction and analysis (Checklist 1).

Information Sources and Search Strategy

A comprehensive search was conducted across 6 databases,
including PubMed, Web of Science, Cochrane Library, Scopus,
EMBASE, and OVID, from the inception of each database to
June 1, 2025. To enhance the accuracy of the search resultsand
avoid the omission of relevant studies, the research term
developed a rigorous search strategy by combining Medical
Subject Headings terms, keywords, and synonyms. No
previoudy published search filterswere applied so asto maintain
ahighly sensitive search strategy. Table 1 summarizes the core
search concepts and representative terms. And the detailed
search strategy is presented in Multimedia Appendix 1. In
addition, we also reviewed the reference lists of relevant
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literature, particularly systematic reviews related to the topic
of thisstudy, and conducted additional searchesinthe electronic
databases to minimize the omission of thekey literature asmuch

Liang et a

aspossible. All searcheswere conducted under the supervision
of an academic librarian.

Table . Search strategy using the population, Intervention framework for artificial intelligence-based gestational diabetes mellitus prediction studies.

Concept Key terms (PubMed example)

Population “Gestational Diabetes Meéllitus’ OR “Pregnancy-induced Diabetes” OR
“GDM” OR “Diabetes in Pregnancy” OR “Maternal Diabetes”

Intervention “Artificial Intelligence” OR “Machine Learning Algorithms’ OR “Deep

Learning Algorithms” OR “Ensemble Learning Algorithms’

Eligibility Criteria
To screen out the original studies relevant to this systematic

review from the retrieved literature, detailed inclusion and
exclusion criteriawere defined (Textbox 1).

Textbox 1. Inclusion and exclusion criteria

Inclusion criteria

«  Studiesthat conducted among pregnant women with gestational diabetes mellitus (GDM) or those at risk of developing GDM.
«  Studiesthat completely constructed one or more predictive models for predicting GDM.
«  Studiesthat used Al agorithms for the construction of a predictive model.

«  Studies published in English.

Exclusion criteria

« Reviews, meta-analysis, protocols, letters, conference abstracts, case reports, and animal studies.

«  Studies on the predictive accuracy of single-factor predictors.

«  Studiesonly conducted arisk factor analysis without constructing a predictive model.

«  Studiesdid not include any outcome measures for assessing the predictive accuracy of the predictive model.

Selection and Data Collection Process

Following the completion of the systematic research, al records
wereimported into the reference management software Endnote
21. After removing duplicate records, 2 reviewersindependently
examined the titles and abstracts of each study. Studies not
reporting Al-based predictive models were discarded.
Subsequently, a thorough full-text assessment was conducted
for al studiesthat initially met the criteria, and the reasons for
excluding each study wererecorded in detail. In the predesigned
Excel spreadshest, datawas extracted from studiesthat quaified
based on the inclusion criteria. The extracted information
included: characteristics of the study (authors, country,
publication year, study design, and sample size), characteristics
of the participants (diagnostic criteriafor GDM and number of
GDM cases), intervention features (model development process,
typesof Al algorithmsused, methodsfor handling missing data,
predictors, and model validation), and study outcomes
(assessment of model accuracy). In caseswheretheinformation
presented in the literature was ambiguous, the researcherswould
proactively contact the corresponding author to acquire the
relevant information. The aforementioned process was
independently conducted by 2 authors. Any discrepancieswere
discussed and resolved with athird author.

https://www.jmir.org/2026/1/€79729

Study Risk-of-Bias Assessment

The Prediction Model Risk of Bias Assessment Tool
(PROBAST) was used to assess the risk of bias (ROB) for each
study. PROBAST consisted of four domains: participants,
predictors, outcomes, and analysis[26]. Based on the responses
to theitems provided in the PROBAST checklist, a ROB rating
(high, low, or unclear) was assigned to each domain. The criteria
for assessment were detailed below: (1) the overall ROB was
deemed “low” when al domains were classified as “low risk”;
(2) the overall ROB was considered “high” if any domain was
identified as “high risk”; (3) the overall ROB was determined
to be “unclear” when there was at least one domain with an
“unclear” rating, while the other domains were classified as
“low risk” [26]. The quality assessment was conducted by the
same 2 authors who performed the study selection and data
extraction. Any disagreements between the 2 authors were
resolved through consultation with a third author.

Effect Measures and Synthesis M ethods

Statistical analyses were performed using Stata (version 17.0;
StataCorp LLC), R (version 4.2.0; R Development Core Team),
and Meta DiSc (version 1.4; Clinical Biostatistics Unit)
software. A bivariate mixed-effects model was used to pool
sensitivity and specificity, generate a summary receiver
operating characteristic (SROC) curve, and calcul ate area under

JMed Internet Res 2026 | vol. 28 | €79729 | p.68
(page number not for citation purposes)


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

JOURNAL OF MEDICAL INTERNET RESEARCH

the curve (AUC). The Hartung-K napp-Sidik-Jonkman method
wasfurther used to adjust the pooled estimates. All resultswere
reported with 95% Cl val ues. Between-study standard deviation
(t) and variance (12) were extracted from the bivariate model
to quantify absolute heterogeneity. And prediction intervals
(PIs) were subsequently computed to estimate the range within
which the true sensitivity or specificity of a future study was
expected to lie, providing a clinically interpretable measure of
real-world dispersion. Moreover, the Fagan nomogram was
used to explore the relationship between pretest probability,
likelihood ratios (LR), and post-test probability. The LR dot
plot, divided into 4 quadrants based on the strength of evidence
threshold, was used to determine the exclusion and confirmation
of the Al model. Additionally, a bivariate boxplot was drawn
to detect heterogeneity caused by threshold effects. And
subgroup analysis was used to compare the predictive
capabilities of different Al algorithmsin GDM prediction. In
line with current recommendations for interpreting
heterogeneity, we quantified real-world dispersion primarily
using theT, T2, and calculated Pls asthe key measure of practical

uncertainty [27]. The 12 statistic was considered but not
emphasized, given itslimited useinforming the generalizability
of findings compared to PIs [27]. Based on the clinical and
methodological characteristicsanticipated to cause heterogeneity
across studies, a meta-regression analysis was used to explore
and explain such heterogeneity. It aimed to uncover potential
influencing factors and analyze which variables might account
for variationsin the effect sizes. And the Deek test was used to
evaluate small-study effects among the included studies, with
P<.05 indicating funnel-plot asymmetry.

https://www.jmir.org/2026/1/€79729
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Ethical Consider ations

This systematic review and meta-analysis was conducted
exclusively with published aggregate data. No individual-level
or identifiable participant information wasinvolved. Therefore,
informed consent, institutional review board approval, privacy
protection, and participant compensation were not applicable.

Results

Study Selection and Char acteristicsof Included Studies

A total of 2790 studies were retrieved from the database. After
removing duplicates, the titles and abstracts of 1455 studies
were reviewed, and the full texts of 116 studies were screened.
Finally, 22 studies were included in this study, with 8 studies
[14,15,28-35] being included in the systematic review and 14
studies being incorporated into the meta-analysis
[15,16,21,22,28,36-44]. The detailed process of the literature
screening is illustrated in Figure 1. The fundamental
characteristics of the included studies are presented in Table 2.
The included studies were conducted in 11 countries, with 12
being single-center studies[14,16,21,28,30-32,36,37,40,41,43],
10 being multicenter studies [15,22,29,33-35,38,39,42,44], 14
being retrospective studies
[14,16,21,22,28-30,32,36,37,39-41,43], and 8 being prospective
studies [15,31,33-35,38,42,44]. All 22 studies used ML
algorithms, and 2 of them further used DL algorithms[16,42].
To evaluate the predictive performance of the models, 12 studies
conducted internal validation
[14,15,21,22,31,32,34,37,38,40-42], and 8 studies performed
external validation [16,28-30,32,37,39,42]. Multimedia
Appendix 2 provides adetailed record of the model performance
parameters for each study.
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Figure 1. PRISMA (Preferred Reporting Items for Systematic Reviews and Meta-Analysis) flow diagram for study selection. This figure illustrates
the process of identifying, screening, and selecting studies for inclusion in the systematic review, showing the number of records at each stage and
reasons for exclusions. Al: artificia intelligence; GDM: gestational diabetes mellitus.
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Table. Genera characteristics of the 22 studies included in the systematic review of artificial intelligence models for gestationa diabetes mellitus

prediction.

Study Country Study type Single-center or Diagnostic criteria  Sample size Type of model
multicenter

Belsti et al Augtralia Retrospective Multicenter IADPSG2 48,502 MLP
(2023) [22]
Alieta United Arab Emi-  Prospective Multicenter IADPSG 3858 ML
(2022) [33] rates
Wuet d China Retrospective Single-center IADPSG 32,190 ML and DL®
(2021) [16]
Lin and Fang China Retrospective Single-center IADPSG 406 ML
(2023) [36]
Yeeta China Retrospective Single-center |IADPSG 22,242 ML
(2020) [37]
Wang et a China Retrospective Single-center IADPSG 1075 ML
(2022) [30]
Wueta China Retrospective Single-center |IADPSG 17,005 ML
(2021) [28]
Wang et a China Prospective Multicenter IADPSG 1139 ML
(2021) [38]
Syngelaki et al England Prospective Single-center NICEd 41,587 ML
(2025) [31]
Donovan et a America Retrospective Multicenter NIH® 11,56,708 ML
(2019) [39]
Kayaet a Turkey Retrospective Single-center |IADPSG 97 ML
(2024) [40]
Hueta China Retrospective Single-center IADPSG 735 ML
(2023) [41]
Liveta China Prospective Multicenter |IADPSG 6848 ML
(2022) [34]
Leeetd Korea Prospective Multicenter NIH 1443 ML and DL
(2021) [42]
Kumar et a Singapore Prospective Multicenter |IADPSG 222 ML
(2022) [35]
Bigdeli et a Iran Retrospective Single-center NIH 743 ML
(2025) [14]
Kurt et a Turkey Prospective Multicenter |IADPSG 489 DL
(2023) [15]
Cubillos et @ Chile Retrospective Single-center IADPSG 1611 ML
(2023) [21]
Ding et a China Retrospective Single-center |IADPSG 554 ML
(2024) [43]
Kangeta Korea Retrospective Multicenter NIH 34,387 ML
(2023) [29]
Zhao et a China Retrospective Single-center |IADPSG 1,03,172 ML
(2025) [32]
Liueta China Prospective Multicenter IADPSG 19,331 ML
(2020) [44]
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3 ADPSG: International Association of Diabetes and Pregnancy Study Groups.

BML: machine learning.

°DL: deep learning.

dNICE: National Institute for Health and Care Excellence.
ENIH: National Institutes of Health.

ROB in Studies

Based on the PROBAST checklist, each study was assessed in
termsof participants, predictors, outcomes, and analysis (Figure
2). Themgjority of studiesconsistently demonstrated low overall
ROB and high applicability, indicating reliable methodol ogy.
However, in terms of overall ROB, 5 studies were rated as
“unclear” [15,33,35,37,40]. One study wasidentified as having

“highrisk” in overall applicability duetoinsufficiently detailed
descriptions of predictors used in model development [15].
Additionally, within the analysis domain, 2 studies were rated
as“unclear” dueto relatively small sample size, and this might
also be one of the potential sources of bias[35,40]. In summary,
most studies exhibited strong methodological quality and
applicability. The detailed quality assessment of the included
studiesis detailed in Multimedia Appendix 3.

Figure 2. Risk assessment of the included models. This graph summarizes the methodological quality of the included prediction models, categorizing
ROB across key domains to help readers assess the reliability of the evidence. ROB: risk of bias

Participants(Risk of Bias) —
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25%
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Performance of Al Algorithmsfor GDM

A total of 14 studies conducted on independent patient
populations were included with the aim of evaluating the
predictive value of Al agorithms for GDM
[15,16,21,22,28,29,36-43]. Since some studies used multiple
Al algorithms to construct several prediction models, this
systematic review selected the model with the best performance
reported in each study for meta-analysis. The pooled sensitivity
was 0.78 (95% Cl 0.69 - 0.86; 1=0.15, 1°=0.02; Pl 0.47 - 1.09),
and specificity was 0.85 (95% Cl 0.78 - 0.92; 1=0.11, 1>=0.01;
Pl 0.59-1.11) after adjustment for the
Hartung-K napp-Sidik-Jonkman method (Figure 3). The wide
Pls indicated substantial heterogeneity in real-world
performance across popul ations, supporting the recommendation
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for local validation in the target population before clinical
deployment. Note that the upper bounds of the Pls exceeded
1.0, specifically reaching 1.09 and 1.11. Thisoccurred asaresult
of back-transformation from thelogit scale and was arecognized
statistical artifact, which did not indicate actual predictive
performance greater than 100%.

As depicted in Figure 4, the SROC curve revealed the AUC of
0.94 (95% CI 0.92 - 0.96) for Al agorithms predicting GDM,
suggesting a strong predictive capability. Furthermore, we set
the pretest probability at 20% based on the pretest probability
of the disease. At this level, when patients were predicted to
have GDM by the Al algorithms, thetrue positive rate was 79%,
and when the prediction was not GDM, the false negative rate
was 4% (Figure 5). Moreover, the model demonstrated apositive
LR of 15 and a negative LR of 0.17 (Figure 5). However, the
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summary LR plot for the Al algorithmswaslocated in the upper
right quadrant (positive LR>10 and negative LR>0.1:
confirmation only), and the individual studies were widely
dispersed (Figure 6). The results indicated that while the
prediction modelsbuilt on Al algorithms generally demonstrated
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acceptable performance, they were not yet adequate for
definitive diagnosis or exclusion of GDM. Additionally, there
were notable variations in performance among the existing
models.
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Figure 3. Forest plots of sensitivity and specificity in 14 included studies on using artificial intelligence algorithms for predicting gestational diabetes
mellitus. Each horizontal line represents the performance estimate of an individual study, with the diamond indicating the pooled result. The wide
variability across studies highlights substantial heterogeneity in model performance [15,16,21,22,28,36-44]. DNN: deep neura network; GBDT:
gradient-boosting decision tree; LR: logistic regression; RF: random forest; RNN-LSTM: recurrent neural network-long short-term memory; SVM:
support vector machine; XGBoost: extreme-gradient boosting.
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Yitayeh Belsti et al (2023) Catboost 0.9100
Yanting Wu et al {2021) DNN 0.8200
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Figure 4. SROCs of included studies. This plot shows the overall diagnostic accuracy of artificial intelligence algorithms, with the curve position
indicating the trade-off between sensitivity and specificity across different thresholds. The high AUC (0.87) reflects strong average discriminatory
power. SROC: summary receiver operating characteristic curve; AUC: area under the curve.
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Figure 5. Fagan nomogram of artificial intelligence (Al) algorithms for predicting gestational diabetes mellitus. The first column of this nomogram
represents the pretest probability, the second column represents the likelihood ratio, and the third shows the posttest probability. Interpretation: This
tool helps clinicians estimate how a positive or negative test result changes the probability of gestational diabetes mellitus. The limited shift from pre
to posttest probability indicates that current Al models provide only modest diagnostic valuein clinical practice.
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Figure 6. Likelihood ratio dot plot of artificia intelligence algorithms for predicting gestational diabetes mellitus. The position of the summary point
in the upper right quadrant indicates that current artificial intelligence algorithms have confirmation but limited exclusion ability (positive likelihood
ratio>10 and negative likelihood ratio>0.1), supporting their role as screening adjuncts rather than definitive diagnostic tools. LRN: likelihood ratio for

anegative test; LRP: likelihood ratio for a positive test.
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Predictors The consistently reported and clinically salient predictors were

From the modelsincluded in this systematic review, all reported
predictors were systematically extracted and cataloged. The
selection of key predictorsfor presentation and further analysis
was based on three principa criteriaz (1) clinical and
pathophysiological relevance to GDM development, as
established in prior literature and clinica guidelines; (2)
frequency of reporting across theincluded studies, ensuring the
findings were representative of common modeling practices,
and (3) feasibility of metaranalytic synthesis, prioritizing
variables with consistent definitions and measurements.
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age, pre-pregnancy body mass index, first-trimester fast blood
glucose, family history of diabetes, parity, gravidity, and history
of GDM. Thesefactorswere well-recognized risk determinants
in existing GDM etiological research and screening protocols.
Detailed information is provided in Multimedia Appendix 4.

Assessment of Small-Study Effects

Deek test (P=.03) and the funnel plot (Figure 7) both showed
clear asymmetry, suggesting the presence of small-study effects.
This asymmetry might stem from publication bias, selective
reporting, and methodological differences among smaller
studies.
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Figure 7. Deek funnel plot asymmetry test of small-study effects. The asymmetric distribution of studies suggests potential publication bias, where
smaller studies reporting higher accuracy may be overrepresented in the literature.
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indicating the absence of athreshold effect among the studies
included in this systematic review. Moreover, some individual
Threshold Effect Analysis studies fell outside the shaded area, indicating the potential
presence of heterogeneity.

Heterogeneity Analysis

Bivariate boxplot (Figure 8) showed a positive correlation
between the sensitivity and specificity of the included studies,
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Figure8. Bivariate boxplot of threshold effect analysis. This plot evaluates whether heterogeneity in results can be explained by differencesin diagnostic
thresholds used across studies, with dispersed points indicating substantial variability beyond what threshold effects alone can explain.

Bivariate Boxplot

5 —
4
0 A |
L
® ®
= ®
O o ©
]
e ®
®©
i ©®
1 0 ®
®@
0 -
I I @ I ]
0 2 4 6 8
LOGIT_SPEC
. Figure 9. Among the subgroup model s with sparse-data studies
Subgroup Analysis removed, the models using the RF agorithm exhibited the

To evaluate the performance of prediction models constructed
using various algorithms, subgroup analyses were performed
on models that had been used in at least 3 studies, after first
excluding 2 studies with extreme values caused by sparse data
[40,42]. The performance of each algorithm was assessed using
AUC, sensitivity, specificity, positive LR, negative LR, and
diagnostic odds ratio (DOR). Details are presented in Table 3
and forest plots for sensitivity and specificity are shown in

https://www.jmir.org/2026/1/€79729

highest AUC, followed by those using the XGBoost algorithm,
while the models using the logistic regression agorithm
demonstrated the lowest AUC performance. Additionally, these
models demonstrated varying performance across different
metrics. The RF agorithm exhibited the highest sensitivity
(0.83, 95% CI 0.74 - 0.93), while the XGBoost algorithm
demonstrated the highest specificity (0.82,95% Cl 0.77 - 0.87)
and DOR (49, 95% Cl 11 - 211).
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Table. Subgroup analysis of predictive performance across different artificial intelligence algorithms.

Liang et a

Models Logistic regression Random forest XGBoost? svmP P value
Number 8 4 4 4 _c
Aucd 0.75 0.87 0.86 0.78 <.001
Sensitivity (95% Cl)  0.67 (0.62 - 0.72) 0.83(0.74 - 0.93) 0.82 (0.79 - 0.85) 0.61 (0.36 - 0.86) <.001
Specificity (95% Cl)  0.72 (0.66 - 0.79) 0.80 (0.75 - 0.85) 0.82 (0.77 - 0.87) 0.80 (0.61 - 0.99) 03
Positive LR® (95% Cl) 28 (17 - 4.7) 45(35-5.7) 10.1(29 - 35.3) 42(19-92) <.001
Negative LR (95% Cl) 0.42 (0.31 - 0.55) 0.17 (0.09 - 0.31) 0.21(0.16 - 0.27) 0.45 (0.34 - 0.60) <.001
DOR' (95% Cl) 7(3-15) 26 (12-58) 49 (11-211) 9(5-17) <.001

X GBoost: extreme gradient boosting.
bsvm: support vector machine.

°Not applicable.

4AUC: area under the curve.

€LR: likelihood ratio.
'DOR: diagnostic odds ratio.
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Figure9. Forest plots of sensitivity and specificity in subgroup analysis. This forest plot presents pooled sensitivity and specificity estimates stratified
by algorithm type (logistic regression, random forest, XGBoost, and SVM), alowing visual assessment of performance variability across model
subgroups. The width of Cl values reflects the precision of each estimate, while consistent point estimates across studies within a subgroup indicate

algorithm-specific stability in diagnostic performance [16,21,22,28,36,38,39,41-44]. DL: deep learning; SVM: support vector machine; XGBoost:
extreme gradient boosting.
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Meta-Regression Analysis

To further explore the potential sources of heterogeneity in the
performance of prediction models, a meta-regression analysis
was conducted by including the study design (whether the study
was conducted in Asia), study type (whether it was prospective),
study design (whether it was multicenter), sample size (whether
it exceeded 1000), GDM diagnostic criteria (whether it was
based on IADPSG), and the timing of model use (whether it
was in first trimester). Through meta-regression, we identified
sources of heterogeneity among studies and evaluated their
impact on diagnostic outcomes. Theresultsindicated that study
type significantly influenced heterogeneity among studies, with

Liang et a

a trend toward increased predictive accuracy in prospective
study designs (regression coefficient=2.289; P=.001). And the
sample size had asubstantial impact on the heterogeneity across
studies, with predictive accuracy declining as the sample size
increased (regression coefficient=—2.535; P=.001; Figure 10).
Thismight reflect overfitting in small single-center datasets and
greater clinical heterogeneity in large multicenter cohorts.
Moreover, given the disparities among regions, the study area
also served as one of the potential sources of heterogeneity
(regression  coefficient=—2.139, P=.002). The detailed
procedures of the meta-regression are provided in Multimedia
Appendix 5.

Figure 10. Bubble plot of meta-regression examining the association between sample size and predictive accuracy. This bubble plot visualizes the
relationship between study sample size (log-transformed) and predictive accuracy (log-transformed diagnostic odds ratio) across all included studies.
Each circle represents an individual study. The fitted regression line demonstrates a significant negative association, indicating that larger sample sizes
tend to be associated with lower diagnostic accuracy. The plot provides an intuitive graphical confirmation of the quantitative meta-regression results,
highlighting sample size as an important source of heterogeneity in model performance. log(DOR) values were truncated at +3 for extreme cases ( fp=0

or fn=0).
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Discussion and Fagan nomogram analyses indicated that existing models
Overview were insufficient to independently confirm or exclude GDM,

This systematic review and meta-analysis aimed to evaluate the
predictive performance of Al agorithms for GDM, compare
the efficacy of different algorithms, and determine the key
performance determinants. The pooled analysis revealed that
Al-based models exhibited robust predictive capability for GDM
prediction. However, the wide Pls revealed substantia
performance heterogeneity in real-world applications, urging
cautious interpretation of the currently summarized
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so their present role should be positioned as an adjunct screening
tool.

Consistent with the mainstream research trend, this systematic
review further confirmed the dominant role of the RF algorithm
in predicting GDM, which corroborated the findings of prior
systematic reviewsthat highlighted ensemble methodsfor their
robustness[14,45]. However, our analysis moved beyond merely
confirming superiority by quantifying its extent and contrasting
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it with other algorithms. Specifically, the RF algorithm
performed the best in key metrics such as AUC and sensitivity,
mainly becauseit handlesthe complex, non-linear relationships
inherentin GDM prediction more effectively than linear models
[46,47]. Thiswas particularly relevant in clinical settingswhere
data could be incomplete; the inherent ability of RF to handle
missing values gracefully contributed to its stronger robustness
when dealing with theimperfect data often presented in routine
care, whichwasacritical practical advantagefor implementation
in real-world settings[47]. In contrast, the XGBoost algorithm
demonstrated higher specificity, probably benefiting from its
built-in regularization and feature-importance ranking, which
made it more proficient at identifying true-negative cases
[48,49]. It was worth noting that the 95% CI for the DOR of
XGBoost waswide, reflecting marked between-study differences
in sample size, event rate, or clinica heterogeneity and
indicating that its actual diagnostic consistency was highly
dependent on specific population characteristics and
implementation settings. Notably, this systematic review
identified and emphasized methodological heterogeneity as a
key driver of performance disparities. Inconsistencies across
studies in data preprocessing (eg, handling of missing values
and feature scaling), validation strategies (eg, data split ratios
and internal validation methods), and performance reporting
standards significantly hindered the comparability and
integrability of research outcomes. Therefore, while pursuing
superior agorithms, future studies should prioritize the
establishment and adherence to methodological reporting
standards for the development and validation of Al-based
prediction models.

To further elucidate the real-world implications of our findings,
our meta-regression analysisidentified several influential factors
related to variations in model accuracy, providing a more
nuanced understanding than simple performance pooling.
Specifically, we found that prospective study design was
associated with significantly higher predictive accuracy. This
might be attributed to more standardized data collection
procedures and better control of confounders in prospective
settings, whereas retrospective studies often relied on preexisting
eHealth record data, which could be heterogeneous and
incomplete [50-52]. These findings aligned with the results
reported by Liu et al [53], who reported that Al-based models
in prospective cohort studies achieved AUC values 4% - 7%
higher than those from retrospective studies. This consistency
across different analyses strengthened the argument for
prioritizing prospective validation designs. Additionally, we
observed that studies with larger sample sizes tended to report
lower accuracy estimates. This counterintuitive finding was
crucial, asit likely reflected greater demographic and clinical
diversity in larger cohorts, thereby reducing overfitting and
offeringamore redlistic, generalizabl e performance assessment
than optimistic estimates from small, homogeneous samples.
This underscored that larger, more diverse studies provided a
more trustworthy evidence base for clinical deployment.
Similarly, studies conducted in certain geographic regions also
showed systematically lower accuracy, possibly dueto regional
differencesin diagnostic criteria, risk factor prevalence, or health
care infrastructure. These findings indicated that the
performance of a model depended not only on the algorithm
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itself but was also profoundly shaped by the environment in
which it was developed and validated. This had direct
implications for implementation: a model successful in one
region might not trandlate directly to another without adaptation
and local validation.

Despite the strong performance of some algorithms, Al models
still faced critical barriersto clinical deployment that should be
addressed to realize their potential [54]. These included the
“black-box” nature leading to limited interpretability, a
persistent lack of large-scale external validation in diverse
populations, and the absence of standardized interfaces for
integration with existing clinical workflows—especially eHealth
record systems [55,56]. To overcome these barriers, future
efforts should adopt a multifaceted implementation-science
approach. Thisentails: (1) prioritizing prospective, multicenter
validation studies to generate high-grade, generalizable
evidence; and (2) incorporating explainable Al techniques to
enhance model interpretability and foster clinician confidence.
Ultimately, realizing thefull potential of Al in GDM prediction
requires a concerted shift from merely developing accurate
algorithms to engineering clinically viable, trustworthy, and
deployable solutions.

Limitations

However, several limitations exist in this systematic review and
meta-analysis. First, most included studies and citations focused
on East Asian populations, which might limit the generalizability
of our findingsto multi-ethnic or low-resource settings. External
validation in diverse cohorts from Europe, North America, and
Africashould therefore be needed to assess global applicability
and to examine performance after feature-set simplification.
Second, owing to limited application frequency, several
emerging algorithms such as artificial neural networks and DL
were not included in the subgroup analysis. Future studies
should pay attention to the development of these emerging
algorithms, verify their performance through more empirical
studies, and explore their unique value in GDM prediction.
Third, the Deek funnel plot asymmetry test indicated potential
publication bias, suggesting that studies reporting higher
performance metrics might be overrepresented. This could
inflate the pooled estimates and limit generalizability. Future
studies should consider preregistering protocols and sharing
analysis code and datasetsto improve reproducibility and reduce
selective reporting.

Conclusions

This systematic review and meta-analysis confirmed the strong
discriminative performance of Al modelsfor GDM prediction.
However, substantial heterogeneity, publication bias, and
small-study effects currently limited their readiness for direct
clinical deployment. Unlike previous narrative reviews, this
study innovatively provided the first direct comparative and
guantitative synthesis of multiple Al algorithms in this field.
This approach filled a critical gap in existing literature by
offering an evidence-based framework to guide algorithm
selection, rather than merely summarizing performance metrics.
The key implication for rea-world application was the
demonstrated need for local validation in target populations
before implementation. To trandate this potentia into practice,
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future studies must prioritize prospective, multicenter, interpretableand seamlessly integrableinto clinical workflows,
large-scale external validations. The ultimate goal was to thereby enabling reliable Al-driven early prediction and
develop Al tools that were not only accurate but also management of GDM.
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Abstract

Background: The transformation of digital health technologies has reshaped health care delivery in primary care. Despite these
benefits, older adults remain among the most resistant users. Traditional technology adoption models may not fully capture this
reluctance, which is shaped not only by usability challenges but also by emotional, psychological, and identity-related concerns.
Innovation resistance theory (IRT) offers a complementary framework focused on barriers to adoption rather than solely on
facilitators.

Objective: This study aimsto map and synthesize evidence on older adults’ resistance to digital health in primary care through
the lens of IRT, and to examine how resistance factors align with, extend, or refine IRT’s functional and psychological barriers.

Methods: A scoping review with concept-driven thematic synthesis was conducted. A search for studies published between
2014 and 2025 was conducted across 5 databases: PubMed, CINAHL, Ovid Medline, Web of Science, and Scopus; the final
search was completed in November 2025. Eligible studies were those that examined barriers or resistance to digital health use
among adults aged 60 years and older in primary care settings. Search terms included “older adults,” “digital health/eHealth,”
and “technology resistance.” We excluded studies outside primary care and in which caregivers or health care professionals were
the primary users. Data were extracted into a structured matrix and coded to the IRT domains: usage, value, risk, tradition, and
image barriers. Relational integration was used to examine co-occurrence and linkages among barriers to inform the conceptual
model.

Results. Seventeen studies were included, comprising 6822 participants (sample sizes ranged from 11 to 4525). Most studies
were conducted in high-income Western countries, predominantly with qualitative designs, alongside mixed-methods and
cross-sectional surveys. Functional barriers included usability challenges, interface complexity, and age-related impairments.
Psychological resistance was linked to emotional discomfort, symbolic misalignment, and concerns about the loss of relational
care. Value and risk concerns included distrust in diagnostic accuracy, privacy and data security, and skepticism about care
quality. Traditional preferences for face-to-face interactions and generational digital divides reinforced image-based resistance.
I nteractions between barrierswereidentified, with low self-efficacy and technol ogy anxiety creating feedback loopsthat reinforce
avoidance behaviors.

Conclusions: Older adults’ resistance to digital health is not simply alack of adoption but a complex, emotionally grounded
process involving functional, psychological, and identity-based barriers. This review applies IRT to primary care digital health,
shifting the focus from adoption facilitators to resistance mechanisms and integrating co-occurrence patterns into a conceptual
model. The synthesis reveals interacting factors of usability, self-efficacy, anxiety, trust, and legitimacy concerns that reinforce
avoidance, suggesting that implementation strategies should extend beyond technical usability to rebuild trust, preserve rel ational
care, and align digital solutionswith older adults' values. Review limitationsinclude the predominance of Western-based studies
and limited longitudinal data on how resistance evolves.

(J Med Internet Res 2026;28:€75591) doi:10.2196/75591

KEYWORDS

older adults; digital health; telemedicine; technology resistance; technology adoption; primary health care; innovation resistance
theory
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Introduction

Background

Thedigital transformation of health care has been driven by the
integration of telemedicine, mobile heath (mHealth)
applications, electronic health records, and wearable devices,
which have significantly reshaped the delivery of medical
services. Theseinnovations addressthe limitations of traditional
care models, which often struggle to meet the evolving demands
of hedlth care, particularly for aging populations in rural or
underserved areas[1]. By improving accessto care, supporting
chronic disease management, and promoting preventive health
care initiatives, digital health technologies offer promising
solutions.

Notably, older adults, who often face mobility limitations,
chronicillnesses, and restricted accessto traditional health care
services, arelikely to gain substantial benefitsfrom these digital
health innovations|[2,3]. However, despite the potential benefits,
ol der adults remain among the most resistant groupsto adopting
these technologies [4]. This reluctance is widely documented
in prior research and often attributed to multiple factors,
including limited digital literacy, usability concerns, lower
self-efficacy, privacy concerns, and a strong preference for
in-person health care interactions. These barriers contribute to
older adults’ limited willingness to engage with digital health
care solutions [5-7].

The persistence of thisreluctance suggeststhat adoption-centric
models may offer an incomplete explanation, highlighting the
need for complementary resistance-focused frameworks. To
better understand these patterns, we first reviewed established
technol ogy adoption modelsused in hedlth care, clarifying their
scope and limitations, and then introduced innovation resistance
theory (IRT) asacomplementary resistance-focused framework.

Existing Technology Adoption M odels

Established theoretical models, such as the technology
acceptance model (TAM) and the Unified Theory of Acceptance
and Use of Technology (UTAUT), have been widely used to
explain individuals' adoption and use of new technologies [8].
These models highlight factors such as perceived usefulness,
ease of use, performance expectancy, and socia influence as
key determinants of technology adoption [9,10]. Complementary
to these, Rogers Diffusion of Innovations Theory describes
how new technologies spread through populations by
considering factors such as adopters characteristics,
communication channels, and social systems [11]. These
frameworks have been extensively validated and remain central
toolsfor understanding and measuring technol ogy acceptability
and usage intentions in health care.

In the context of older adults digital heath use,
adoption-focused models provide valuable insightsinto factors
associated with acceptance and initial uptake; however, prior
literature suggests that older adults' persistent nonuse and
resistance are also shaped by affective, psychological, and
contextual factors that are not always represented as central
constructsin these models[12]. For example, a scoping review
by Wilson et a [13] applied UTAUT2 asan analytic framework
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to map barriers and facilitators to eHealth use among older
adults. They identified gaps in the evidence base for certain
UTAUT2 constructs (eg, habit and hedonic motivation)
alongside recurring concerns related to privacy, trust, and
support needs [13]. Another empirical study showed that older
adults’ intention to use mHealth was not explained solely by
perceived ease of use and perceived usefulness, with
person-related, technology-related, and contextual barriers
influencing adoption [14]. Fox and Connolly further argue that
research on older adults’ resistance to mHealth remains limited
and therefore examine how privacy concerns, trust, and risk
beliefs influence willingness to adopt beyond standard
adoption-model constructs[15]. Taken together, these findings
suggest that complementing adoption-focused models with
resistance-oriented frameworks may better capture why some
older adults actively avoid digital health technologies, including
perceived risks, emotional discomfort, and contextual constraints
[12,16-18]. Accordingly, adoption-focused models may
emphasize intention and perceived benefits, whereas
nonadoption can also reflect an active decision-making process
shaped by perceived risks and psychological discomfort.
Therefore, we propose complementing adoption-focused theories
with aresistance-oriented framework, such as IRT.

Innovation Resistance Theory (IRT) asa Conceptual
Framework

IRT, introduced by Ram and Sheth [19], was developed to
understand consumer resistance to marketing innovations and
their behavior. Unlike models that emphasize adoption
facilitators, IRT focuses on understanding why individuals
hesitate or actively refuse to adopt new products, services, and
ideas, even when they offer potential benefits[19]. The strength
of IRT liesinitsfocus on perceived barriersrather than enablers,
making it well-suited for populations such as ol der adults, where
complex emational, cognitive, and contextual factorsinfluence
nonuse. By focusing on the barriers, IRT offers a different
perspective that shifts attention from the characteristics of
innovations themselves to the reasons behind consumer
reluctance to adopt them, especialy when such adoption
threatens established habits and routines or involves perceived
risks [20-22]. In this view, resistance is not merely a lack of
adoption but an active process that focuses on barriers to
acceptance, including functional, psychological, and social
resistance factors [19].

Resistance is defined as a multidimensiona construct
encompassing 3 dimensions. cognitive resistance, which
involves individuals appraisal of innovations and their
perceived risks, affective resistance, which stems from
emotional responses such as fear, frustration, or anxiety; and
behavioral resistance, which manifestsin actions ranging from
passive disengagement to active opposition [23,24]. Within the
IRT, these dimensions are further classified into functional and
psychological barriers. Functional barriers include the usage
barrier, which reflects the extent to which an innovation is
perceived asrequiring changesto established routines or habits;
the value barrier, which arises when the individual perceives
that the benefits of an innovation do not outweigh its costs; and
the risk barrier, which represents concerns about the financial,
functional, and social consequences of adopting an innovation.
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Psychological barriers encompass traditional barriers, which
refer to the degree to which an innovation forces an individual
to accept changesthat challenge cultural normsor long-standing
behaviors, and image barriers, which relate to the degree to
which an innovation is perceived as having an unfavorable
image or negative associations [19,25]. These psychological
categories often reflect deeper symbolic concerns, such as
identity, generational belonging, or perceived legitimacy of
digital care. This classification alows IRT to capture the
multifaceted nature of resistance in older populations,
particularly their emotional unease, normative preferences, and
experiential distrust of digital systems. By categorizing
resistance into functional and psychological barriers, IRT may
provide a comprehensive framework for understanding why
older adults struggle to adopt digital health solutions.

Over time, IRT has gained strong empirical support across
different service and technology contexts. For example, in
mobile banking research across Thailand and Taiwan, IRT
barriers explained 60% - 66% of the variance in resistance
intentions, with usage, value, risk, and image barriers showing
statistically significant effects [21]. In a large Italian survey,
Spinelli et al [26] showed that usage barriers and value-related
concerns significantly reduced both actual mobile payment use
and intention to adopt, whereas risk and image barriers had
weaker or nonsignificant effects, and their impact varied across
technol ogy-readiness clusters[26]. Similarly, astudy of Internet
and mobile banking in Finland found that the value barrier was
the dominant inhibitor of adoption and intention to adopt, while
image and tradition barriers differentiated postponers from
rejecters across seemingly similar service innovations [20].

Together, these findings demonstrate that IRT-based barriers
have substantial explanatory power for resistance to digital
innovations. Therefore, inthisreview, we apply IRT to structure
the evidence on older adults' resistance toward digital health
technologies and to examine whether the identified resistance
factors map onto, extend, or refine the original IRT barrier
categories. The aim of this scoping review was to synthesize
and conceptualize evidence on ol der adults' resistanceto digital
health technologiesin primary care using IRT. Specifically, we
aimed to identify and categorize resistance factors into IRT
functional and psychological barriers and to examine how these
barriers co-occur and interact to inform a conceptual model of
resistance. The review was guided by the following research
questions: (1) What is known from the existing literature about
older adults' resistance to using digital health technologies for
monitoring and management in primary health care? (2) What
are the functional (usage, value, risk) and psychological
(tradition, image) IRT barriersreported across studies? (3) How
do IRT barriers co-occur and link within and across studies?

Methods

Study Design

The methodol ogy for this scoping review followsthe framework
proposed by Arksey and O'Malley [27], incorporating
refinementsby Levac et al [28], and the Joanna Briggs I nstitute
(JBI) Reviewers Manual [29]. We selected the scoping review
approach to explore the current body of knowledge regarding
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older adults' resistance to digital health technologies through
the lens of IRT, as it is well-suited to mapping the existing
literature, identifying and interpreting patterns of functional and
psychological resistance across heterogeneous study types.
Within this design, our goal was to provide a theory-informed
synthesisthat evaluateshow well IRT accountsfor older adults
resistance to digital health in primary care and to identify
conceptual and empirical gapsthat warrant further investigation
and measurement development. The reporting of this scoping
review was guided by the Preferred Reporting Items for
Systematic Reviews and Meta- Analyses Extension for Scoping
Reviews (PRISMA-ScR) guidelines [30]. Reporting of the
search methods followed the Preferred Reporting Items for
Systematic Reviews and Meta-Analyses literature search
extension checklist (PRISMA-S) [31] to ensure transparent and
complete reporting. The completed PRISMA-ScR checklist is
provided in Checklist 2, and the PRISMA-S checklist is
provided in Checklist 1.

Stage 1: Identifying the Research Question

The review was guided by predefined research questions
(presented at the end of the Introduction section) informed by
IRT and scoping review guidance.

Stage 2: Searching and I dentifying Relevant Studies

A literature search was conducted across 5 major databases:
PubMed, CINAHL, Ovid Medline, Web of Science, and Scopus,
to identify peer-reviewed publications relevant to the research
guestion. These databases were selected for their broad coverage
of health, behavioral, and interdisciplinary studies on older
adultsand digital health. Each database was searched separately
through itsweb interface, and all retrieved records were exported
to Mendeley (version 1.63.0; Mendeley Reference Manager)
for deduplication. Review studies were not included in this
scoping review; however, their reference lists were screened to
identify potentially eligible primary studies. No study registries
were searched. Apart from reference-list screening, no additional
sources were searched, and no citation searching was
undertaken. We did not contact authors to identify additional
studies, and no other search methods were used beyond those
described. We did not use any previoudly validated searchfilters.
Search strategies were developed specifically for this scoping
review by the authors and were not peer reviewed by an
independent expert before execution. We did not adapt or reuse
search strategies from previous literature reviews for any
substantive part of our search.

The search was carried out on December 20, 2024, and was
rerun on November 18, 2025, to identify newly published studies
since the initial search. The search followed the JBI PCC
structure (Participants, Concept, Context) and combination of
the following keywords and MeSH terms. “older adults’
“elderly” phenomena of “digital health” “eHealth
“Telemedicine” and context of “primary health care” and
“barriers to health technology.” Boolean operators were used
to combine search strings (eg, AND, OR). Title and abstract
screening and full-text review were conducted by 2 independent
reviewers (YB and RTS). The search strategy and keyword
combination can be found in Multimedia Appendix 1.
Additionally, reference lists of included studies were manually
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Stage 3: Selecting the Relevant Studies

Inclusion and Exclusion Criteria

The review included papers that met predefined inclusion and
exclusion criteria aligned with the JBI PCC framework for

scoping reviews (Table 1).

Table. Study eligibility criteria (Population-Concept-Context) for the scoping review.

Criteria

Inclusion

Exclusion

Participants/popul ation

Concept (intervention)

Context (cultural factors, geographic location,

Older adults aged 60 years and older

Use of mHealth® for monitoring and man-
agement

mHealth: telemedicine, mobile phone apps,
smartphone apps, web-based systems
Resistance or barriers to the use of digital
health technologies

Useof digita health technologiesin primary

Children, adolescents, and younger adults
aged <60 years

Caregivers

Health care professionals

Use of mHealth telemonitoring for patients
who are not adults and younger adults aged
<60 years

Use of mHealth telemonitoring by care-
givers or health care professionals

Secondary/tertiary care: hospital inpatient

setting) health care

Type of studies .
studies

«  Observationa and experimental, cross-sec-

Qualitative, quantitative, or mixed methods

wards, surgical centers
«  Emergency/urgent care

Conference abstracts, editorials, commen-
taries, letters to editor, essays, book chap-
ters, and books

tional, or longitudinal, randomized con-
trolled trial or nonrandomized or noncon-
trolled trial, case series or case reports

Language . English

Publication date « From2014

o  Language other than English

3mHealth: mobile health.
BNot applicable.

The context of the review centered on the resistance to digital
health within the framework of IRT. Publications addressing
the use of digital health within the resistance domains of usage,
value, risk, traditional, and image barriers were considered,
while those focusing solely on the description of digital health
adoption and facilitators were excluded. Also, no minimum
sample size threshold was applied. Consistent with the objectives
of a scoping review, studies were eligible regardless of their
sample size to maximize coverage of designs (qualitative,
guantitative, mixed methods) and contexts.

Study Selection Process

The studies were screened against the inclusion and exclusion
criteriadevel oped by the authors. The selection processfollowed
three steps: (1) Title and abstract screening to removeirrel evant
or duplicate records; (2) Full-text review based on predefined
inclusion and exclusion criteria; and (3) Final inclusion based
on relevance for examination of resistance to digital health
technol ogies among older adults.

A total of 4976 records were identified through database
searches, and 2387 duplicates were removed. After screening
2589 titles and abstracts, 227 full-text articles were reviewed.
Two independent reviewers (YB and RTS) evaluated relevant

https://www.jmir.org/2026/1/€75591

publicationsfor eligibility and selected qualifying publications
based on the inclusion/exclusion criteria. We used a
consensus-based approach, prioritizing unanimous agreement
through re-evaluation of the eligibility criteria; if consensus
could not be reached, a third reviewer would adjudicate. An
initial pilot screening was conducted independently by both
reviewers to ensure consistent interpretation of the eligibility
criteria. Discrepancies identified at this stage were resolved
through discussion and used to refine the criteria, resulting in
full agreement during subsequent screening. A total of 17 studies
met the inclusion criteria and were included in the fina
synthesis. A PRISMA flow diagram illustrates the selection
process.

Stage 4: Charting the Data - Data Extraction and
Synthesis

Two authors independently extracted data from all included
studies. Datawere charted using astandardized extraction form
developed for this review, capturing study design, aims,
population, type of digital hedth intervention, and
resistance-related findings. Using a concept-driven thematic
synthesis, findings were organized into 5 resistance categories
from the IRT: usage, value, risk, tradition, and image barriers.

JMed Internet Res 2026 | vol. 28 | €75591 | p.92
(page number not for citation purposes)


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

JOURNAL OF MEDICAL INTERNET RESEARCH

A structured matrix was used to map resistance dimensions
across the studies. Barrier statements were first open-coded
descriptively and then mapped to one IRT family using
prespecified rules. Data charting was conducted by the 2 authors,
and disagreements were resolved by consensus.

Stage 5: Collating, Summarizing, and Reporting the
Results

Findings were organized in three layers. (1) mapping of the
evidence base (study characteristics, settings, modalities), (2)
concept-driven qualitative synthesis using IRT classification
(usage, value, risk, tradition, and image), and (3) relational
integration examined interconnections across IRT barriers. We
extracted and coded barrier co-occurrences and linkages reported
in the studies’ results sections and participant quotations when
two or more barriers were described as co-occurring or
interacting. Linkswere considered explicit when directly stated,
inferential when implied within astudy’s narrative context, and
integrative when consistent patterns recurred across multiple
studies (worked examples are provided in the Results).
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Results

General Characteristics of the Studies

The database search initially identified 4976 records. After
removing duplicates, screening titles and abstracts, and full
papers, 17 studies were included in the final synthesis (Figure
1). Theincluded papers represent a predominantly high-income
Western countriesfrom the United States (n=4), Sweden (n=3),
the Netherlands (n=3), Canada (n=2), Finland (n=1), Norway
(n=1), and the United Kingdom (n=1), with only 2 studiesfrom
non-Western settings Israel (n=1) and Indonesia (n=1). Eleven
studies were qualitative, 3 studies were cross-sectional, and 4
studieswere mixed methods designs. Sample sizesranged from
11 to over 4500 participants, though qualitative samples were
generdly smaller and in-depth. In terms of digita health
modalities, most studies focused on telemedicine or digital
consultations (12/17) and patient portals or eHealth services
(8/17), with comparatively few studies examining mobile apps
or tablets (3/17) and wearables or remote monitoring (2/17)
(Table 2).
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Figure 1. PRISMA (Preferred Reporting Items for Systematic Reviews and Meta-Analyses) flow diagram of the screening and selection process for

the Scoping Review on resistance to digital health among older adults.
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Table . Included studies on older adults resistance to digital health technologies (n=17). This table presents the country, study design, population
sample size, age range, and digital health modality.

Study design Aims Study population Digital health
Khanassov et al [32] (Cana- Qudlitative study: « Howdoolderadults « 29 older adultsand «  Telemedicinein prima-
da) semistructured interviews and health care profes- health care profession- ry care

Vergouw et al [33]
(Netherlands)

Knotnerus et al
[34](Netherlands)

Bhatiaet al [35]
(United States)

and 3 focus groups to ex-
plorethe experiences of both
older adults and health care
professionals

Qualitative study:
semistructured and think-
aloud interviews

Qualitative study:
semistructured interviews
thematic analysis

Cross-sectional multimethod
study: mixed methods
(Quantitative and Qualita-
tive: close and open-ended
questions)

sionals experience the
use of telemedicine?
What are the facilita-
tors and barriersto
telemedicineuseinthe
care of older adults?
What recommenda-
tions can enhance
telemedicine engage-
ment for older adults
and health care profes-
sionals

Identify the needs, bar-
riers, and facilitators
among community-
dwelling older adults
(60 years and older)
with chronic health
conditionsin using
web-based eHealth ap-
plications to support
general practice ser-
vices

Investigate the experi-
ences of older patients
(65 years and older)
who useadigital hedth
platform in general
practice

Identify barriers and
facilitators for using
digital health

Examine whether a
practice’'s focus on
digital health influ-
ences older patients
choice to becomeapa
tient at the practice

Understand ol der
adults experiencewith
primary care
telemedicine since the
COVID-19 pandemic
Identify satisfaction
levels and technical
challengesin
telemedicine use
Provide policy recom-
mendations for the fu-
ture of telemedicine
services

als (family physicians,
nurses, social workers,
physiotherapists)
Agerange 65 - 90
years

19 community-
dwelling older adults
with at least one chron-
ic condition

Mean age 73 (SD 5.3)
years

18 older patients en-
rolledin 2 general
practices
Agerange 68 - 89
years

208 older adults (=65
y) who had a
telemedicine visit
within primary care
visit

Mean age 74.4 (SD
4.4)

eHealth applications for:

« e-Consultation

o  Schedule e-Appoint-
ment

o  e-Prescription ordering

o elLabresultsviewing

o AccesstoeFile

Digital health platform for:

«  Communicate with
genera practitioners

«  Appointment schedul-
ing

o Order repeat medica-
tions

« Telemedicine (tele-
phoneand video visits)
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Study design Aims Study population Digital health
Lam et d [36] Cross-sectional study: data «  Assesstheprevalence « 4525 community- .  Telemedicine (video
(United States) from the 2018 National of telemedicine unreadi- dwelling older adults and telephone visits)

Nymberg et a [37]
(Sweden)

van Houwelingen et & [38]

Health and Aging Trends

Study (NHATS)

Qualitative research using
focus group interviews the-

matic content analysis

A mixed method triangula-

ness and how older
adults may be left be-
hind in the United
Stateswhen the migra-
tion to telemedicine
occurred

Identify key barriers
preventing the use of
video-based
telemedicine

Examine disparitiesin
telemedicine access
based on demographic,
socioeconomic, and
health-related factors

Explore older adults’
beliefs, attitudes, expe-
riences, and expecta-

(=65Y) in the United
States

Mean age 79.6 (SD
6.9)

15 elderly patients
from 3 primary health
care centersin South-

eHealth services and use of
the mobile phone for:

Contacting the health

tionsregarding eHealth ern Sweden, selected care system viaweb
servicesin primary based on chronicdiss «  Self-monitoring of
health care ease status and medica chronic illnesses

Understand factorsin-
fluencing adherenceto
eHealth toolsin prima-
ry care among €lderly
patients

Identify barriers and
facilitators affecting
older adults’ engage-
ment with eHealth ser-
vices

Understand older
adults’ readiness for

tion use
Agerange 65 - 80
years

256 participantsin the

Seeking medical infor-
mation

Telehedlth, focused

(Netherlands) tion design, including a survey and 15 older particularly on the use
cross-sectional survey study telehealth, particularly adults aged 65 years or of videoconferencing
(quantitative phase) and videoconferencing older in the quaitative for health care consulta-
qualitative observationsof  «  Identify factorsinflu- observations tions
older adults performing dig- encing their intention «  Median (IQR) age=71
ital tasksin their daily lives to use videoconferenc- (67 - 76) years

Laukkaet a [39]
(Finland)

Rochmawati et al [40]

Survey study with qualita-
tiveinductive content analy-
sis of open-ended questions

Exploratory qualitative

ing

Examine their capaci-
tiesand barriersin us-
ing digital technology
indaily life

Investigate the prefer-
encesand needs of old-
er adults regarding the
use and devel opment
of digital health and
social services
Understand how digital
health and social ser-
vices can be designed
to more effectively
meet the needs of older
adults

1100 Finnish individu-
alsaged 75 and older
Agerange 75 - 99
years

Telemedicine consulta
tions
eHealth services

Digital health technolo-

study using semistructured
interviews, thematic analysis

gies (mobile apps,
smartwatches) for
health monitoring.

(Indonesia)
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Study design

Aims

Study population

Digital health

Explore the acceptance

11 Older adults with

of eHealth technology chronic conditions (dia-
among older adultsin betes, hypertension)
primary care from asuburban prima-

Examine perceptions,
attitudes, experiences,

ry hedth clinicin In-
donesia

and expectations of « Meanage 66.9 years
older people patients
regarding eHealth ser-
vices used in primary
care
Fiellsi et al [41] Explorativequalitativestudy «  To exploremultimor- « 20 older adultswith Patient portals to share
(Norway) using semistructured inter- bid older adults’ experi- multimorbidity and accessinformation
views ences with participa- (COPD, heart failure, Electronic messaging
tion and eHealthin diabetes, and physical with general practition-
care coordination with disabilities) receiving ers
the support of general primary care services Schedul e appointments
practitionersanddiss «  Mean age 82 (range Order prescriptions
trict nurses 71 - 98) years
Mao et d [42] Mixed methodsneedsassess- «  Identify barriersto o 249 older adults from Telemedicine visits.
(United States) ment (cross-sectional survey telemedicinevideovis- 2 independent living

and qualitative interviews)

itsamong ol der adults

facilities

withdifferingsocioeco- «  Mean age 84.6 (SD
nomic backgrounds 6.6) years
and primary spoken
languages
«  Understand technologi-
cal, cognitive, and lan-
guage-related obstacles
to telemedicine use
«  Provide recommenda
tionsto improve access
and engagement with
telemedicine
Frishammar et a [43] Qualitativeinterviewsand «  Toinvestigateadoption « 22 older adults aged Video calls
(Sweden) processdatafrom a Swedish and usage barriers of =65 years, including Chats
DHP provider digital health platforms both users and Asynchronous messag-
among older adults nonusers of digital ing
«  Tounderstand how to health platforms, as
facilitate increased well asindividuals
adoption and usage of with experienceindigi-
digital health platforms tal health development
among the elderly « Agerange65 - 80
years
Haimi et al [44] Qualitative study using «  Toidentify the chal- o 14 €ederly individuas Telemedicine (phone
(Israel) semistructured interviews. lenges and barriers from aprimary health and video visits)
faced by the senior careclinicin lsragl electronic medical
populationwhenutiliz- «  Mean age=73 (range records prescription re-
ing telemedicine ser- 66 - 85) years fills
vices Digital referrals
Electronic messages
with the medical
provider
Landgren and Cajander [45] Qualitative, semistructured o 13 participants aged Digital health consulta-
(Sweden) interviews. >65 years tions delivered by
o Meanage 74 years video or chat/phone

applicationsin primary
care settings
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Study design

Aims

Study population

Digital health

Ahmed et a [46] (United
Kingdom)

Ufholz et a [47]
(United States)

Sproul et a [48]
(Canada)

Qualitative, focus group
study.

Cross-sectional survey.

Cross-sectional survey

To identify reasons for
nonuse of digital health
consultations among
elderly inrura areas
To describe their atti-
tudes toward technolo-
gy, and possible chal-
lenges and opportuni-
ties.

To explore the experi-
ences, perceptions, and
expectations of older
adults from 3 minori-
tized ethnic group
backgroundsregarding
digitalized primary
care services since the
beginning of COVID-
19.

To assess telemedicine
preparedness of older
primary care patients:
internet use, device
ownership, prior
telemedicine experi-
ence, concerns, and
perceived barriers

To determine what
technologies and apps
arein current use by
older adults, to explore
the types of technolo-
gies and apps that may
be of interest to people
in this age group, to
explore concerns about
technologies, and to
examine any age-relat-
ed differences

27 participants age >65
years

Median (IQR) age=69
(66.5 - 72.5) years

30 community-
dwelling adults aged
265

Agerange 65 - 89
years

266 participants aged
>60 years

60.2% participants
were60 - 74 yearsand
39.8% participants
were 75 years or older

Telemedicine (phone
and video visits)
Web-based services:
View medical records
Schedul e appointments
Order prescriptions

Telemedicinefor prima-
ry care (video/online
visits)

Mobile phones
Tablets
Health-related apps

The IRT framework was used to guide the coding of extracted The findings synthesis is presented in the following sections
findingsinto the 5 barrier domains (usage, value, risk, tradition, and summarized in Tables 3 and 4.
and image).
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Table . Matrix mapping of innovation resistance theory (IRT) functional and psychological barrier domains (usage, value, risk, tradition, and image)
across included studies of older adults’ resistance to digital health in primary care (n=17).

Functional barriers Psychological barriers
Usage barriers Value barriers Risk barriers Tradition barriers Image barriers
Khanassov et a [32] «  Technical chal- o Informality bias « Diagnosticuncer- « In-personprefer- «  Legitimacy gap

lenges o  Limited use per- tainty ence «  Unsuitable for

o Symptomarticula ception o  Missed diagnosis complex care
tion concern

«  Technology us- «  Technology mis-
ability use anxiety

Vergouw et a [33] o Digita learning « Limiteduseper- « Privacyandsecu- o  Symptomarticulaa «  Legitimacy gap

curve ception rity concerns tion
«  Technology us- e  Technology mis- «  In-person prefer-
ability use anxiety ence
o Interfacecomplex-
ity
Knotnerus et al [34] «  Technology us- o« Limteduseper- « Privacyandsecu- « In-personprefer- .«  Legitimacy gap
ability ception rity concerns ence
o Interfacecomplex- o Disruptedcontinu- «  Technology mis-
ity ity of care use anxiety
o Symptomarticula
tion
« Digital learning
curve
Bhatiaet al [35] «  Symptomarticulas pya2 « Misseddiagnosis « In-personprefer- «  Legitimacy gap
tion concern ence o Unsuitablefor
«  Technology us- «  Technology mis- complex care
ability use anxiety
«  Cognitive and o  Missed diagnosis
sensory limita- concern
tions
« Digital learning
curve
Lam et al [36] o Digital learning  N/A N/A o In-person prefer-  N/A
curve ence
o Symptomarticula-
tion

Nymberg et a [37] o Digital learning « Limiteduseper- « Privacyandsecu- « In-personprefer- «  Legitimacy gap

curve ception rity concerns ence «  Generationad digi-
o Techusability. o  Technology mis- «  Preferencefor tal divide
«  Technology anxi- use anxiety physica documen-

ety tation

«  Physical and sen-
sory impairments

Houwelingenetal [38] «  Digital learning  N/A o Technology miss N/A N/A
curve use anxiety
«  Technology anxi- o  Privacy and secu-
ety rity concerns
o  Self-efficacy
deficit
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Functional barriers

Psychological barriers

Laukkaet a [39]

Rochmawati et al [40]

Fiells et al [41]

Mao et al [42]

Frishammar et a [43]

Haimi et al [44]

Landgren and Cajander

[45]

Interface complex-
ity

Self-efficacy
deficit

Language and ter-
minology com-
plexity

Physical and sen-
sory impairments
Technology us-
ability

Self-efficacy
deficit

Digital learning
curve

Technology us-
ability

Interface complex-
ity

Physical and sen-
sory impairments
Digital learning
curve technical
challenges lan-
guage barriers
Cognitive and
Sensory impair-
ments
Symptomarticula-
tion

Physical and sen-
sory impairments
Technical chal-
lenges
Technology anxi-
ety

Interface complex-
ity

Digital learning
curve
Self-efficacy
deficit
Technology anxi-
ety

Symptomarticula-
tion

Technology anxi-
ety

Language and ter-
minology com-
plexity

Technical chal-
lenges

Physical and sen-
sory impairments

N/A

Limited use per-
ception

Limited use per-
ception
Informality bias

Limited use per-
ception
Informality bias

Limited use per-
ception
Limited use per-
ception

Limited use per-
ception
Informality bias

Limited use per-
ception
Informality bias

N/A

Fraud and scam
concerns

Privacy and secu-
rity concerns

Diagnostic uncer-
tainty

Missed diagnosis
concern
Technology mis-
use anxiety

Diagnostic uncer-
tainty

Diagnostic uncer-
tainty

Missed diagnosis
concern

Privacy and secu-
rity concerns

Missed diagnosis
concern

In-person prefer-
ence

Need for familiar-
ity in care

In-person prefer-
ence

Need for familiar-
ity in care

In-person prefer-
ence

Need for familiar-
ity in care

In-person prefer-
ence

In-person prefer-
ence

In-person prefer-

ence

In-person prefer-
ence

«  Generationa digi-

tal divide
«  Unsuitable for
complex care
N/A

o  Generational digi-
tal divide

o Unsuitable for
complex care

«  Unsuitable for
complex care

«  Legitimacy gap

N/A

o  Generational digi-
tal divide
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Functional barriers

Psychological barriers

Ahmed et al [46]

« Interfacecomplex-

ity

« Digital learning
curve

«  Self-efficacy
deficit

«  Technology anxi-
ety

«  Technology us-
ability

» Languageandter-
minology com-
plexity

«  Interfacecomplex-

Limited use per-
ception

Diagnostic uncer-
tainty

Missed diagnosis
concern

Diagnosticuncer- «  In-person prefer-  N/A

tainty ence
Technology miss «  Needfor familiar-
use anxiety ity in care

ity
Ufholz et al [47] N/A Limited use per- Privacy and secu- «  In-person prefer-  N/A
ception rity concerns ence
Diagnostic uncer-
tainty
Sproul et a «  Technology us- Limited use per- Privacy and secu- N/A «  Legitimacy gap
[48] ability ception rity concerns
3Not applicable.
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Table. Thematic categorization and definitions of digital health resistance barriers subcategories among older adults.

Category and subcategory

Definition

Usage barriers
Symptom articulation [32,34-36,42,44,45]

Technology usability [32-35,37,39,41,44-46,48]

Digital learning curve [33-38,40,42,43,45]

Interface complexity [33,34,39,41,42,45,46]

Technology anxiety [37,38,42,43,45]

Physical and sensory impairments [35,37,39,42]

Self-efficacy deficit [38,40,43,45]

Language and terminology complexity [39,42,44,46]

Value barriers
Informality bias [32,40,41,43,45]

Limited use perception [32-34,37,39-43,45-48]

Risk barriers
Diagnostic uncertainty [32,41-43,45,46]

Missed diagnosis concern [32,35,41,43-45]

Technology misuse anxiety [32-35,37,38,41,46]

Privacy and security concerns [33,34,37-39,43,47,48]

Tradition barrier
In-person preference [32-37,39-47]

Difficulty in effectively describing symptoms or raising multiple health
concerns during telemedicine or digital health interactions, often due to
sensory limitations, cognitive strain, or unfamiliarity with web-based
communication formats

Difficultiesinteracting with digital health tools dueto poor interface design,
complex navigation, multi-step login processes, or lack of age-appropriate
accessibility features

Challengesindividualsfacein acquiring, applying, and retaining the skills
required to usedigital health technologies, often dueto limited prior expo-
sure or memory-related difficulties

Obstacles users encounter when engaging with digital platforms due to
poor design elements, confusing navigation, and unclear layouts

Fear or discomfort experienced when using digital health technologies,
often stemming from low confidence, mistrust in one’s digital abilities,
or intimidation by unfamiliar systems. Thisanxiety may lead to hesitation
or complete avoidance, driven by concerns about making mistakes that
could negatively impact one's health or care

Difficultiesin using digital health technol ogies due to age-rel ated sensory
and motor impairments, such as reduced vision, hearing loss, or diminished
fine motor control

A lack of confidencein one’s ability to successfully use digital health
tools or perform required technological tasks, often rooted in limited dig-
ital literacy, minimal prior experience, or insufficient training and support

Difficulty using digital health tools due to complex medical, technical, or
bureaucratic language, often compounded by limited proficiency in the
language used by the platform

Reluctanceto engage with digital health tools based on the perception that
they lack legitimacy or necessity in medical care, accompanied by abelief
that traditional health care methods are sufficient without digital augmen-
tation

The belief that digital health tools offer little to no added value compared
with traditional care methods, resulting in low motivation to adopt or en-
gage with them

Concerns about the accuracy and reliability of medical diagnosis due to
the absence of physical examination, direct visual assessment, and potential
miscommunication, which may increase the risk of medical errors

Fear that health care providers will miss critical patient information and
that essential health issues may be overlooked due to the absence of
physical exams, technical distractions, or miscommunication in digital
health interactions

Uncertainty or fear about using digital health technologies incorrectly,
driven by concerns about user error, system malfunctions, or communica-
tion failures that could negatively impact care delivery

Concerns about the confidentiality, security, and accuracy of personal
medical information in digital health care services, driven by fears of data
breaches, unauthorized access, and unreliable IT systems

A strong preference for face-to-face health care interactions, rooted in
trust in direct communication, perceived importance of physical examina
tions, and the belief that in-person care offers superior quality
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Category and subcategory

Definition

Need for familiarity in care [39-41,46]

Image barrier

Legitimacy gap [32-35,37,43,48]

Unsuitable for complex care [32,35,39,42,43,45]

Generational digital divide [37,39,41,45]

Preference for established health care routines and trusted provider rela-
tionships over digital health solutions, due to a desire for personalized
care, continuity with known providers, and areluctance to alter traditional
in-person interactions

Perception that digital health careis less effective and trustworthy than
traditional in-person care, driven by concerns about depersonalization,
bureaucratic complexity, and reduced reliability, leading to skepticism
about its value and quality

Perception that digital health care services are insufficient for addressing
complex medical conditions or cases requiring physical examination, due
to concerns about thoroughness, accuracy, and the ability to provide a
comprehensive diagnosis and care

Perception that digital health careis designed for younger users and is
difficult for older adults to adopt, due to differences in familiarity, confi-
dence, and digitd literacy

Table 3 details the barriers identified by each study, presenting
amatrix that maps each study to the usage, value, risk, tradition,
and image barriers. Table 4 defines each barrier subcategory
and summarizes how these resistance themes were
operationalized across the studies.

Functional Barriers

In the context of IRT, functional barriers refer to resistance
stemming from the practical and objective attributes of the
innovation itself, including its required usage, perceived value,
and associated risks [19].

Usage Barriers

Usage Barriers were the most consistently reported resistance
factor, found in 16 studies. Older adults face significant usage
barriers to adopting digital health technologies, largely due to
technical challenges, usability difficulties, and concerns about
quality of care. A central theme across studies was interface
complexity. Many participants described digital health platforms
as confusing, unintuitive, and poorly designed. Common
challenges included unclear layouts, unintuitive menus, and
multi-step authentication processes requiring repetitive actions
such as logging in, remembering passwords, and uploading
medical documents [32-34,39,41,42,45,46]. These features
increased cognitive load and made even basic digital interactions
feel burdensome and prone to mistakes.

The difficultieswere compounded by technology usability issues
linked to age-related cognitive and sensory impairments. Older
adults with a decline in vision, hearing loss, or memory
difficulties and reduced fine motor skills struggled with small
font sizes, poor audio quality, poorly structured information,
and touchscreen sensitivity, which makes many applications
inaccessible without assistance [35,37,42,44,48]. In addition,
language and terminology complexity emerged as a significant
obstacle. Technical jargon or unfamiliar medical terms often
madeit difficult for userstointerpret instructions or understand
the content presented on-screen, particularly among those with
limited formal education or health literacy [39,42,44,46].

Another recurring issue was the digital learning curve. Older
adultsreported limited prior experience with digital health tools

https://www.jmir.org/2026/1/€75591

or services and found it challenging to adapt to new systems
[32,34,39-43,45]. This often led to a self-efficacy deficit where
individuals doubted their ability to complete digital health tasks
independently. These doubts fueled hesitation and reinforced a
sense of digital exclusion, leading to frustrations, avoidance
behaviors, and a greater need for support before successfully
adopting telemedicine tools [38-40,43,45]. Closely related to
this was technology anxiety, the fear of making mistakes or
causing harm through improper use, which discouraged many
from engaging with telemedicine platforms.

Concerns about system reliability and uncertainty about using
digital health care tools make older adultsfeel less confident in
their technical abilities and unprepared
[32,33,36,39,40,42,43,45], leading to avoidance behaviors,
where they opt not to engage with digital health solutions to
minimize the risk of errors [37,38,42].

Beyond usability concerns, preadoption resistance arises from
changesin communication dynamicswithin digital health care.
In contrast to traditional face-to-face consultations, which allow
patientsto express multiple health concernsinasinglevisit and
rely on nonverbal cues, digital health platforms, particularly
telemedicine services, ater this dynamic. Studies showed that
when older adults use digital health services, they struggle to
articulate their symptoms or find it difficult to understand
medical terminology or provider explanations [39,45]. As a
result, they hesitate to fully communicate medical concerns,
whether typing them into digital platformsor discussing multiple
health issues during digital visits. This contributes to a
perception that digital careis less effective than in-person care
[34-36], further discouraging older adultsfrom fully embracing
digital health technologies.

Value Barriers

Value barriers to adopting digital health solutions among older
adults primarily stem from informality bias, the perceived lack
of necessity of digital tools, concerns about care quality, and
misalignment between the effectiveness of available digital
health care services and patient expectations[40,43,45]. While
many acknowledge that telemedicine may be appropriate for
minor health issues and routine follow-ups, they often do not
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view it as an adequate substitute for in-person consultations.
Thislimited use perceptionisparticularly strong when it comes
to complex conditions that require physical examination or
long-term management [32,34,41-43,45,46,48] .

Skepticism about the effectiveness of remote consultationsisa
common concern. Many older adults fedl that digital platforms
fail to capture nonverbal cues, which are essential for accurate
medical assessment and  effective  patient-provider
communication. Thisconcernisparticularly pronounced among
individuals managing chronic illnesses, who consider ongoing
physical evaluationsand in-person interactionswith health care
professionals to be vital components of proper care [33].
Moreover, older adults often emphasize the importance of
relational continuity with their health care providers, an aspect
they feel is disrupted and compromised in digital health
environments. Telemedicine is frequently perceived as
impersonal and transactional, lacking the trust and emotional
support that typically characterize in-person visits, qualitiesthat
many older adults highly value in primary care settings
[33,34,37,39]. As aresult, some individuals refuse to see their
providers outside of traditional clinical settings, which further
reinforces resistance to digital health solutions [37,42].

Beyond concerns about quality of care, many older adults also
guestion the necessity of digital health interventions, particularly
when the current health care system meetstheir needs effectively
[33,37]. Some dismissed telemedicine as a “solution for a
nonexisting problem,” believing that traditional in-person visits
provide sufficient care without the added complexity of digital
tools [33,37,40]. This skepticism is often exacerbated by low
digital literacy or past negative experiences with digital health
technology, leading many to view telemedicine and digital
health apps as unnecessary, ineffective, or not worth the effort
required to learn and adapt [37]. When the perceived benefits
of digital health do not outweigh the effort and risks associated
with adoption, resistance to these solutions remains strong.

Risk Barriers

Risk barriers to digital health adoption among older adults
primarily revolve around concerns about diagnostic uncertainty
and the potential of missed health issues due to the absence of
physical examinations, body language, and other visual cues
essential to accurate clinical assessment [32,41-46]. Many older
individuals worry that the lack of hands-on evaluation in
telemedicine could lead to overlooked symptoms or
misinterpretations by health care providers. A prominent concern
istechnology misuse anxiety, which arisesfrom fear of making
errorsduring digital interactions. Participants described anxiety
about technical distractions, errors in digital documentation,
incompl ete data entry, and uncertainty about whether submitted
information, such as messages, forms, or test results, would be
properly received and understood by their health care team
[41,45,46]. These apprehensions are linked to fears of
miscommuni cation with health care providers, incorrect medical
decisions, or overlooked health conditions [32-35,37,40].

Beyond diagnostic concerns, older adults express privacy and
security concerns. There is a common distrust of the integrity
and security of digital health platforms[33,34,37-40,43,47,48],
particularly related to fear that personal health data could be
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exposed to unauthorized access, fraud, or misuse. Some
participants described concerns about scams that mimic
legitimate digital services, increasing their reluctance to trust
or engage with digital health tools [39]. This skepticism is
further compounded by uncertainty around how health care
ingtitutions collect, store, and share data through electronic
health records and patient portals [39].

Additionally, lack of confidencein digital skillswas repeatedly
cited asamajor factor behind misuse anxiety. Older adults often
lack confidencein their digital skills, particularly in navigating
complex interfaces or troubl eshooting technical issues. Common
fears included accidentally deleting important information,
misunderstanding medical results, or failing to complete critical
health care tasks [34,40]. As aresult, many preferred to avoid
digital health servicesentirely rather than risk making mistakes
that could negatively impact their care.

Another key source of resistance is the perceived loss of
autonomy in health care decision-making. Some older adults
expressed concernsthat eHealth solutions shift decision-making
control from patientsto automated systems, reducing their ability
to advocate for personalized care and communicate effectively
with health care providers about their health care [37,41]. This
fear is particularly prevalent among those unfamiliar with
electronic health records or unaware of how to use digital
clinical discussions.

Psychological Barriers

Psychological barriers refer to resistance stemming from
subjective, cognitive, and emotional conflicts between the
innovation and the individual’s established traditions and
self-image barriers[19].

Tradition Barriers

Traditiona barriersto digital health adoption among older adults
arise from long-established care routines, personal preferences
for in-person interactions, and a strong need for familiarity in
health care interactions. Many older adults have their
health-seeking behaviors around face-to-face consultations,
expressing satisfaction with traditional care models and
guestioning the necessity or value of digital alternatives
[37,40,41]. They often perceive little incentive to switch to
eHealth services when current systems already meet their
expectations [37,44,45]. A central theme is the belief that
in-person interactions offer superior quality of care, stronger
provider-patient relationships, and greater emotional warmth.
Digital platforms are often seen as impersonal, lacking the
human touch and nonverbal communication cues that older
adults consider essential for effective medical consultations
[32,34-36,39,41,43,45-47]. This is especialy concerning for
individuals managing chronic conditions or complex health
issues, where verbal-only communication may be insufficient
for accurate symptom reporting and clinical assessment [32,33].

The need for familiarity in care al'so contributes to resistance
toward digital health adoption. Many older adults prefer
continuity with known health care professionals, such as
physicians, nurses, or other health care professional s, and value
personalized guidance and documentation, such as printed
instructions or handwritten over generic digital content. Some
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do not want al services to be transferred through digital
platforms, especially when health care and social serviceissues
are too complex to be handled without face-to-face contact
[35,37,39,42,46].

Another common concern is the perceived legitimacy of
telemedicine. Some older adults do not view phone or video
consultations as valid medical encounters, describing them as
informal and lacking the authority of traditional office visits
[32]. This perception is heightened among individual s who had
not used digital health before the COVI1D-19 pandemic and who
experienced the rapid shift to telehealth as both disruptive and
disorienting, owing to complex interfaces and limited user
guidance [34]. For these individuals, digital health solutions
interfere with familiar health care routines and pose significant
adaptation challenges [39].

Image Barriers

Image barriers to digital health adoption among older adults
arisefrom negative perceptions of technology, distrust in digital
health solutions, and skepticism about their legitimacy and
effectivenessin clinical care. Many older adults associate digital
health technologies with lower quality of care and consider
them as an unacceptable aternative to traditional in-person
visits[35,42]. For some, these technologies are viewed as overly
complex, impersonal, and rigid, contributing to a Legitimacy
Gap, aperception that digital health care lacks the authenticity,
reliability, and interpersonal value of conventional medical
interactions [33,43,48]. This skepticism is reinforced by the
belief that health care should be hands-on, personalized, and
relational, the qualitiesthey fed digital platformsfail to deliver.

Another central issue underlying this perception is the
Generationa Digital Divide. Many older adults view digital
health tools as designed primarily for younger, digitally
proficient users, and they report feeling excluded or
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disadvantaged by their limited experience with digital
technologies [37,39-41,45]. This belief is often coupled with
self-perceived technological inadequacy, whereindividualsfeel
“too old” to learn or incapable of using new systems effectively
[39]. These psychological barriersare compounded by negative
past encounterswith health care bureaucracy or poorly designed
interfaces, which foster the impression that digital health
prioritizes efficiency over patient-centered care [37].
Additionally, difficulties navigating eHealth platforms often
lead to a sense of powerlessnessin managing their health, further
alienating them from digital solutions.

Older adults also view telemedicine and digital health as
unsuitable for both routine and complex care needs [32,42,43].
Many perceive these technologies as inferior to traditional,
in-person medical consultations, citing concerns about their
inability to provide thorough physica examinations,
comprehensive assessments, and hands-on diagnostics [39].
Digital health isalso associated with socia isolation and reduced
autonomy, as some fear that shifting toward digital health care
may limit direct patient-provider interactions and diminish their
role in medical decision-making [34]. This contributes to a
strong preference for traditional care models, where in-person
visits provide greater trust, familiarity, and perceived quality.

Evidence and Gap Map

Across the included studies, there was substantial variation in
both the types of digital health technol ogies examined and the
specific resistance factors reported. To strengthen the mapping
component of this scoping review, we developed an evidence
and gap map to summarize the distribution of evidence and
identify gaps across digital health modalities and resistance
constructs. Guided by IRT, we categorized studies by the type
of digital heath modality and by IRT-informed barrier
subcategories derived from the extracted findings (Figure 2).

Figure 2. Evidence and gap map of digital health modalities by IRT-informed resistance subcategories in primary care among older adults. Bubble
size and color intensity represent the number of included studies contributing to each intersection (n=17). IRT: innovation resistance theory.
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Specifically, the map highlights that evidence is concentrated
in studies of telemedicine and patient portalsor eHealth services,
with fewer studies addressing mobile apps or tablets and
minimal evidence on wearables or remote monitoring. Across
modalities, frequently represented barriers included usability
and interface complexity, self-efficacy and technology anxiety,
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and trust-related concerns such as privacy, data security, and
perceived legitimacy of digital encounters. In contrast, several
modalities-barrier intersections show limited or absent evidence,
indicating that resistance to certain technologies, particularly
wearables and app-based monitoring, remains underexplored
in primary care contexts.
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Conceptual Integration: Interconnected Barriers
L eading to Digital Health Avoidance

Across the 17 included studies, usage barriers were the most
consistently reported (16/17 studies). Risk barriers and tradition
barrierswere also prevalent (15/17 studies). Vaue barrierswere
common (13/17 studies), and image barriers were reported in
a smaller, but sill substantial subset (11/17 studies).
Co-occurrence patterns were apparent across domains, and
worked examples illustrate how linkages were derived. For
example, one participant described limiting use to familiar
functions and avoiding other features, indicating ausage barrier,
accompanied by anxiety when stepping outside her comfort
zone, suggesting an affective risk component and fear of making
mistakes: “1 never look over there, | just do everything | have
learned... Outside of that, | become nervous.” [38]. In another
study, a participant noted that he did not grow up with
technology, indicating a usage barrier related to limited digital
familiarity, and expressed a tradition barrier by preferring to
arrange appointments by phone and speak with the physician
face-to-face rather than use digital channels: “But we did not
grow up with the computer. | would rather make a phone call
to arrange an appointment and prefer to talk face-to-face to the
physician” [33]. Another participant questioned the adequacy
of digital encountersfor aproper clinical assessment, reflecting
an image or quality concern that co-occurred with a

Birati & Tzemah-Shahar

tradition-related preferencefor face-to-face careand animplied
need for greater diagnostic assurance (risk): “I would rather that
the doctor can actually touch me, examine me with a
stethoscope... | aso think in-person communication is
sometimes better...” [42]. Together, these patterns suggest that
resistanceisrarely attributable to asingle factor; rather, studies
frequently report clusters of functional and psychological
barriers that co-occur. These recurring clusters informed the
relational integration step; linkages were coded as explicit when
directly stated in study results or participant quotes, inferential
when implied through within-study co-occurrence and narrative
context, and i ntegrative when synthesized across multiple studies
showing consistent patterns.

Aspart of therelational integration step of our synthesis (Stage
5), we developed a conceptua model that integrates the
identified barriers into an interconnected structure (Figure 3).
This conceptua integration was undertaken to move beyond
listing individual barriers and to summarize recurring
co-occurrence patterns observed across the studies. The
interconnected nature of resistance barriers creates a
self-reinforcing reaction cyclethat |eadsto avoidance behaviors
among older adults. Rather than operating inisolation, functional
and psychological barriersinteract dynamically, compounding
resistance and entrenching disengagement from digital health
platforms.

Figure 3. Conceptual model of interconnected resistance barriers leading to digital health avoidance among older adults in primary care, interacting
co-occurrence patterns across included studies to illustrate directional relationships and feedback loops.
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Technology usability challenges contribute to difficultiesin the
digital learning curve, which, along with interface complexity,
resultsin aself-efficacy deficit and alack of confidencein using
digital health technologies. This diminished self-efficacy further
fuelstechnology anxiety, increasing hesitation and discouraging
engagement. Importantly, these usability issues do not just
reduce confidence; they initiate a cascade of psychological
barriers that elevate emotional discomfort and cognitive
overload. Figure 3 illustrates this cascading effect: a feedback
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system where usability problemsinitiate |ow self-efficacy, which
in turn escalates into technology anxiety. This psychological
discomfort amplifies risk perceptions, including fear of
misdiagnosis, privacy breaches, and technology misuse. These
concerns reduce trust in digital heath care solutions and
reinforce avoidance behaviors. Privacy and security concerns
and technology anxiety reinforce each other, creating a cycle
of distrust. As the trust in the system diminishes, older adults
become less likely to interact with digital platforms, which
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limits exposure and impedes skill acquisition, further deepening
their self-efficacy deficit. This cycle in Figure 3 isillustrated
through closed feedback |oops, where arrows between barriers
represent how one resistance factor amplifies another (eg,
Interface Complexity — Low Self-Efficacy — Technology
Anxiety — Avoidance).

Traditional barriers, such as a strong preference for in-person
careand the need for familiarity, also strengthen image barriers,
including the legitimacy gap and the generational digital divide,
further discouraging digital health adoption. Asshownin Figure
3, these values-based preferences and generational perceptions
reinforce internal skepticism with digital tools, particularly
when technology is perceived as impersonal. The legitimacy
gap reflects older adults’ perception that digital tools lack the
authenticity and authority of face-to-face care, while the
generational divide reinforces feelings of exclusion from
technologies perceived as designed for younger users. Figure
3 aso highlights this convergence between identity-based
resistance (eg, tradition/image) and capability-based resistance
(eg, usability, anxiety). Together, these interrelated barriers
form a self-reinforcing loop, where initial usability difficulties
and emotional skepticism amplify resistance, which leads to
withdrawal from digital health use entirely (Figure 3).

Discussion

Principal Findings

This scoping review applied the IRT to examine older adults
resistance to digital health technologies within primary care
contexts. Across the included studies, we found consistent
functional barriers (such as usability difficulties, interface
complexity, and sensory or cognitive limitations) and recurrent
psychological barriers (such as a preference for in-person care
and concerns about the legitimacy of digital encounters), with
value-related concerns (limited perceived benefit) and
risk-related concerns (diagnostic uncertainty, privacy, and
security worries) aso prominent.

The findings suggest that resistance is not a static failure to
adopt nor a passive disengagement, but rather a dynamic,
emotionally embedded process. This process is shaped by the
interaction of functional and psychological factors, including
identity and value-related concerns, which do not operate in
isolation but reinforce each other in feedback loopsthat entrench
avoidance behaviors over time. Theinterplay between usability
challenges, emotional discomfort, and value-based misalignment
reflects the multifaceted nature of resistancein this population.
Also, interrelationshipsindicated that capability-related barriers
erode confidence and increase anxiety, while identity-related
concernsreinforce distrust and preference for face-to-face care,
together discouraging engagement. Linkages were categorized
by evidentiary basis (explicit, inferential, integrative), supporting
IRT as a useful framework for organizing and interpreting
resistance patterns.

Functional barriers such asinterface complexity, digital learning
curves, and age-related sensory or cognitive limitations were
among the most identified sources of resistance. However, their
significance lies not only in their prevalence but in their role as
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catalysts: they often trigger negative psychological responses,
including diminished self-efficacy, anxiety, and fear of error.
These emotional reactions contributed to a broader sense of
technological vulnerability and led to sustained disengagement,
demonstrating how technical design and user experience are
deeply interconnected.

Beyond usability, resistance was often rooted in symbolic and
identity-related concerns. A preference for face-to-face
interactions, generational beliefs regarding technology, and the
desire for continuity with known providers were consistently
linked to what can be described as symbolic distancing, aform
of resistance grounded in perceived legitimacy and personal
norms. Even where functionality improved, older adults
continued to express skepticism, viewing digital tools as
impersonal, exclusionary, or inappropriate for managing
complex health needs. This suggests that emotional and
symbolic dimensions may play astronger influence on resistance
than previously recognized.

Theseinsightsalign with earlier theoretical work that repositions
resistance as a dynamic, emotionally driven response process.
The findings support an evolving theoretical perspective that
frames resistance as an active process. Rather than being the
inverse of adoption, resistance emerges from distinct cognitive
and emotional pathways and may dominate decision-making
even in the presence of positive attitudes [49]. Other research
has also shown that tradition and identity-based concerns
frequently outweigh usability considerations in shaping
innovation rejection, particularly in service-oriented settings
[20]. This review affirms that older adults' resistance is rarely
due to a lack of awareness or rational evaluation alone, but
rather reflects deeply embedded emotional and symbolic stances.

Breaking these loops requires targeted interventions that not
only simplify interface design but also rebuild self-efficacy,
trust, and the perceived legitimacy of digital care. Accordingly,
programs should pair practical usability supports (eg, task
simplification, assisted-digital options, scaffolded practice) with
psychological strategies (eg, anxiety reduction, trust-building,
culturally and linguistically responsive framing).

Comparison to Prior Work

The findings of this review both align with and challenge
established models of technology acceptance. For instance, it
complements the critiques of the extended UTAUT, which has
been applied to prior studies involving older adults in health
care settings. One study has highlighted effort expectancy,
perceived usefulness, and trust in health care providers as
primary predictors of adoption. While these factors remain
relevant, this review suggests they are insufficient to fully
account for persistent resistance observed in older populations.
Thisresistance appearsto stem not from alack of understanding
but from deeper emotional and symbolic misalignments between
digital tools and the users' persona values, care routines, or
generational identities [50]. In this context, resistance is not a
knowledge deficit but a deliberate, emotionally grounded
response to perceived risks, impersonality, or social exclusion.
Our synthesis clarifies how such misalignmentslink to concrete
pathways (eg, usability — low self-efficacy - anxiety -
avoidance), adding a mechanism to prior critiques.
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Reinhardt et al [51] claim in their study that resistance to
innovation is not merely the opposite of adoption but a distinct
phenomenon that operates through its own logic and dynamics,
and thuswarrants a separate theoretical approach. They proposed
the concept of “adoption triggers,” external events or contextual
changesthat interrupt entrenched resistance and enabl e eventual
uptake. Thisfinding alignswith the results of thisreview, where
participants continued to resist engagement even after usability
improvements, suggesting that design enhancements alone are
insufficient [51]. Psychosocial catalysts such as trust in
providers, alignment with identity, or significant lifetransitions
may be necessary to shift deeply embedded resistance patterns.

Further support comes from the argument that TAM and
UTAUT, widely used models, were not originaly developed
for health care but rather in organizational contexts. Like IRT,
they were formul ated outside the health domain and may require
adaptation when applied in complex settings, such as digital
health for older adults. In their original formulations, these
models assumethat perceived usefulness and ease of usedirectly
predict technology acceptance. However, in health care, these
assumptions are challenged, especially in the context of older
adult users [52]. Hedth care studies often have to add
context-specific variables such as computer anxiety, trust, or
physician endorsement to increase explanatory power. This
suggeststhat existing models may benefit from complementary
perspectives that foreground resistance shaped by emotional
discomfort and identity-related concerns, including symbolic
dissonance around how digital health fits with older adults
roles and expectations. This review affirms the need to view
resistance among older adults as socially embedded and
identity-relevant, rather than reducible to issues of usability or
cognitive evaluation.

Resistance constructs are not intended to replace established
acceptance models such as TAM and UTAUT, but to extend
them and provide a more complete account of older adults
technology use and nonuse patterns. Yu et a [53], in their
research, also extend UTAUT with aging-specific variables
such as perceived physical condition, self-actualization needs,
and technology anxiety. Their empirical study among Chinese
older adultsfound that whiletraditional UTAUT predictors (eg,
performance and effort expectancy) remain significant,
behavioral use wasalso shaped by perceived physical limitations
and psychological needsfor self-fulfillment. Notably, the effect
of technology anxiety was nonsignificant, suggesting that
usability alone does not explain resistance; rather, broader
psychosocial and experiential factors must be considered [53].
These adaptations have introduced constructs such as perceived
physical condition, self-actualization needs, and psychosocial
well-being to better explain behavioral engagement with health
care conversational agents among older adults. Our mapping
complements these extensions by locating these constructs
within the IRT domains and by indicating which inter-barrier
links are explicitly supported by the literature.

Theoretical Implications

This review advances theory on digital health adoption and
resistance among older adults in 2 main ways. First, it refines
IRT for the context of aging and digital health by highlighting
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aging-specific resistance themes such as legitimacy gaps,
generational digital divides, and anxiety about technology
misuse as candidates for further conceptualization and
measurement within the original IRT domains. Second, it points
to resistance as a dynamic process in which these barriers
interact in feedback patterns rather than operating as isolated
categories. Thismechanism-oriented view complements existing
TAMs by underscoring that persistent nonuse reflects active,
emotionally and symbolically shaped resistance, rather than
merely weak adoption intentions.

Practical Implications

From a gerontechnology and age-inclusive design perspective,
the IRT-based model trandates the identified barriers and
linkages into actionable design and implementation levers to
reduce resistance among older adults in primary care. This
review has important implications for digital health design,
practice, and policy.

First, the disproportionate concentration of extant research
within high-income Western countries necessitates a nuanced
approach to globa implementation, as resistance profiles are
not homogenous but are contingent upon divergent
socioeconomic structures, varying levels of digital literacy, and
culture-specific perceptions of aging [54]. Addressing these
complexities requires a paradigm shift from a reactive model,
characterized by a narrow focus on technical troubleshooting
and interface simplification, toward a proactive design. While
mitigating interface complexity and accommodating sensory
impairments remain fundamental requirements, such technical
refinements in isolation are insufficient to resolve resistance
that isfundamentally anchored in emational and psychological
factors. Consequently, proactive age-tech development should
prioritize the alignment of digital interventions with users
long-standing traditions and the preservation of relational
continuity in care [55]. By acknowledging traditional barriers
and framing digital tools as seamless extensions of familiar,
trusted care routines rather than disruptive innovations,
developers can transition from delivering impersonal technical
products to co-creating solutions that resonate with the core
identities and values of older populations.

Building on the conceptual model in Figure 2, breaking the
self-reinforcing cycle of resistance requires targeted
interventions that address both practical usability barriers and
underlying psychological resistance; focusing on interface
design or digital literacy alone is unlikely to change deeply
rooted patterns of nonuse. Designers need to focus not only on
functionality but also on providing emotional reassurance and
strengthening the perceived legitimacy and social meaning of
digital care. Therefore, solutions should be co-designed with
older adults not only to ensure they fit with their routines,
communication styles, and cultural values, but also to directly
address the specific IRT barriers identified in this review by
incorporating strategies that reduce friction and promote
confidence. These strategies may include simplifying
high-friction tasks by using shorter flows, fewer required fields,
larger tap targets, and accessible defaults. Also, designers can
provide stepwise guidance and “practice mode,” and offer
assisted-digital options such as telephone call-back support,
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shared on-screen navigation with staff, and on-site digital
stations within clinics where staff can help patients complete
digital tasks.

Privacy, risk perceptions, and distrust emerged as central barriers
in our synthesis. Digital health platforms should incorporate
trust-enhancing features, including sustained relationshipswith
known providers, easy access to human support, and clear,
simple explanations of data practices. To strengthen perceived
legitimacy, systems should preserve care delivery choice
(seamless switch to phone or in-person visits), display continuity
cues (named clinician, photo, prior encounters), and surface
concrete benefits (time saved, refill accuracy, faster
appointments). Culturally and linguistically responsive content,
combined with feedback that reinforces mastery, can further
mitigate anxiety and improve self-efficacy, helping to disrupt
the self-reinforcing loopsthat |ead to avoidance. Together, these
design-oriented recommendations translate our conceptual
findings into practical guidance for technology designers and
implementers seeking to reduce resistance among older adults.

Future Research Directions

Future research should investigate the temporal evolution of
resistance, including how initial avoidance may shift or diminish
over time, and under what conditions. Thereisaneed to explore
resi stance dynamics among underrepresented populations, such
as ethnic minorities, linguistically diverse groups, and
individuals living in lower-resource settings. In line with
Bevilacqua et a [56], emerging work on service-specific
acceptance measures for older adults who developed the
Robot-Era Inventory as atailored acceptance scale for asocial
robotics platform, and called for customizable, context-specific
tools tailored to specific technologies and services for older
adults, future studies should develop and validate | RT-informed
scales tailored to particular digital health modalities [56]. In
addition, longitudinal and mixed-methods designs could provide
deeper insight into how resistance is maintained or disrupted.
Finally, the development and empirical testing of interventions
grounded in IRT would help bridge the gap between theory and
design strategies.

Strengths and Limitations

A key strength of this review is its structured, theory-driven
synthesis across diverse empirical studies. By applying the IRT
to various study designs and health care contexts, this review
enhances the conceptual understanding of digital resistance
among older adults. It was conducted according to best-practice
guidelines for scoping reviews, which reflect established
methodological standards.

Several limitations should be noted. First, the search was
restricted to English-language publications, which might have

Data Availability
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excluded relevant studies published in other languages. Second,
the review encompasses studies published between 2014 and
2025, a period characterized by rapid technological
advancement. Improvementsin device usability during thistime
may haveinfluenced user experiencesand patterns of resistance,
potentially affecting cross-study comparability. Third, most of
the included studies were conducted in high-income Western
countries, and the patterns of resistance identified here may not
fully capture experiences in lower-income or non-Western
contexts, where digital infrastructures, health systems, and
cultural norms around aging and technology may differ
substantially. This concentration substantially reduces
generdizability beyond high-income Western settingsand limits
the applicability of our findingsto global contextswheredigital
literacy, socioeconomic factors, and cultural perceptions of
aging and health care may create distinct resistance profiles.
Fourth, none of the included studies reported participants
cognitive status or used standardized cognitive screening
measures. Asaresult, we could not examine whether resistance
barriers vary by cognitive integrity or distinguish attitudinal
resistance from barriersrelated to cognitive impairment, which
may influence learnability, confidence, and sustained use of
digital health technologies. Finally, the proposed conceptual
model has not yet been validated in practice and should be
regarded as hypothesis-generating. Future research should
operationalize the IRT domains and evaluate their factor
structure, reliability, and predictive vaidity in empirical studies.

Conclusions

Applying IRT to older adults’ experiences with digital health
shifts the focus from “lack of readiness’ or skills gaps to
resistance mechanisms and how technologies are designed and
integrated into primary care. Resistance emerges as an active,
emotionally rooted processinvolving functional, psychological,
and identity-based barriers to adoption, and this review
integrates recurring co-occurrence patterns into a conceptual
model, thereby moving beyond prior work that lists barriersin
isolation. The synthesis clarifies how usability problems can
undermine self-efficacy, increase technology anxiety, and
amplify trust and legitimacy concerns, creating feedback loops
that reinforce avoidance. Read-world implications:
implementation strategi es should go beyond technical usability
by rebuilding emotional trust, supporting relational continuity,
and aigning digital solutions with older adults' values and
routines through meaningful channel choice and transparent
communication about risks. In addition, IRT offers a structure
for devel oping domain-specific measures and interventionsthat
address usage, value, risk, tradition, and image barriers,
supporting amore realistic and equitable digital transformation
in primary care for aging populations.

The datasets generated and analyzed during this study are reported in the article and multimedia appendix.
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Abstract

Background: Cancer remains one of the foremost global causes of mortality, with nearly 10 million deaths recorded by 2020.
As incidence rates rise, there is a growing interest in leveraging machine learning (ML) to enhance prediction, diagnosis, and
treatment strategies. Despite these advancements, i nsufficient attention has been directed toward the integration of sociodemographic
variables, which are crucial determinants of health equity, into ML models in oncology.

Objective: This review aims to investigate how ML techniques have been used to identify patterns of predictive association
between sociodemographic factors and cancer-related outcomes. Specifically, it seeks to map current research endeavors by
detailing the types of agorithms used, the sociodemographic variables examined, and the validation methodol ogies used.

Methods. We conducted asystematic literature review in accordance with the PRISMA (Preferred Reporting Itemsfor Systematic
Reviews and Meta-Analyses) guidelines. Searches were executed across 6 databases, focusing on the primary studies using ML
to investigate the association between sociodemographic characteristics and cancer-related outcomes. The search strategy was
informed by the PICO (population, intervention, comparison, and outcome) framework, and a set of predefined inclusion criteria
was used to screen the studies. The methodological quality of each included paper was assessed.

Results: Out of the 328 records examined, 19 satisfied the inclusion criteria. The majority of studies used supervised ML
techniques, with random forest and extreme gradient boosting being the most commonly used. Frequently analyzed variables
include age, male or female or intersex, education level, income, and geographic location. Cross-validation is the predominant
method for evaluating model performance. Nevertheless, the integration of clinical and sociodemographic data is limited, and
efforts toward external validation are infrequent.

Conclusions: ML holdssignificant potential for discerning patterns associated with the social determinants of cancer. Neverthel ess,
research in this domain remains fragmented and inconsistent. Future investigations should prioritize the integration of contextual
factors, enhance model transparency, and bolster external validation. These measures are crucia for the development of more
equitable, generalizable, and actionable ML applicationsin cancer care.

(J Med Internet Res 2026;28:€79187) doi:10.2196/79187

KEYWORDS

cancer; health disparities; machinelearning; predictive models; social determinants of health; sociodemographic factors; systematic
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Introduction

The use of machine learning (ML) in oncology has advanced
significantly over the past decade, offering new opportunities
for early detection, survival prediction, and treatment
personalization. Models based on techniques such as random
forests (RFs), extreme gradient boosting (XGBoost), and deep
neural networks have demonstrated remarkable performance
across different types of cancer, fueling enthusiasm for what
has been termed digital precision oncology [1]. However, most
of these applications rely almost exclusively on clinical and
biomedical data, limiting their ability to capture the broader
social and structural factorsthat shape health outcomes[2]. This
gap raises important concerns, as it may compromise both the
external validity and the equity of ML models. In this review,
we consistently use the term sociodemographic factorsto refer
to variables such asage, male or female or intersex, educational
attainment, income, ethnicity, rurality, and accessto health care.
These factors conceptually overlap with the broader category
of social determinants of health (SDoH), but our focus is on
those variables that are typically available in clinical and
research datasets and are explicitly integrated into ML models.
By doing so, we ensure clarity and terminological consistency
throughout the paper.

Our review focuses on the most common sociodemographic
variablesin clinical and research datasets, such as age, male or
female or intersex, education, income, and others, reflecting the
current landscape of published ML studies rather than a
deliberate theoretical choice. We recognizethat theseindicators
only capture part of the social gradient influencing cancer
outcomes. Therefore, we highlight the importance of future
research integrating contextual and multilevel determinants,
such as neighborhood characteristics, health careinfrastructure,
environmental exposures, and political factors, to promote an
equity-centered approach to ML applications in oncology.

Inparallel, therise of explainable artificial intelligence (Al) has
highlighted the importance of transparency and interpretability
inclinical settings. Tools such as Shapley Additive Explanations
and local interpretable model-agnostic explanations allow health
care professionals to better understand ML models by
identifying which variables are most relevant in predictions and
how they interact with both clinical and sociodemographic
factors [3]. These advances not only strengthen trust in
ML-based systems but also enhance their potential for
integration into clinical practice and public health policy [4].
The convergence of explainable Al and SDoH emerges as a
promising pathway toward developing fairer and more
actionable models.

https://www.jmir.org/2026/1/e79187
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Nevertheless, our review of the literature reveals that although
research and reviewson ML in oncology arerapidly expanding,
most have concentrated on methodol ogical, genomic, or clinical
aspectswithout adequatel y addressing sociodemographic factors.
This omission limits the ability of the scientific community to
develop robust guidelines for implementing models across
diverse contexts and health systems. Against thisbackdrop, this
study aimed to identify, characterize, and synthesize primary
research that applied ML methodsto analyze sociodemographic
factors associated with cancer. The objective was to address
both methodol ogical and conceptual gaps while contributing to
the development of fairer and more transparent modelsthat can
inform data-driven public health strategies. We present the
results of a systematic literature review (SLR) examining how
ML techniques have been used to identify and interpret
sociodemographic factors in cancer-related studies. Of the 328
papers screened, 19 (5.8%) met the inclusion criteria. Rather
than being alimitation, this number reflectsthe emerging nature
of the field and highlights the value of conducting an early
review to consolidateinitial progress, make methodological and
equity-related gaps more visible, and guide future research
toward a stronger integration of sociodemographic factors in
ML models applied to oncology.

Methods

Research Questions

Based on the main objective, we defined thefollowing research
guestions:

1. What ML techniques have been applied in studies that
analyze sociodemographic data of patients with cancer to
identify factors associated with the disease?

2. What sociodemographic factors have been consistently
identified as relevant to the diagnosis, progression, or
treatment of cancer?

Identification

The SLR was conducted in accordance with the PRISMA
(Preferred Reporting Items for Systematic Reviews and
Meta-Analyses) guidelines (Checklist 1), which provide a
rigorous framework for ensuring transparency and
reproducibility in evidence synthesis [5]. To guide the
construction of the search strategy, we also adopted the PICO
(population, intervention, comparison, and outcome) model, as
recommended by Petersen et al [6]. This framework allowed
us to clearly define the target population, specify the type of
intervention (ie, application of ML techniques), and focus the
outcome on the identification of relevant sociodemographic
factors associated with cancer (Table 1).
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Table. Keywords used in the PICO (population, intervention, comparison, and outcome) structure.
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Keywords

Studiesanalyzing datafrom patientswith cancer
that include sociodemographic variables. These
may encompass age, male or female or intersex,
socioeconomic status, education, and residence

Application of machine learning techniques to
identify and analyze sociodemographic factors

No previous studieswith similar scope and objec-
tives were identified as suitable comparators.
Thisreview explores anovel approach.

Component Description
Population

among others.
Intervention

associated with cancer.
Comparison
Outcome

I dentification of the most relevant sociodemo-
graphic variables associated with cancer out-
comes, and assessment of the predictive perfor-
mance of the applied machine learning models.

“ Sociodemographic factors,” “socia determi-
nants,” “sociodemographic characteristics,” and
“socio-demographic variables’

“Machine learning” and “artificial intelligence”

Not applicable

“Cancer,” “oncology,” variable importance,

model accuracy, and AUC?

8AUC: area under the curve.

The search terms were combined using the Boolean operators
AND and OR to ensure comprehensive retrieval of relevant
literature. The final search string was as follows:

([* sociodemographic factors’ OR “ socio-demographic factors”
OR *“sociodemographic characteristics’ OR * socio-demographic
characteristics” OR  “socid determinants’ OR
“sociodemographic  variables’ OR  *“socio-demographic
variables’) AND (“machine learning” OR “artificial
intelligence”) AND (“cancer” OR “oncology”])

Screening

We conducted acomprehensive literature search across 6 major
databases. PubMed (n=76), ACM Digita Library (n=85),
ScienceDirect (n=7), IEEE Xplore (n=1), Web of Science Core
Callection (n=80), and Scopus (n=79). Searches covered the
period from database inception to October 14, 2024. PubMed
was sel ected asthe primary source for biomedical and oncology
research. ScienceDirect was included to capture papers

https://www.jmir.org/2026/1/e79187

published in Elsevier journals not indexed elsewhere. ACM
Digital Library and | EEE Xplorewere used to retrieve computer
science and engineering studies, where ML methods are often
first reported. Web of Science facilitated interdisciplinary
retrieval and citation tracking, while Scopus provided broad
multidisciplinary coverage.

All records were exported, merged, and deduplicated prior to
screening. To maximize comprehensiveness and minimize
selection bias, we also applied forward and backward citation
chasing on included studies. Full electronic search strategies
for each database are provided in Multimedia Appendix 1.

Paper Selection
Eligibility Criteria
Primary studieswere screened and selected based on predefined

inclusion and exclusion criteria. The specific inclusion criteria
applied are summarized in Textbox 1.
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Textbox 1. Inclusion and exclusion criteria.

Inclusion criteria

. Type of study: primary studies presenting origina data or analysis. Quantitative studies applying machine learning techniques to anayze
sociodemographic factors related to cancer, including experimental, observational (cohort, case-control, and cross-sectional), or methodological
designs.

«  Study area: application of machine learning in health, focused on the analysis of sociodemographic factors (eg, age, male or female or intersex,
ethnicity, socioeconomic status, and health care access) and their association with any type of cancer (eg, breast, lung, prostate, and gastrointestinal ).

«  Machinelearning techniques: use of supervised algorithms (eg, neural networks, decision trees, support vector machines, and logistic regression),
unsupervised (eg, clustering), or semisupervised algorithms. Reporting of performance metrics such as accuracy, sensitivity, specificity, and
receiver operating characteristic area under the curve.

«  Sociodemographic factors: explicit analysis of sociodemographic variablesrelated to cancer risk, prevalence, or progression, including age, male
or female or intersex, ethnicity, income, education, occupation, geographic location, health care access, and other socioeconomic determinants.

«  Publication period: studies published from 2014 onward.
« Language: publicationsin English or Spanish.

« Accessihility: full-text access or accessto essential data and results enabling methodol ogical evaluation.

Exclusion criteria
. Typeof study: systematic reviews, narrative reviews, meta-analyses, or secondary studies.

«  Study area: studies not analyzing the association between sociodemographic factors and cancer. Studies focused on other diseases (eg, diabetes
and cardiovascular diseases).

«  Machinelearning techniques: studies relying solely on traditional statistical methods and not reporting model validation metrics.

«  Sociodemographic factors: studies applying machine learning without including sociodemographic variables (eg, focused only on genetic,
molecular, or biological data).

«  Publication period: Studies published before 2014.
«  Language: publications in other languages without available translation.

« Accessihility: abstracts or conference proceedings without access to the full paper.

decision. This procedure ensured transparency, reproducibility,

Quality Assessment and rigor throughout the study selection process.

The purpose of the quality assessment was to evaluate the

relevance of each selected paper. Although quality assessment  Results
did not influence the selection of primary studies [7], we
included it primarily to reflect the validity of theselected studies.  Overview

Based on the response to each research question, we scored  The g R was conducted in accordance with the PRISMA
each paper with 2, 1, (?r O points. We then selected those papers o jidefines, which provide a rigorous framework for ensuring
that exceeded the 50% threshold. The studies chosen through transparency and reproducibility in evidence synthesis (Figure

this assessment ensure that our conclusions, drawn frqm the 1). Following the PRISMA methodology, atotal of 15 primary
extracted data, are supported by adequately resourced evidence g ,djes published in peer-reviewed journals wereidentified. An

(Multimedia Appendix 1). additional 4 paperswereincluded through forward snowballing,
Study Selection and Resolution of Discrepancies yielding afinal sample of 19 studies. Among these, 58% (11/19)
were conducted in the United States. Iran contributed 21%
(4/19), followed by India with 11% (2/19), and South Korea
with 5% (1/19). One study (5%) represented a collaborative
effort between ingtitutionsin Chinaand the United States (Table
2). The publication dates of the included studies ranged from
2018 to 2024. No €ligible primary studies were found in
workshop proceedings or book chapters.

Each paper was independently screened by 2 reviewers
according to predefined inclusion and exclusion criteria. Any
disagreements regarding eligibility were addressed during
consensus meetings, where reviewers jointly discussed the
rationale for inclusion or exclusion. When consensus could not
be reached, a third author was consulted to make the final
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Figure 1. PRISMA (Preferred Reporting Items for Systematic Reviews and Meta-Analyses) flowchart of the selection of primary studies for the
systematic literature review. N/A: not applicable.

Identification of studies through databases and registers

c

<]

£ e

s Identification of records from:

£ Databases: 6 I Duplicate records: 72
é Records: 328 Records removed: 72

Records excluded: 0
Records screened: 256 —
Reason: N/A
Reports sought for retrieval: 0 — | Reports not retrieved: 0

Screening

Reports excluded: 237

Reports assessed for eligibility: 256 ———| Reason 1: Not a primary study (N=29)
Reason 2: Does not focus on machine
learning techniques (N=25)

Reason 3: Not related to cancer
(N=12)

Reason 4: Does not address
sociodemographic factors (N=171)

Studies included in the review:
Reports of included studies: 19

Included
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Table. Distribution of primary studies by country.

Country Number of studies
United States 11

Iran 4

India 2

South Korea 1

China-US collaboration 1

Machine L earning Algorithms and Validation
Strategies Reported

Acrossthe studies analyzed, consistent patterns emerged in both
the selection of ML algorithms and the validation methods used
(Table 3).
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Table. Summary of the machine learning algorithms and validation strategies reported across the 19 primary studies. Most studies applied ensemble
methods such as random forest (RF) or gradient boosting, frequently combined with cross-validation schemes.

Study ID Algorithms used Validation strategy Reference
Si Lasso® LRP, RF, gradient boosting, 5-fold CV&, ROC-AUC, accuracy, [l
DTC, syM? sensitivity, specificity
S2 XGBoostd, LightGBM", CatBoost!, 10-fold CV (9]
RF, AdaBoost, Lasso regression
3 DT, RF 10-fold CV [10]
A RF, artificial neural networks, boot- 10-fold CV [17]
strap aggregating CART!, XGBoost
S5 XGBoost 10-fold CV [12]
S6 LightGBM, XGBoost 10-fold CV [13]
S7 RF, Neural networks, LR, XGBoost CV, AUC, grid search [14]
S8 RF, gradient boosting machine, 5-fold CV, ROC [15]
SVM
9 Radiomics-signature model No formal validation performed [16]
S10 Multilayer perceptron, SVM, XG-  10-fold CV [17]
Boost
Si1 Max-p-regions, RF, Jenks natural  Rp v/|MPX ranking [18]
breaks
S12 CART, RF Bootstrap sampling [19]
S13 DT, RF, Boruta feature selection Confusion matrix [20]
S14 Bayesian additive, regressiontrees  Partial dependence plots, variable  [21]
inclusion proportion
S15 LR, ridge classifier, SGD'classifier, 5-fold CV, LOOCV® [22]
KNN™, DT, linear support vector
classifier, support vector classifier
with radial basis function kernel,
Gaussian Naive Bayes, AdaBoost
classifier, RF, gradient boosting,
QDA"
S16 Semiautomated segmentation + 80/20 hold-out CV, ROC-AUC, [23]
conditional LR Youden Index
S17 Random survival forest, Cox propor-  gyig search, C-indexP [24]
tional hazards
S18 RF, SVM, gradient boosting ma- 10-fold CV [25]
chine
S19 SVM, DT, naive Bayesian model,  10-fold CV [26]
and KNN

8 _asso: |east absolute shrinkage and selection operator.
b R: logistic regression.

’DT: decision tree.

dsvm: support vector machine.

€CV: cross-validation.

fROC-AUC: receiver operating characteristic area under the curve.
9X GBoost: extreme gradient boosting.

hLightGBM: light gradient boosting machine.
iCatBoost: categorical boosting.

ICART: classification and regression tree.

KVIMP: variable importance.

|SGD: stochastic gradient descent.
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MK NN: K-nearest neighbors.

"QDA: quadratic discriminant analysis.
%_00CV: leave-one-out cross-validation.
PC-index: concordance index.

This review identified awide array of ML algorithms applied
to the analysis of sociodemographic and clinical datarelated to
cancer. Each method presents distinct advantages and
limitations, influencing its suitability depending on the specific
research context and analytical goals. The most relevant
algorithmic approaches are summarized below.

Tree-based methods, particularly RF, were the most frequently
used, appearing in 13 of the included studies. RF is widely
valued for itsinterpretability, robustness, and ability to process
both categorical and continuous variables, making it especially
well-suited to heterogeneous datasets.

Boosting techniques, such as XGBoost and light gradient
boosting machine (LightGBM), featured prominently in studies
aiming for high predictive accuracy. XGBoost, used in 7 studies,
is noted for its computational efficiency and its capacity to
manage imbalanced data, while LightGBM is often selected in
contexts where large-scal e data processing is prioritized.

A smaller subset of studies used Bayesian additive regression
trees, which were particularly useful in modeling uncertainty
and capturing complex non-linear associations. These features
make Bayesian additive regression trees well-suited for
analyzing disparities across ethnic and clinical subgroups.

Support vector machines (SVM) appeared in 5 studies and are
recognized for their ability to handle high-dimensional dataand
to separate complex classes using nonlinear decision boundaries
[27]. However, their performanceis highly dependent on careful
hyperparameter tuning, which can be challenging in the presence
of large or noisy datasets [27]. Overall, SVYM modelsremain a
val uable choicefor complex biomedical datawhen appropriately
optimized and validated within diverse clinical contexts.

Artificial neural networks (ANNSs) were applied in select studies
and demonstrated strong performance in modeling nonlinear
relationships and uncovering hidden patternsin complex datasets
[28]. Despite their flexibility, the limited interpretability of
ANNSs often restricts their use in clinical contexts where
transparency and explainability are required [28]. Their use,
therefore, should be accompanied by complementary
interpretability frameworks to ensure clinical reliability and
trustworthiness.

Regression-based models, including the least absol ute shrinkage
and selection operator and ridge regression, were commonly
used as baseline model s or for feature sel ection. These methods
are appreciated for their simplicity and interpretability, although
they may underperform in settings involving nonlinear
relationships or intricate interactions between variables [29].
Nevertheless, their transparency and ease of implementation
make them a critical reference point for benchmarking more
advanced ML modelsin oncology research.

Some studies also implemented bagged classification and
regression tree model s and ensembl e methods such as stacking,
reflecting a methodological interest in combining simplicity

https://www.jmir.org/2026/1/e79187
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with predictive robustness. These strategies reduce model
variance and enhance accuracy by integrating multiple base
learners.

Overdll, the analysis reveas a strong preference for tree-based
algorithms, which offer an optimal balance between accuracy,
interpretability, and adaptability to real-world clinical data.
However, the choice of algorithm varied according to the nature
of the dataset and the specific research objectives. More recent
studies have increasingly adopted advanced methods such as
boosting and neural networks, which provide enhanced
predictive power but require greater expertisefor interpretation
and implementation.

Common Validation M ethods

The reviewed studies showed a strong preference for
cross-validation (CV) as the primary strategy to evaluate ML
models applied to theidentification of sociodemographic factors
related to cancer. This approach is widely recognized for its
ability to reduce overfitting and enhance the robustness of
predictive performance. Several configurationsof CV were used
across studies, with 10-fold CV being the most commonly used.
This method appeared in studies such as Dianati-Nasab et al
[24], Stabellini et a [20], and Afrash et a [22], where it
facilitated efficient partitioning of datainto training and testing
subsets, maximizing the use of available datasets.

In some cases, CV was complemented with repeated sampling
to mitigate random variation and reinforce consistency. For
instance, Wang et al [30] implemented repetitions alongside
10-fold CV to strengthen model reliability. A less frequently
used configuration, 5-fold CV, was applied in studies like
Kaushik et al [11], offering a computationally efficient
aternative without substantially compromising model
evaluation.

Severa studies further enhanced reliability by incorporating
multiple repetitions. A notable example isthe work of He et &
[9], who used 200 repetitions and evaluated model performance
using metrics such as the concordance index and variable
importance measures to ensure consistency and interpretability.

The choice of evaluation metrics reflected a balanced interest
in both model discrimination and interpretability. The areaunder
the receiver operating characteristic curve was one of the most
frequently reported metrics, particularly valued for its ability
to quantify discrimination capacity. It was prominently featured
in studies such as Dehdar et a [19] and Niell et a [12].
Additionally, accuracy, sensitivity, and specificity were widely
reported, especialy in studies such as Galadima et al [25] and
Lilhore et a [14], as they provided a detailed picture of false
positive and fal se negative rates.

Some researchers adopted tailored interpretability metrics to
better understand model behavior. For example, Niu et a [15]
used variableinclusion proportionsand partial dependence plots
to explore the relative importance and margina effect of

JMed Internet Res 2026 | vol. 28 | €79187 | p.120
(page number not for citation purposes)


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

JOURNAL OF MEDICAL INTERNET RESEARCH

predictors, offering deeper insights into model mechanisms.
Model optimization also played a critical role in the validation
process. Techniques such as grid search were frequently used
to fine-tune hyperparameters, as observed in the work of Dehdar
et a [19]. In more specialized contexts, such as radiomics
applications, validation using pretrained models was
implemented, for example, in Dercle et a [21], focusing on
metastatic colorectal cancer and highlighting the relevance of
domain-specific strategies.

While most studies ensured strong internal validity, acommon
limitation was the lack of external validation. Although a few
studies used unseen datasets or pretrained models to assess
generalizability, the overall scarcity of external validation in
heterogeneous populations restricts the broader applicability of
findings. This underscores the importance of expanding
validation practices to include more diverse datasets and
real-world scenarios.

Analysis of Sociodemographic Variables

The reviewed studies demonstrate considerable variability in
the types of sociodemographic variables incorporated into
oncology research using ML techniques. Individual-leve factors,
such as age and male or female or intersex, were the most
frequently included, underscoring their foundational rolein the
development and prognosis of various cancer types. For
example, in breast cancer research, variables such as age at
diagnosis and hormonal status appear consistently, as noted in
the studies by Dianati-Nasab et al [24] and Niell et a [12].
Similarly, race and ethnicity were widely explored in studies
addressing lung and colorectal cancer [9], highlighting
disparitiesin health outcomes associated with these variables.

In addition to individua characteristics, several studies
incorporated socioeconomic and access-related factors, which
reflect broader SDH. Educational attainment and household
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income, often used as proxiesfor accessto health resources and
health-seeking behavior, featured prominently in studies on
colorectal cancer [13] and advanced-stage breast cancer [13].
Other key access variables, such as transportation availability
and type of health insurance, were also frequently considered
to assess barriers to diagnosis and treatment, as shown in the
works of Wang et al [30] and Afrash et a [22].

Some studies expanded their scope to include community- and
environment-level  variables, though these remain
underrepresented overall. Galadima et a [25], for instance,
investigated aspects of the built environment, such as crime
rates and housing values, and their association with late-stage
colorectal cancer diagnoses. Similarly, Dehdar et a [19]
examined the influence of residencelocation, urban versusrural,
on accessto medical services, illustrating geographic disparities
in health care delivery.

Regarding cancer types, breast cancer was the most frequently
studied, followed by colorectal, lung, and gastric cancer.
Research on breast cancer often focuses on theimpact of delayed
diagnosis and racial disparities, as seen in studies by Stabellini
et a [20]. In contrast, studies on colorectal cancer emphasized
socioeconomic factors and health care access, particularly in
relation to late-stage detection [13,25]. Lung cancer studies
primarily explored racia disparitiesand quality-of-lifeindicators
in survival prediction [9,10].

A few studies adopted a broader, multicancer approach,
examining sociodemographic patterns across different tumor
types. For example, Stabellini et a [17] analyzed unplanned
hospital readmissionsin patients with solid tumors, integrating
sociodemographic variables that have a direct influence on
health outcomes. To provide avisual synthesis of thesefindings,
Figure 2 presents a summary linking the ML algorithms used
with the most frequently analyzed sociodemographic variables.
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Figure 2. Association between machine learning techniques and sociodemographic variables. ANN: artificial neural network; BT: Bayesian tree; DT:
decisiontree; LASSO: |east absol ute shrinkage and selection operator; LightGBM: light gradient boosting machine; LR: logistic regression; RF: random

forest; SVM: support vector machine; XGBoost: extreme gradient boosting.
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Discussion

Stratification of Findings

The reviewed studies confirm the potential of ML to identify
patterns of predictive relevance of sociodemographic variables
in relation to oncologic outcomes. However, the evidence
remains fragmented and heterogeneous, with limited integration
of contextual factors, reliance on predominantly internal
validation, and little standardization in the reporting of
performance and fairness. Overall, the findings suggest that ML
can enhance risk stratification and the detection of disparities,
but its real impact depends on methodological decisions that
currently remain inconsistent.

In breast cancer, models most often prioritize age, race or
ethnicity, and socioeconomic proxiesto explain adverse events
and late diagnosis. In colorectal cancer, income, insurance
coverage, and geographic location are central for predicting
advanced stage and survival. In lung cancer, studies more
frequently explore ethnic disparities and qudity-of-lifemeasures
associated with prognosis. This diversity suggests that the
relevant set of SDoH is tumor-specific and linked to each care
pathway.

Retrospective studies dominate; while they provide volume and
feasibility, they limit causal inference and the ability to adapt
to temporal social changes (eg, economic shocks, migration, or
health system reforms). Prospective and longitudina cohort
designswould better capture the temporal variability of SDoH.
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Greater interpretative weight should be placed on studies with
stronger control of confounding, explicit handling of missing
data, subgroup analyses, and when available, externa validation.
In contrast, studies with incomplete reporting of variables and
opague pipelines should be viewed as exploratory signalsrather
than evidence ready for implementation.

Linking Inequitiesand ML Limitations

When sociodemographic factors are omitted or inconsistently
defined, ML models often end up reflecting pre-existing
inequitiesin accessto and quality of careinstead of uncovering
or addressing them. This reflection of structural disparities
undermines both the external validity and the generalizability
of predictive models [31,32]. Evidence from recent reviews
indicates that algorithmic bias in health care typically emerges
from unbalanced data representation and the absence of
systematic fairness assessments, highlighting the importance
of transparency and interpretability in model design [33,34].
Although variable-importance analyses can reveal which
sociodemographic features most influence predictions, they fall
short of explaining underlying causal mechanisms. As Prosperi
et a [35] and McCradden et a [36] emphasize, achieving
fairness and accountability in ML-driven health applications
requires methodological and ethical frameworks that move
beyond conventional supervised learning. For this reason,
throughout this review, the term “associated factors’ is used
exclusively in apredictive, not causal, sense.

To advance the field, it is essential to standardize the reporting
of sociodemographic variables including age, male or female
or intersex, race or ethnicity, education, income, rurality, and
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health insurance as aminimum dataset to reduce heterogeneity
and enable comparability across studies. Fairness metrics, such
as demographic parity, equal opportunity, and subgroup
calibration, should be applied a ongside conventional measures
like areaunder the curve and accuracy to explicitly assess model
performance in vulnerable populations. Routine multicenter
external validation is needed, testing models across diverse
geographical and socioeconomic contexts. Incorporating
neighborhood-level data(eg, area-level socioeconomicindices,
transportation access, and housing conditions) can provide
valuable context for individual predictors. Interdisciplinary
collaboration between data scientists, oncologists, public health
practitioners, and experts in social science and policy should
be promoted to ensure that models achieve both technical
precision and equity. Finaly, transparent dissemination,
including open-source code and model cards documenting
limitations, is crucial to strengthen reproducibility and
accountability.

Principal Findings

This systematic review synthesized evidence from 19 primary
studies published between 2018 and 2024 that applied ML
techniques to analyze sociodemographic factors associated with
cancer. The anaysis revedled consistent methodological
patterns, frequently used variables, and prevalent validation
strategies, while also identifying key implications for both
academic research and professional practice.

From a methodological perspective, there was a strong
preference for tree-based algorithms, particularly RF, which
was the most frequently used due to its capacity to manage
heterogeneous datasets while preserving a degree of
interpretability. Boosting methods, notably XGBoost and
LightGBM, were also prominent, especialy in studies aiming
for high predictive accuracy in high-dimensional or imbalanced
data contexts. Less frequently, SVMs and ANNs were used to
capture complex, nonlinear relationships, typically in specialized
modeling scenarios. Regression-based approaches such as the
least absolute shrinkage and selection operator and Ridge
regression were primarily used for feature selection or as
baseline models for comparative purposes.

Across the studies, a consistent set of core sociodemographic
variables was identified. The most commonly included were
age, male or female or intersex, educational level, income,
ethnicity, and geographic location. Thesefactorswere primarily
used to predict diagnostic timelines, disparities in access to
treatment, and survival outcomes. However, only a limited
number of studiesincorporated broader structural or contextual
variables—such as neighborhood characteristics, transportation
access, or housing conditions—that could enrich model
performance by capturing deeper dimensions of health inequity.

In terms of validation strategies, 10-fold CV was the most
frequently implemented, followed by 5-fold validation in
settings with limited computational resources. Most studies
relied on standard evaluation metrics such as accuracy, area
under the receiver operating characteristic curve, and sensitivity
or specificity, reflecting a predominant focus on internal
performance. However, the use of external validation with
independent datasets was rare, limiting the generalizability of
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findings to broader, more diverse populations and real-world
clinical environments.

From an applied perspective, thefindings suggest that ML holds
significant promise for identifying and quantifying structural
health disparities in oncology. For the academic research
community, thisreview highlightstheimportance of developing
models that explicitly integrate SDoH, moving beyond
individual-level data to encompass contextual and systemic
influences. For clinicians and policymakers, predictive models
incorporating sociodemographic factors offer a valuable
complement to traditional clinical assessments, enabling the
early identification of at-risk populations who might otherwise
be overlooked.

Taken together, these findings underscore the transformative
potential of ML when applied with methodological rigor,
interpretability, and an explicit commitment to equity.
Advancing this field will require not only continued technical
innovation, but aso interdisciplinary collaboration and a
deliberate focus on addressing the social and structural
dimensions of cancer prevention, diagnosis, and care.

Limitations

We critically assessed potential threats to the validity of our
SLR based on the Wohlin classification, which provides clear
guidelines for identifying and mitigating such threats [37].

Internal validity threatsinvolve factorsthat could influence the
reliability and accuracy of our study outcomes. A primary
concernisselection bias, potentially stemming from limitations
inherent in our search strategy and inclusion criteria. To
minimize this risk, we carefully defined explicit and rigorous
inclusion and exclusion criteria, conducting systematic searches
across multiple reputable academic databases. Despite these
measures, therelatively small final sample size (N=19) remains
alimitation. To further reinforceinternal vaidity, we conducted
independent cross-checking and reviews with three domain
experts, ensuring consistency and reliability in the selection and
evauation of studies.

External validity threats refer to the generalizability of our
findings beyond the specific studies reviewed. A significant
concern here is the representativeness of the primary studies
regarding the broader application of ML to sociodemographic
determinants of cancer. To mitigate this threat, we engaged
external experts in data science and public health to provide
critical insights and feedback on our findings, enhancing the
relevance and applicability across different contexts|[7].

Finally, construct validity threats pertain to the accurate
interpretation and generalization of results in alignment with
the study objectives. The primary concern here is potential
subjectivity or biasin interpreting the findings. To addressthis,
external collaborators participated in the anaysis and
classification phases, providing independent perspectives that
strengthened the robustness and objectivity of our conclusions.

Comparison With Prior Work

Several systematic reviews have examined the application of
ML techniquesin oncology, but their scope differs significantly
from this study. Adeoye et a [38] evaluated ML models in
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oncology settings with limited resources, identifying gaps in
external validation and clinical adoption, but without providing
adetailed analysis of sociodemographic variables. Hossain Raju
et al [26] reviewed the use of deep learning for breast cancer
risk prediction, focusing mainly on imaging and genomic data.
Kumar et al [39] offered a broad overview of Al in oncology,
emphasizing technical innovation rather than social
determinants. Zeinali et a [40] analyzed the application of ML
in predicting cancer-related symptoms, again with a focus on
clinical variables.

In addition, recent editorials and reviews have highlighted the
need to move toward moreinterpretable and explainable models.
For example, Hrinivich et a [4] warned about the risks
associated with the lack of interpretability in ML models in
oncology, noting that reliance on opague systems may amplify
biases and weaken clinical trust. However, while these works
underscore the importance of technical transparency, they do
not systematically address the incorporation of
sociodemographic factors into predictive cancer models.

Our review differs from previous contributions in three main
ways. First, we provide asystematic synthesisof primary studies
in which sociodemographic factors are explicitly integrated into
ML models applied to oncological outcomes, thereby moving
beyond an exclusively clinical or technical lens. Second, we
critically assess methodological limitations—such as the lack
of external validation, limited interpretability, and absence of
fairness metrics—specificaly in relation to the inclusion of
sociodemographic data. Third, we connect these findings to
broader discussions of equity and public health, emphasizing
that neglecting social determinants may inadvertently reinforce
inequalitiesin cancer care. By placing sociodemographic factors
at the center rather than at the periphery, this review addresses
an underexplored yet essential dimension of the field.

Gonzélez-Infante et al

Ultimately, our findings contribute meaningfully to the growing
body of literature by illustrating how ML can be leveraged to
deepen our understanding of social inequalities in cancer
outcomes. Rather than treating sociodemographic variables as
peripheral, this study brings them to the forefront of analysis,
offering amore nuanced view of how structural and contextual
factors shape cancer risk, access to care, and treatment
outcomes. These insights can help guide the development of
moreinclusive health policiesand inform interventionsthat are
responsiveto therealities of diverse and historically underserved
populations.

Conclusions

Thisreview indicates that the integration of sociodemographic
factorsinto ML models for oncology is still an emerging field,
with amodest evidence base that appearsto be steadily growing.
Only 19 primary studies met our inclusion criteria, yet their
collective findings point to the potential benefits of embedding
these variables within predictive frameworks. There is some
evidence to suggest that explicitly accounting for
sociodemographic factors could refine predictive accuracy and
fairness, although these associations remain noncausal. That
said, such conclusions remain tentative, as further research is
needed to substantiate these observations. Looking ahead,
researchers might prioritize enhancing the transparency of these
models, exploring fairness metrics, and considering how such
tools align with the broader goals of health policy. Advancing
these aspects could prove vital in ensuring that ML supports
both precision oncology and equitable public health outcomes.
It is worth noting that, although the variables examined in this
review are those most frequently reported in existing datasets,
future research coul d benefit from incorporating contextual and
structural determinants to strengthen both fairness and
interpretability in ML-based cancer studies (Multimedia
Appendices 2 and 3).
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Abstract

Background: Living evidence (LE) synthesis refers to the method of continuously updating systematic evidence reviews to
incorporate new evidence. It has emerged to address the limitations of the traditional systematic review process, particularly the
absence of or delays in publication updates. The emergence of COVID-19 accelerated the progressin the field of LE synthesis,
and currently, the applications of artificial intelligence (Al) in LE synthesis are expanding rapidly. However, in which phases of
LE synthesis should Al be used remains an unanswered question.

Objective: Thisstudy aimsto (1) document the phases of LE synthesiswhere Al isused and (2) investigate whether Al improves
the efficiency, accuracy, or utility of LE synthesis.

Methods: We searched Web of Science, PubMed, the Cochrane Library, Epistemonikos, the Campbell Library, IEEE Xplore,
medRxiv, COVID-19 Evidence Network to support Decision-making, and McMaster Health Forum. We used Covidence to
facilitate the monthly screening and extraction processes to maintain the LE synthesis process. Studies that used or developed
Al or semiautomated tools in the phases of LE synthesis were included.

Results: A total of 24 studies were included, including 17 on LE syntheses, with 4 involving tool development, and 7 on living
meta-analyses, with 3 involving tool development. First, atotal of 34 Al or semiautomated tools were involved, comprising 12
Al tools and 22 semiautomated tools. The most frequently used Al or semiautomated tools were machine learning classifiers
(n=5) and the Living Interactive Evidence synthesis platform (n=3). Second, 20 Al or semiautomated tools were used for the data
extraction or collection and risk of bias assessment phase, and only 1 Al tool was used for the publication update phase. Third,
3 studies demonstrated the improvement in efficiency achieved based on time, workload, and conflict rate metrics. Nine studies
applied Al or semiautomated toolsin L E synthesis, obtaining amean recall rate of 96.24%, and 6 studies achieved amean F;-score
of 92.17%. Additionally, 8 studies reported precision values ranging from 0.2% to 100%.

Conclusions: Al and semiautomated tools primarily facilitate data extraction or collection and risk of bias assessment. The use
of Al or semiautomated toolsin LE synthesisimproves efficiency, leading to high accuracy, recall, and F,-scores, while precision
varies across tools.

Trial Registration: OSF Registries 87tp4; https.//osf.io/4fvdg/overview

(J Med Internet Res 2026;28:e€76130) doi:10.2196/76130
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accuracy; artificial intelligence; efficiency; living evidence synthesis; phases; semiautomated tools; utility
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Introduction

Evidence synthesis refers to an approach where data across
studies are identified and combined to gain a clearer
understanding of a body of research [1]. There is typicaly a
significant gap between the time when a search is performed
and the time when the results are published, often exceeding a
year [2]. Furthermore, only a limited number of reviews are
updated once they have been published [3]. This process can
result in missing evidence, potentially affecting the accuracy
of thefindings. The approach of living evidence (LE) synthesis
has been developed to address this challenge.

The method of constantly updating a systematic synthesis of
evidence to incorporate newly available evidence is known as
LE[4]. Elliott et a [5] developed the basis of the LE model in
2014, which effectively incorporates and summarizes new
evidence. The LE synthesis processincludes4 phases: database
searching and eligibility assessment, dataextraction or collection
and risk of bias assessment, synthesis and analysis, and
publication update [6]. It has also been adapted in areas such
as network meta-analysis and guidelines. The onset of
COVID-19 increased the incentive to use LE [7]. Unlike
traditional evidence synthesis, which requiresthe redeployment
of significant resources for updates, the maintenance of an LE
synthesis can require more modest resources[8]. However, LE
synthesis that focuses on evolving topics may have a reduced
reliability compared to traditional evidence synthesis. The
incorporation of artificial intelligence (Al) techniques has the
potential to enhance the reliability of LE synthesis by, for
example, leveraging advanced a gorithmsto continuously assess
and filter the most relevant and high-quality evidence [9].

The field of Al, which encompasses machine learning, deep
learning, natural language processing, data mining, image
recognition, and computer vision, to name a few, has the
potential to enhance the efficiency of LE synthesis[10,11]. In
2013, Adamset al [11] indicated that leveraging Al to automate
the LE synthesis procedures could simplify the regular updating
and maintenance of evidence. The development of Al systems,
particularly Al based on large language models (LLMs), such
as the generative pretrained transformer, has significantly
advanced natural generative language systems [12]. Various
Al-driven tools have been devel oped for different phases of LE
synthesis, such as crowdsourcing and task-sharing platforms
like HDAS[13]. However, the performance of the Al techniques
and the phases of LE synthesiswhere Al isused remain unclear.

Overall, the objectives of thisreview are (1) to conduct areview
analyzing the phases of LE synthesis that use Al and (2) to

https://www.jmir.org/2026/1/€76130
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explore whether Al can improve the efficiency, accuracy, or
utility of LE synthesis.

Methods

This is the first version of an LE synthesis. The Preferred
Reporting Items for Systematic Reviews and Meta-Analyses
2020 statement for living systematic reviews (PRISMA-LSR;
Checklist 1) was used asaguide for reporting this LE synthesis
[14]. Thereview has been registered in the Open Science Forum
[15].

Search Strategy

We systematically searched the Web of Science, PubMed, the
Cochrane Library, Epistemonikos, the Campbell Library, |IEEE
Xplore, medRxiv, COVID-19 Evidence Network to support
Decision-making, and McMaster Health Forum for publications
up to April 2, 2025. The details of the search strategy used can
befoundin Table S1in MultimediaAppendix 1. We subscribed
to the Web of Science, PubMed, the Cochrane Library, the
Campbell Library, and IEEE Xplore for monthly dynamic
updates and used Covidence to facilitate the screening and
extraction processes for maintaining an LE synthesis. We plan
to conduct living updates for a 12-month period (from April
2025 to April 2026). The final update is scheduled for April 2,
2026, after which we will assess whether to retire the living
mode based on the following established triggers: (1) evidence
on “the Al application in LE synthesis’ has reached
conclusiveness, (2) the topic no longer holds decision-making
value for the field, (3) no new €ligible studies emerge during
the 12-month update period, or (4) subsequent resource or
funding support is unavailable [16,17].

Inclusion and Exclusion Criteria

First, the LE synthesisincludesliving systematic review, living
meta-analysis, living network meta-analysis, living guideline,
living scoping review, living overview, living umbrella review,
and living mapping. Inthisreview, thetypes of included studies
were classified into 2 categories based primarily on whether a
meta-analysis had been performed. These categories include
the LE synthesis (without a meta-analysis) and living
meta-analysis (with a meta-analysis conducted).

Second, the criteriafor inclusion in this review are studies that
use Al or semiautomated tools in the following phases of LE
synthesis: (1) database searching and eligibility assessment, (2)
data extraction or collection and risk of bias assessment, (3)
synthesis and analysis, or (4) publication update [6]. The LE
synthesesfrom any field wereincluded. In addition, studiesthat
developed Al or semiautomated tools for LE synthesis were
also included. Textbox 1 provides further details.
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Textbox 1. Inclusion and exclusion criteriafor the study.
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Inclusion criteria

. The studies using artificia intelligence (Al) or semiautomated tools in the following phases of living evidence (LE) synthesis: (1) database
searching and eligibility assessment, (2) data extraction or collection and risk of bias assessment, (3) synthesis and analysis, or (4) publication
update. A study can be any type of LE synthesisin any field, including but not limited to all scientific journalsin the social sciences.

o  Studiesthat developed Al or semiautomated tools for LE synthesis.

Exclusion criteria

o  Studiesthat did not document the use of Al or semiautomated tools in LE synthesis.

«  Protocol, commentaries, editorials, letters to the editor, and updating studies.

We excluded studies that did not document the use of Al or
semiautomated tools in LE synthesis. In addition, protocols,
commentaries, editorials, letters to the editor, and updating
studies were a so excluded, as shown in Textbox 1.

assistance and human oversight” collaborative paradigm [18,19].
Textbox 2 showsthetypesof Al or semiautomated tools, where
Al or semiautomated tools were categorized by the application
phases. First, thefirst segment of the Al or semiautomated tools

for each phase is sourced from Bendersky et a [13]. Second,
the subsequent segment is derived from the work of Khalil et
al [20]. Third, for thefinal segment, Al or semiautomated tools
were identified and summarized from relevant studies using a
manual search. The Al techniques based on LLMs, such asthe
generative pretrained transformer, were also included.

Third, Al tools are characterized by autonomous learning and
end-to-end decision-making. They enable the independent
execution of data collection, feature extraction, model training,
and inference and generate output results without any human
intervention. However, semiautomated toolsincorporate human
review or decision support at critical stages, using a “machine

Textbox 2. Artificial intelligence (Al) or semiautomated tools used in the 4 phases of living evidence (LE) synthesis.

Phase 1. Database searching and dligibility assessment

«  Segment 1.1: Automatic, continuous database search with push notification, database aggregators (such as HDAS, Epistemonikos), notification
from clinical trial registries, randomized clinical tria classifier, text mining technologies, and automatic retrieval of full-text papers

«  Segment 1.2: RCT tagger, LitSuggest, Evidence mapping tool, SRA-Polyglot Search Translator, QuickClinical, HDAS, ROBOT search, SRA-word,
frequency analyzer, The Search Refiner, Sherlock, SRA De-duplicate, Distiller, R package-rev tools, Rayyan, EPPI-reviewer, Abstrackr, SRA
helper, LibSVM classifier, Bibot, Active Screener, RobotAnalyst, Swift-Review, Evidence Pipeline, JBI Sumari, EndNote, SARA, eSuRFt,
ParsCit, and Citation searcher

«  Segment 1.3: Natural language processing—assisted abstract screening tool, automatic text classifiers supported by deep |earning—based language
models, machinelearning classifiers, Cochrane Crowd, Living Interactive Evidence (L IVE) synthesisplatform, Cochrane RCT classifier, OpenAlex,
Risklick Al, Bayesian classifier, Generative Pretrained Transformer models, and RobotReviewer LIVE

Phase 2. Data extraction or collection and risk of bias assessment

«  Segment 2.1: Machine learning information-extraction systems, automated structured data extraction tools for PDFs, machine learning—assisted
RoB tool, data repositories, and linked data

«  Segment 2.2: RobotReviewer, DistelleR, JBI Sumari, in-house data extraction tool written in R, statistical package R, ExaCT, Revman, Raptor,
ContentMine, Graph2Data, and Evidence mapping tool

«  Segment 2.3: BioMart, Metalnsight COVID-19, LIVE synthesis platform, Open Science Framework (OSF), PsychOpen CAMA, and Generative
Pretrained Transformer models
Phase 3. Synthesis and analysis

«  Segment 3.1: Structured data extraction tools, which automatically provide data in a suitable format for statistical analysis; continuous analysis
updating based on availability of structured extracted data; and statistical surveillance of key analysis results, with threshold set for potential
conclusion change

o  Segment 3.2: MetaPreg, MetaXL, NetMetaXL, Meta-analyst, Webplotdigitizer, Evidence mapping tool, PRISMA flow diagram generator,
Evidence mapping tool, R package-rev tools

«  Segment 3.3: Risklick Al, Web Source Processing Pipeline, LIVE synthesis platform, and generative pretrained transformer models

Phase 4. Publication update

«  Segment 4.1: Templated reporting of some report items, automatic text generation toolsfor synthesisand writing, automatization in theidentification
of changes between L SR versions for peer review, and editorial process (such as Archie)

o Segment 4.2: Trial2rev, RevManHAL, DistelleR, SRA replicant writer, SRA-RevMan Replicant, and JBl Sumari

«  Segment 4.3: Generative pretrained transformer models
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Study Screening and Data Collection

Two reviewers independently screened the titles and abstracts
of al selected studies, followed by a full-text review. Any
disagreements regarding selection were resolved by a third
researcher. Data were extracted using a predesigned Mi crosoft
Excel sheet. Two reviewers independently extracted data from
al included studies, including information such as title, first
author, journal, year of publication, LE synthesistype, types of
tool or technology, types of Al or semiautomated tools, phases
of LE synthesis, outcomes, and so forth. Any disagreements
were resolved by a third researcher. During data extraction,
representative outcomes (such as means or ranges) were
prioritized for synthesis, with the range of values considered
subsequently when outcomes were similarly representative.

M ethodological Quality Assessment

Given the lack of a standardized tool for assessing the
methodological quality of Al-related studies, the 24 studies
were categorized into 3 types by methodological characteristics
and primary objective (diagnostic test, tool development,
or—when neither applied—a general synthesis) and assessed
for methodological quality using the modified version of the
Quality Assessment of Diagnostic Accuracy Studies version 2
(QUADAS-2) tool, Joanna Briggs Institute (JBI) Critical
Appraisal Checklist for Textual Evidence: Narrative, and
AMSTAR 2 tool. First, 10 studies were assessed with the
modified version of the QUADAS-2 tool: these studies
specifically assessed the application of Al in the database
searching and eligibility assessment phase, which aligns with
a diagnostic test accuracy (DTA) framework. We adopted the
modified version of the QUADAS-2 proposed by Rashid et al
[21-23]. AsQUADAS-2 isdesigned for DTA research contexts,
this framework was only applicable to those studies where one
of the objectives included the application of Al in the database

Song et a

searching and eligibility assessment phase[21,24,25]. The core
elements of QUADAS-2 were revised to adapt it to Al-related
research scenarios, as follows: “patient” was replaced with
“study,” “index test” with “Al,” “reference standard” with
“comparator,” and “case-control design” with “DTA
framework.” We also constructed a 2x2 table, categorizing
studies into “included” or “excluded” based on both “Al
screening results’ and “reference/original systematic review
(SR) screening results,” with counts denoted as a, b, ¢, and d,
respectively. The details of the modified QUADAS-2 are
provided in Table S2 in Multimedia Appendix 1. Second, 5
studies, which specifically developed Al or semiautomated tools
for LE synthesis without DTA-related accuracy evaluation and
were not designed as LE synthesis themselves, were assessed
using the JBI Critical Appraisal Checklist for Textual Evidence:
Narrative [26]. Third, 9 studies, which were designed as LE
syntheses without DTA-related accuracy evaluation and not
primarily focused on Al or semiautomated tool development
(or tool development was only an auxiliary means), were
assessed using the AMSTAR 2 tool [27,28]. The details are
shown in Tables S3 and $4 in Multimedia Appendix 1. All of
the included studies were evaluated independently by 2
reviewers (RL and ZY), and disagreement was resolved by a
third reviewer (ZL). The LE synthesis did not involve a
statistical combination of results (meta-analysis), as its aims
were to document the phases of LE synthesiswhere Al is used
and to investigate whether Al improvesthe efficiency, accuracy,
or utility of LE synthesis. Therefore, several systematic review
procedures—including sensitivity analyses, reporting bias
assessment, certainty assessment, and investigations of
heterogeneity—were not used.

Data Analysis

Thisreview conducted 3 complementary analyses, asshownin
Figure 1.

Figure 1. Road map for theuseof artificial intelligence (Al): applications and extractable clinical outcomes across 4 phases of living evidence synthesis.
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assessment; once the eligibility of studies has been verified and
they have been included in the review process, it becomes
crucial to systematically extract and collect information about
their main characteristics and results. Additionaly, it is very
important to assess the risk of bias associated with the conduct
and methodol ogy used in the studies. In phase 3—synthesisand
analysis—the data that have been assessed to conform to the
criteria are integrated, and the data are analyzed. In phase
4—publication update—after going through the af orementioned
phases 1-3, sections of a review are generated based on their
results, and conclusions are updated.

Analysis 2: Al or Semiautomated ToolsUsed in LE
Synthesis

First, the types of Al or semiautomated tools applied in each
LE synthesis phase were investigated. Second, the frequency
of Al or semiautomated tools applied in the LE synthesis was
analyzed.

Analysis 3: Primary Outcomes | nvestigating Al or
Semiautomated Toolsin LE Synthesis

Theimpact of applied Al or semiautomated toolsin LE synthesis
was analyzed across 3 outcomes [29]. First, efficiency, defined
as the relationship between the time required to complete a
workload and the workload itself, was evaluated to determine
whether either the duration or workload was reduced with the
use of Al or semiautomated tools. This outcome may be
described as time reduction, workload reduction, and conflict
rates with and without the tool.

Figure 2. Database search flow diagram. LE: living evidence.

Song et a

Second, accuracy isused to assess performance with and without
Al or semiautomated tools. It may be described as accuracy,
recall, precision, F;-score, area under the receiver operating
characteristic curve, number needed to read, and study relevance.
In addition, we calculated the overall mean recall and mean
F,-score using the following formula:

M =1IN Yi=INMi
where Mi is the representative value for study i, defined as the
reported singlevalue, if provided, or the midpoint of the reported
range [L, U], calculated as (L+U)/2, if a range was provided.
N is the number of studies reporting that metric [30,31].

Third, utility isused to assesswhether user decisionsalign with
those of Al or semiautomated tools, including user consistency,
user satisfaction, perceived ease of use, and study quality.

Results

Search Results

Out of 9180 studies, 24 studies applied Al or semiautomated
toolsin LE synthesis, including 17 LE syntheses (4 developing
tools) and 7 living meta-analyses (3 devel oping tools), as shown
inFigure2[29,32-54]. In addition, 8 studies exclusively applied
Al tools in LE synthesis, 11 studies exclusively applied
semiautomated tools, and 5 studies utilized both Al and
semiautomated tools. The basic characteristics of the included
studies are shown in Table S5 in Multimedia Appendix 1. The
details of the studies excluded at the full-text eligibility stage
with reasons are shown in Table S6 in Multimedia Appendix 1
[5,9,55-75].
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M ethodological Quality of Included Studies

We conducted amethodological quality assessment of 10 studies
using a revised QUADAS-2 tool within the DTA framework
[29,32,35,36,42-44,51,52,54]. All studies were assessed as
low-risk in the “Study selection,” “Index test (Al),” and
“Reference (comparator)” domains. While none of the studies
specified thetimeinterval between thetask execution of Al and
comparator-based analysis, all were determined as low-risk in
the“Flow andtiming” domain. Additionally, wedid not identify
any applicability concerns, as al studies were classified as
low-risk in the “Applicability” domain (Table 1). Five studies
were subjected to methodological quality assessment using the
JBI Critical Appraisal Checklist for Textual Evidence: Narrative

Song et a

[41,46,48-50]. Four studies obtained a score of 5/6, with a
narrative appraisal of “Exclude” owing to failure to meet the
narrative classification criterion [41,46,48,49]. One study
achieved afull score of 6/6 and wasthus appraised as“ Include’
(Table S7 in Multimedia Appendix 1) [50]. In addition, we
conducted a methodological quality assessment of 9 studies
using AMSTAR 2[33,34,37-40,45,47,53]. The methodol ogi cal
quality scores of the included studies ranged from 11 to 15.
Overall, the methodologica quality of eight studies
[34,37-40,45,47,53] wasrated as moderate, while only 1 study
[33] was rated as low in methodological quality. The most
common limitation was that the authors failed to provide alist
of excluded studies (Table S8 in Multimedia Appendix 1).

Table. Summary of modified Quality Assessment of Diagnostic Accuracy Studies version 2 (QUADAS-2) assessments for studies using artificial
intelligence (Al) or semiautomated tools in the database searching and eligibility phase of the living evidence (LE) synthesis process.

Author, year Risk of bias Applicability concern

Study selection  Index test (Al)  Reference(com- Flow andtiming Study selection  Index test (Al)  Reference (com-

parator) parator)

Knafouetd [32] Low Low Low Low Low Low Low
(2023)
Perlman-Arrow  Low Low Low Low Low Low Low
et al [29] (2023)
Choueta [35] Low Low Low Low Low Low Low
(2020)
Kamsoeta [36] Low Low Low Low Low Low Low
(2023)
Marshall et d Low Low Low Low Low Low Low
[42] (2023)
Haasetal [43] Low Low Low Low Low Low Low
(2021)
Vaghelaet a Low Low Low Low Low Low Low
[44] (2021)
Shemilt et a Low Low Low Low Low Low Low
[51] (2024)
Le-Khac et &l Low Low Low Low Low Low Low
[52] (2024)
Hair et a [54] Low Low Low Low Low Low Low
(2024)

Types and Frequency of Al or Semiautomated Tools
in LE Synthesis

A total of 34 Al or semiautomated tools were involved,
including 12 (35.3%) Al tools and 22 (64.7%) semiautomated
tools, as shown in Multimedia Appendix 2. The most frequently
used Al or semiautomated tools were machine learning
classifiers (n=5), followed by the Living Interactive Evidence
(LIVE) synthesisplatform (n=3), AD-SOLES (n=2), Covidence
(n=2), and MAGICapp (n=2).
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Phases of Al or Semiautomated Tools Application in
LE Synthesis

Therewere 18 Al or semiautomated toolsfor database searching
and €ligibility assessment, 20 for data extraction or collection
and risk of bias assessment, and 10 for synthesis and analysis.
However, only 1 Al tool was used for publication updates. Out
of all thetools, RobotReviewer LI1VE can be used for all phases
of LE synthesis, as shown in Textbox 3.
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Textbox 3. Types of artificial intelligence (Al) or semiautomated tools applications in the 4 phases of living evidence (LE) synthesis.

Phase 1. Database searching and eligibility assessment

LIVE platform, automatic text classifiers, machine learning ensemble classifier, Natural language processing—assisted abstract screening tool,
machinelearning classifiers, machinelearning, PICO annotators, STAR tool, AD-SOLES, Covidence, rcrossref, openaexR, RISmed, RobotReviewer
LIVE, Risklick Al, metaCOVID application, supervised text classification models, and text mining techniques

Phase 2. Data extraction or collection and risk of bias assessment

LIVE platform, web-based interactive app, open-source living systematic review application, Covidence, AD-SOLES, Google Refine tool, script,
REDASA, RobotReviewer LIVE, Risklick Al, Metainsight COVID-19, metaCOV D application, information extraction techniques, EndNote,
semiautomated model, supervised text classification models, text mining techniques, GPT-4-turbo, Claude-3-Opus, and EPPI-Reviewer

Phase 3. Synthesis and analysis
LIVE platform, MAGICapp, Tria sequential anaysis(TSA) software, AD-SOLES, ODDPub, RobotReviewer LIVE, script, Metainsight COVID-19,
metaCOV D application, and Dynameta

Phase 4. Publication update
« RobotReviewer LIVE

. . accuracy, or utility in the database searching and eligibility
Impact of Al or Semiautomated Toolson L E Synthesis phase or the data extraction or collection and risk of bias
assessment phase. Table 2 provides adescription of the outcome

Overview
metricsin the included studies.

A total of 10 (41.7%) studies reported on the impact of Al or
semiautomated tools on LE synthesis in terms of efficiency,
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Table. Summary of theindicator terms for outcome metricsin the included studies.

Metrics

Explanation

Efficiency

Time

Workload

Conflict rates with and without the tool

Accura(:yb

Precision

Recall®

Al?or semiautomated tool s were used to savetime. Only 2 (8.3%) studies
reported on time saving [29,35]. Specifically, Perlman-Arrow et a [29]
reported a 45.9% reduction in screening time per abstract in the database
searching and eligibility phase. Chou et a [35] estimated the time saving
ranged from 2.0 to 13.2 hours in the database searching and eligibility
phase.

Two (8.3%) studies reported on workload metrics related to the use of Al
or semiautomated tools [29,42]. Perlman-Arrow et al [29] reported that
the semiautomated tool completed 68% of the workload in the database
searching and eligibility phase. Marshall et al [42] found that manual
screening had an efficiency rate of 23% in obtaining 31 abstracts, whereas
Al achieved arate of 55%, demonstrating an efficiency improvement of
approximately 140% in the database searching and eligibility phase.

The efficiency of abstract screening decreases asthe number of conflicting
votes increases [29]. Perlman-Arrow et al [29] reported areduction in
conflict rates from 8.32% to 3.64% with the use of semiautomated tool in
the database searching and eligibility phase.

Precision refers to the ratio of accurately categorized documents among

al the documents that the model assignsto a particular class[32]. Eight

(33.3%) studies reported on precision [29,32,35,42,43,51,53,54].

1. Khan et al [53] reported a precision rate of even 100% using Al in
the data extraction or collection and risk of bias assessment phase.

2. Perlman-Arrow et a [29] and Haas et al [43] reported precision rates
of 92.10% and 96.07%, respectively, using Al or semiautomated
tools in the database searching and eligibility phase.

3. Hair et a [54] reported that the average precision rate using Al is
about 84.5% in the database searching and eligibility phase.

4. Shemilt et a [51] reported a precision rate of 50% - 86% using Al
in the database searching and eligibility phase.

5. Marshal et a [42] reported a precision rate of 55% using Al in the
database searching and eligibility phase.

6. Knafou et a [32] reported a precision rate of only 29.69% using Al
in the database searching and eligibility phase.

7. However, Chou et al [35] reported a precision rate of only 0.2% -
8% using Al in the database searching and eligibility phase.

Recall (also known as sensitivity) refers to the fraction of positive docu-
ments that have been accurately identified among all documentsfor the
specified class [32]. Nine (37.5%) studies reported on recall
[29,32,35,36,42,43,51,53,54]. All studies reported recall ratesin excess
of 87%. The average value was about 96.24%.

1. Perlman-Arrow et a [29], Chou et al [35], and Marshall et al [42]
found recall rates of even 100% using Al or semiautomated toolsin
the database searching and €eligibility phase.

2. Knafou et a [32], Haas et d [43], and Kamso et a [36] reported a
recall rate of 89%, 99.25% and 99.3%, respectively, using Al in the
database searching and eligibility phase.

3. Shemilt et a [51] reported arecall rate of 94% - 99% using Al in
the database searching and eligibility phase.

4. Khan et a [53] reported arecall rate of 92% - 96% using Al in the
data extraction or collection and risk of bias assessment phase.

5. Hair et al [54] reported that the average sensitivity rate using Al is
about 95.1% in the database searching and eligibility phase.
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Metrics

Explanation

F-score®

Area under the receiver operating characteristic curve (AUC-ROC)

Number needed to read (NNR)

Article relevance

Utility
User satisfaction

Consistency

Article quality

F-score refers to the balanced harmonic average between the model pre-
cision and recall [32]. Six (25%) studies reported on F1-score
[29,32,43,52-54]. All studiesreported F1-score between 80.47% and 99%
after using Al. The average value was about 92.17%.

1. Knafou et a [32], Perlman-Arrow et a [29], and Haas et al [43] re-
ported an F1-score of 89.2%, 92.6%, and 97.59%, respectively, using
Al or semiautomated tools in the database searching and eligibility

hase.

2. EeKhac et a [52] reported an F1-score of 87% using Al in the data
extraction or collection and risk of bias assessment phase.

3. Khanetal [53] reported F4-scores between 96% and 98% after using
Al in the data extraction or collection and risk of bias assessment
phase.

4. Hair et a [54] reported that the average F1-score using Al is about
89.6% in the database searching and eligibility phase.

AUC-ROC calculates the area under the curve between the true positive
rate and the false positive rate [32]. Knafou et al [32] reported higher
AUC-ROC performance using Al in the database searching and eligibility
phase and had an AUC-ROC performance of 94.25% - 94.77%.

NNR refers to the total number of literature considered within the search
divided by the number of literature included from the search [35]. Only 2
(8.3%) studiesreported on NNR [29,35]. Perlman-Arrow et a [29] reported
an NNR between 1.086 and 1.125 after using a semiautomated tool in the
database searching and eligibility phase. Chou et al [35] reported an NNR
between 15 and 100 after using Al in the database searching and eligibility
phase.

Vaghela et al [44] reported on studiesincluded after searching using Al,
and 50.49% were considered relevant to the query in the database searching
and eligibility phase.

Perlman-Arrow et a [29] reported that the average satisfaction of users
with thetool reached 4.2/5 in the database searching and eligibility phase.

Kamso et al [36] reported that consistency in the use of Al between 2 re-
viewers was assessed using percentage agreement and K appa scores, re-
vealing arange of percentage agreement from 79.0% to 96.0%, and a
variation in Kappa scores from moderate (0.40) to substantial (0.63) in
the database searching and eligibility phase.

Vaghela et a [44] reported that 64.53% of the included studies possess
reliable quality in the database searching and eligibility phase.

Al artificial intelligence.

bkamsoet a [36] achieved an accuracy ranging from 75.9% to 96.9% in research classification using Al in the database searching and eligibility phase.
Khan et a [53] reported that the collaborative large language models' accuracy, based on concordant responses in the prompt set, reached 99% in the

data extraction or collection and risk of bias assessment phase.

“The overall mean recall (96.24%) and F1-score (92.17%) are the smple averages of study-level values from Table S5 in Multimedia Appendix 1. For

studies reporting a range, the midpoint was used as the study-level value.

Efficiency Enhancements Through Al or Semiautomated
Toolsin LE Synthesis

Three studies showed improved efficiency in the database
searching and dligibility phase in terms of 3 indicator terms. A
total of 2 (8.3%) studies [29,35] reported on time saving with
Al or semiautomated tools, 2 (8.3%) studies [29,42] reported
on workload metrics related to the use of Al or semiautomated
tools, and 1 study [29] reported areduction in conflict rateswith
the use of semiautomated tool, which consequently increases
the efficiency.
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Accuracy | mprovements With Al or Semiautomated
Toolsin LE Synthesis

A total of 9 and 6 studies that applied Al or semiautomated
toolsin LE synthesis reported a mean recall rate and a mean
F,-score of 96.24% and 92.17%, respectively. While Khan et
al [53] reported a precision rate of even 100% achieved using
Al inthe dataextraction or collection and risk of bias assessment
phase. However, in 7 studies, the reported precision rates varied
significantly, ranging from 0.2% to 96.07% in the database
searching and eligibility phase.
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Utility of Al or Semiautomated Toolsin LE Synthesis

Three studies reported on the utility of Al or semiautomated
tools in the database searching and €ligibility phase of LE
synthesis, including user satisfaction, consistency, and study
quality. Consistency in the use of Al between 2 reviewers was
assessed using percentage agreement and Kappa scores [36].

Discussion

Principal Findings

Al or semiautomated tools are actively used to facilitate the
process of LE synthesis. We conducted this review to identify
the phases of LE synthesisthat use Al and explore whether Al
can improve the efficiency, accuracy, or utility of LE synthesis.

Al or semiautomated tools have been increasingly used in LE
synthesis, particularly in living systematic review. Thisreview
discovered that Al or semiautomated tools are most commonly
used for dataextraction or collection and risk of bias assessment.
However, only a few studies have addressed the use of Al or
semiautomated systems for publication updates, highlighting
the need for further development in this phase.

Diverse types of Al or semiautomated tools were identified in
this study. These include the LIVE synthesis platform,
AD-SOLES, metaCOVID application, and RobotReviewer
LIVE, which are utilized in multiple phases of LE synthesis,
indicating their versatility and potentia for wider adoption
[37,39,40,42,47,54]. The most frequently used Al or
semiautomated tool swere machinelearning classifiers, the LIVE
synthesis platform, Covidence, AD-SOLES, and MAGICapp.
Furthermore, the rapid rise of Al tools involving LLM types,
such as GPT-4-turbo and Claude-3-Opus, has led to their use
in LE synthesis. These tools can be suitable for application in
multiple or even all phases of LE synthesis, especialy in the
publication update phase. The application of LLMs to further
enhance the efficiency, accuracy, and utility of LE synthesis
remains a key focus for researchers and practitioners.

Governmentsworldwide, particularly thosein leading Al nations
such as China, the United States, Germany, the United Kingdom,
France, and Canada, are especialy emphasizing the
transformative impact of Al on research and decision-making
processes [ 76,77]. Funding from various sources, including the
Economic and Social Research Council, reflects a strong
financial commitment to advancing Al technologiesin evidence
synthesis. Furthermore, a growing number of Al guidance and
organizations are emerging to embrace the opportunity that Al
hastaken in producing LE synthesis. For example, Responsible
Al in Evidence SynthEsis has provided recommendations for
the main roles of responsible Al in the evidence synthesis
ecosystem that are involved in responsible Al use [78].
Furthermore, organizations such as ALIVE aim to improve
societal outcomes by producing and utilizing timely, trustworthy,
and affordable evidence.

Challenges remain in the application of Al in LE synthesis.
Machine learning classifiers suffer from low precision and
varying efficiency across different topics [35]. As an example,
RobotReviewer LIVE faces challenges in performance
variability for complex reviews, limited study types, and data
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source constraints [42]. Therefore, further research aimed at
enhancing the adaptability and stability of Al across various
research areas is urgently needed. In addition, ethical issues,
data protection measures, and transparency in Al-driven LE
synthesis are also key challengesthat need to be addressed [ 79].
At the ethical level, Al is prone to selection bias due to the
skewness of its training data, which impairs the inclusivity of
evidence, and the mechanism of responsibility attribution
remains unclear [80]. Data protection is another areathat faces
challenges, as research data required for Al training often
contain sensitive information, and existing anonymization
technologies cannot fully avoid the risk of privacy breaches
[81]. Cost considerations in the implementation of Al tools,
including initial investment, ongoing operational costs, training
expenses, and requirementsfor hardware and software resources
also congtitute a significant issue [82].

Policymaking involves judgment, making it more of an art than
ascience, whereas science is primarily driven by evidence and
shapes evidence-informed policymaking [83]. Study has
indicated that relying solely on systematic reviews for
policymaking isfar from sufficient; instead, policymakers need
to obtain a more diverse range of synthesized evidence to
underpin decision-making [84]. The LE synthesis, especially
by incorporating Al into evidence production, can deliver
updated evidenceto facilitate evidence-informed policymaking.
Al could revolutionize policymaking by facilitating ongoing
assessments, ensuring that the policies remain aligned with the
latest evidence and evolve in response to new information asiit
emerges [2,5,85]. Furthermore, Al enables policymakers to
continuously monitor and assess policies throughout their
lifecycle, which allows adaptation to shifting circumstances and
evolving societal needs in rea time [86]. Furthermore, the
advancement of Al capabilities, particularly through LLMs,
adds a deeper analytical layer; LLMs can provide nuanced
insights and help predict future research directions relevant to
policymaking [87]. The application of Al in LE synthesiscould
transform policy decision-making, advancing policy formulation
for policymakers.

Recent advances in Al provide researchers with new
transformative capabilities [79]. Van Dijk et al [88] indicated
that Al tools are a promising innovation in the current practice
of systematic evaluation, and researchers have reported positive
experienceswith these tools. The use of Al enhancesefficiency
by significantly reducing researchers’ time and workload [2,89].
Manion et al [90] indicated that natural language processing
could enhance accuracy and reduce errors through a
“human-in-the-loop” approach. The application of Al in LE
synthesis has considerably benefited researchers, significantly
enhancing their research capabilities.

ThisLE synthesiswill retain itsliving mode beyond the present
publication, consistent with the methodology. This decision is
based on two key considerations: (1) the predefined retirement
triggers have not been triggered and (2) the Safe and
Responsible Use of Al Working Group (Working Group 3) and
the Methods & Process Innovation Working Group (Working
Group 4) of the Evidence Synthesis I nfrastructure Collaborative
will benefit from the continuous updatesfrom thisLE synthesis
to support their future research initiatives [91-94].
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Future Research Directions

In the above discussion, we have suggested the advancement
of future work across multiple dimensions. From a technical
point of view, efforts are needed to address limitations of
existing Al tools, such as inadequate precision and poor
adaptability, while deepening research intothe LLM applications
in the publication update phase of LE synthesis. In the realm
of ethics and data governance, it is essential to establish
responsibility attribution mechanismsand cross-regulatory data
governance frameworks, aswell as enhance evidenceinclusivity
and mitigate privacy risks through algorithmic optimization.
Methodologically, we recommend the establishment of a
standardized evaluation system for Al applicationsand refining
research design and quality assessment protocolsto strengthen
the evidence base.

Strengths and Limitations

The strengths of this review include the following: (1) it
systematically analyzesthetypesof Al and semiautomated tools
used across the 4 phases of LE synthesis and (2) it provides
insights into the opportunities and challenges of using Al or
semiautomated tools in LE synthesis regarding efficiency,
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accuracy, and utility. However, this review still has a few
limitations. First, study screening was based on whether the
studies reported on the tools used in LE synthesis. Second,
studies that did not document the use of Al or semiautomated
tools in LE synthesis were excluded from this review, which
may introduce bias. Third, the focus of our search strategy on
“living evidence” terminology may have excluded studies
describing Al tools for review updates that used different
terminol ogy.

Conclusion

Researchersare actively utilizing various Al and semiautomated
toolsin LE synthesis, primarily for dataextraction or collection
and risk of bias assessment, while their application in updating
publications remains limited. The use of Al or semiautomated
tools in LE synthesis improves efficiency in the database
searching and eligibility phase and accuracy in the database
searching and eligibility phase, aswell asin the dataextraction
or collection and risk of bias assessment phase. The Al or
semiautomated tools demonstrate high accuracy, recall, and
F,-scores, while precision varies across tools. Al or
semiautomated tools also demonstrate good performance in
terms of utility in the database searching and eligibility phase.
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Abstract

Background: Global digitalization continuesto advance, extending itsinfluenceinto medicine and health care systemsworldwide.
In recent years, substantial advancements have been made in the research and devel opment of artificial intelligence (Al), raising
guestions about its potential in medicine. The integration and application of Al in intensive care medicine, particularly in sepsis
treatment, presents significant potential for advancing patient outcomes and enhancing patient-relevant benefits. However, a
comprehensive and systematic overview of thefull spectrum of patient-relevant benefits associated with Al-based clinical decision
support systems (CDSS) remains lacking.

Objective: This scoping review aimed to identify and categorize evidence on patient-relevant benefits of Al-based CDSSin
sepsis care.

Methods: Systematic research was conducted in 4 electronic databases: MEDLINE via PubMed, Embase, the ACM Digital
Library, and IEEE Xplore. In addition, a comprehensive search on the websites of relevant international organizations, along
with acitation search of theincluded articles, was conducted. Articleswereincluded if they (1) focused on sepsisand (2) described
patient-relevant benefits of Al-based CDSS. Articles published between January 1, 2008, and March 2, 2023, were considered
for inclusion. Study selection was performed independently by 2 reviewers. The manuscript was drafted in accordance with the
PRISMA-ScR (Preferred Reporting Itemsfor Systematic Reviews and Meta-Analyses extension for Scoping Reviews) checklist.
The analysis of the included articles was conducted using the program MAXQDA (VERBI Software GmbH), with systemization
finalized in a consensus workshop.

Results: A total of 3368 records were identified across the 4 databases, of which 24 met the inclusion criteriaand wereincluded
in the scoping review. The additional search on international websites and in reference lists identified 6 more relevant articles,
resulting in 30 included studies. Of these, 20 were quantitative, comprising 7 prospective and 13 retrospective designs. In addition,
1 qualitative study, 1 mixed methods study, 6 review articles, and 2 articles from institutional websites were included.
Patient-relevant benefits were systematized in six main categories: (1) prediction, (2) earlier treatment and prioritization of
high-risk patients, (3) individualized therapy, (4) improved patient outcomes (including improved Sequential Organ Failure
Assessment score, reduced length of stay, and reduced mortality), (5) general improvementsin care, and (6) reduced readmission
rate.

Conclusions: This scoping review underscores the potential of Al-based CDSS to positively impact patient-relevant benefits,
particularly in sepsis care, where they demonstrate considerable promise for improving intensive care. However, the majority of
the identified studies rely on retrospective database analyses. Future research should focus on validating these findings through
prospective studies.

(J Med Internet Res 2026;28:€76772) doi:10.2196/76772
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Introduction

Thetreatment of infectious diseases has historically resulted in
medical progress, exemplified by antibiotics and vaccines.
Despite all medical advances, infections remain amajor global
cause of morbidity and mortality [1,2]. Sepsis, defined as
“life-threatening organ dysfunction caused by a dysregulated
host response to infection” [3], remains among the top
contributorsto worldwide mortality. It accountsfor 30% - 50%
of all hospital deaths in high-income countries, such as the
United States [1], and approximately 11 million annual deaths
worldwide[2]. Sepsisisaheterogeneous syndromewith variable
phenotypes and outcomes. Thus, the interpretation of initial
symptoms can be difficult for health care providers[3,4].

The effectiveness and accuracy of established rule-based scoring
systemsused for the assessment of patientsin theintensive care
unit (ICU), such as the systemic inflammatory response
syndrome (SIRS) criteria, which werehistorically of importance,
the sequential organ failure assessment (SOFA) score or the
quickSOFA (gSOFA) score, the acute physiology and chronic
health evaluation I (APACHE II) score, or the national early
warning score 2 (NEWS2), is limited. This is partly because
these scoring systems are not always specifically developed for
sepsis patients and are therefore of limited use to health care
providers in this context [5,6]. Nevertheless, timely
identification and treatment are crucial to enhance patient
outcomes[7-9], asuntreated sepsis can progressto septic shock,
exacerbating the patient’s condition [10] and leading to multiple
organ failure, which carries an even higher mortality rate than
sepsisitself [11].

Thisiswhererecent developmentsin artificial intelligence (Al)
become particularly relevant, as they are considered to hold
substantial potential for improving sepsisdiagnostics. Especialy
machinelearning (ML), abranch of Al, hastheability to rapidly
analyze vast amounts of data, exceeding human capacity to
process. By evaluating numerous data points, ML can derive
conclusions and recognize correl ationsthat ahuman health care
provider would be incapable of identifying. Thisiswhy ML is
well-suited as a technological foundation for clinical decision
support systems (CDSS), particularly in the complex clinical
picture of sepsis[3]. Theuse of ML inthe development of CDSS
can make the sepsis diagnosis more reliable, with the prospect
of long-term improvements in patient outcomes. Machine
learning algorithms (MLAS) demonstrated potential to enhance
patient-rel evant benefitsin distinct studies. Documented benefits
include, for example, reductionsin sepsis-related mortality and
the average hospital length of stay (LOS). Additionally, MLAS
facilitate earlier interventions, such asthetimely administration
of antibiotics [12-14].

Degspite the high clinical relevance of sepsis and significant
advancementsin both the availability of digital patient dataand
inthefield of ML, thereal-world application of Al-based CDSS
remains negligible. The majority of these algorithmsremainin
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the prototype phase, with deployment limited to asingle hospital
or a single hospital operator. This gap is highlighted by an
analysis of the Food and Drug Administration’s database of
medical devicesusing Al or ML. Asof April 2025, none of the
over 1000 listed products are specifically dedicated to intensive
care[15], the medical field at the forefront of sepsis treatment.
Thisillustrates the discrepancy between technological progress
and its rea-world implementation in the critical care
environment. For Al-based CDSS to be successfully
implemented in clinical practice, it is a necessary prerequisite
that they demonstrate tangible added value. Accordingly,
patient-relevant benefits should constitute a primary focus.

The research objective of the present study differs from those
of previous scoping reviews on Al-based CDSSin sepsis care.
Certain reviews focused specifically on neonatal [16] or
pediatric [17] sepsis, whereas others concentrated on tasks for
which MLAswere designed—such asrisk assessment, trestment
planning, or process support—and thus focused on the process
of medical servicedelivery rather than on actual patient-relevant
benefits [18] or on the actual design of the CDSS and its
intended users [19]. Importantly, none of the aforementioned
reviews[16-19] focused exclusively on patient-rel evant benefits.
Furthermore, severa existing scoping reviews used narrow
methodological approaches, for example, being restricted to a
singleML method [17] or considering only antibiotic treatment
of sepsis [16]. To the authors' knowledge, no other scoping
review has explicitly examined the patient-relevant benefits of
Al-based CDSSin the context of sepsiswhile applying abroad
and exploratory methodological approach, without restrictions
regarding the ML methods used or the types of patient-relevant
benefits assessed. Accordingly, the objective of the present
study isto identify patient-relevant benefits of Al-based CDSS
in sepsis care compared with the current standard of care,
thereby addressing thisresearch gap, as patient-rel evant benefits
constitute a meaningful benchmark for evaluating the value of
any medical innovation. In this context, ataxonomy of benefits
comprising 6 main categories has been devel oped.

This scoping review was conducted within the framework of
the Kl@work (User-Oriented Requirements for Al-Based
Clinical Decision Support Systems) project, which is funded
by the German Federal Joint Committee (funding code:
01V SF22050). The research project is led by the Ingtitute for
Health Care Management and Research at the University of
Duisburg-Essen. Consortium partners include the Department
of Anesthesiology, Intensive Care Medicine and Pain Therapy
at the University Hospital Knappschaftskrankenhaus Bochum,
the Knappschaft Kliniken GmbH, the Department of Medical
Informatics, Biometry and Epidemiology at the Ruhr University
Bochum and the German Sepsis Society. This scoping review
addressed 2 additional research questions. However, to ensure
a coherent presentation of the findings, this article focuses
exclusively on patient-relevant benefits.

JMed Internet Res 2026 | vol. 28 | €76772 | p.145
(page number not for citation purposes)


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

JOURNAL OF MEDICAL INTERNET RESEARCH

Methods

Overview

This scoping review is based on the methodology framework
of the Joanna Briggs Manual for evidence synthesis [20], a
further development of the work of Arksey and O'Malley [21]
and Levac et al [22]. Thereview processfollowed the five stages
originally described by Arksey and O’ Malley: (1) identifying
theresearch question, (2) identifying relevant studies, (3) study
selection, (4) charting the data, and (5) collating, summarizing,
and reporting the results [21]. The manuscript was prepared
according to the PRISMA-ScR (Preferred Reporting Items for
Systematic Reviews and Meta-Analyses extension for Scoping
Reviews) checklist by Tricco et al [23] (Checklist 1). Asscoping
reviews encompass a broad range of study types in order to
present acomprehensive overview of theresearch field [20-22],
comparability between studies is limited. Conseguently, no
formal quality appraisal was conducted. Although no distinct
protocol for the scoping review was published, the methodol ogy
was described in detail in a protocol for the overarching
multimethod research project [24].

Search Strategy

The development of the search strategy commenced with an
initial limited search in MEDLINE viaPubMed and Embase to
identify relevant search terms. Subsequently, the identified
terms were discussed in recurring team discussions within the
consortium. In a third step, the consented search terms were
combined into search queries.

The electronic databases MEDLINE via PubMed, Embase, as
well as the ACM Digital Library and IEEE Xplore, were
searched for relevant literature on March 2, 2023. The databases
were selected to ensure that the interdisciplinary research
guestion could be adequately addressed from both a medical
and a computer science perspective. The search string was
developed using the PCC (population=persons with or at risk
of sepsis, concept=CDSS, and context=Al) framework. The
MEDLINE via PubMed search string was quality-assured by
thechief librarian at thelibrary of the University Medical Centre
Essen before the database search was conducted. The other 3
search strings were developed based on the same quality
assurance principlesasthe MEDLINE viaPubMed search query.
Theindividual search termswerelimited to occurrencesintitle,
abstract, and keyword searches but were supplemented by
indexing terms (MeSH and Emtree) and truncations. The final
search strategies for each database can be found in Multimedia
Appendices 1-4.

In agreement with ML experts (NT, HN), the search was limited
to articles published in the last 15 years. Further explanation
for the time restriction is provided in the discussion of this
article. The search was restricted to English and German. In
cases of missing full texts, the interlibrary loan service of the
University of Duisburg-Essen was used. If that approach was
not successful, the reviewers contacted the respective authors
of the papers of interest. The identified citations were imported
into the reference management program Endnote 20 (Clarivate
Analytics).
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In addition to the systematic search of electronic databases, a
structured search for gray literature (eg, working papers and
guidelines) from various governmental and nongovernmental
stakeholders was conducted via their websites. The selection
of countriesincluded in the search was based on the results of
the Bertelsmann #SmartHealthSystem study, which examined
the degree of digitalization of various health care systems in
2018. It was assumed that the prospect of identifying
information on Al-based CDSS would be particularly high in
countrieswith highly digitalized health care systems. According
to the Bertel smann study, this appliesto the health care systems
of Canada, Denmark, Estonia, Israel, and Spain. In addition, 3
large economies—Germany, the United Kingdom, and the
United States—were included in the structured research.
Alongsideinstitutional websitesfrom these countries, websites
of relevant international stakeholderswere also examined. These
included the World Health Organization (WHO) and the
Organisation for Economic Co-operation and Devel opment
(OECD), as well as websites of international sepsis, intensive
care, and medical informatics associations. Further information
about included websites can be found in Multimedia Appendix
5. To supplement further evidence, reference lists of articles
identified through the systematic and structured search were
screened, and the cited articles were subsequently assessed for
eigibility. If eligible, the referenced articles were included in
the scoping review.

Eligibility Criteria

Exploratory research and internal discussions contributed to the
development of inclusion and exclusion criteria, which were
refined iteratively during the initial stages of the research
process. The search strategy was designed to address 3 different
research questions. Studieswere considered for inclusion if they
described (1) patient-relevant benefits of Al-based CDSSinthe
context of sepsisaswell as (2) problemsin their development,
implementation, or application, or (3) suggestionsfor improving
these processes. Patient-relevant benefitswereidentified entirely
exploratively and categorized independently of existing
frameworks, allowing Al-based CDSS benefits to be classified
without reliance on established definitions or patient-relevant
endpoints. This approach provides a comprehensive and
complete overview of the potential benefits of this emerging
technology, without constraining the findings of this paper to
predefined frameworks and definitions. Patient-relevant benefits
were defined as the positive impact of an intervention on
patients, irrespective of whether these comprise general
qualitative observations or specific, measurable quantitative
endpoints. Specific inclusion and exclusion criteria were
developed for each research question to ensure a tailored
approach to the unique scope of each question. Al was defined
as ML-based algorithms that operate as a “black box” for the
user (physician or caregiver), meaning their output isnot directly
interpretable for health care providers. Consequently, all
M L -based technol ogies devel oped through data-driven training
and sufficiently complex to preclude full comprehension by the
user were €ligible for inclusion. In contrast, rule-based
algorithms, such asthoserelying on SIRS or SOFA criteria, did
not meet this definition and were therefore excluded in this
review. Moreover, earlier diagnosis facilitated by Al-based
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CDSS was not considered a patient-relevant benefit, as earlier
diagnosis itself has no impact on patient outcomes. It is the
interventionsthat follow an earlier diagnosis—such asincreased
attention by health care providers to patients developing sepsis
or earlier initiation of treatment—that positively influence
patient-relevant benefits. Accordingly, these parameters are
pertinent to the scope of this review. Articles were selected
regardless of the research method used. The inclusion criteria
are presented in Textbox 1.

Exclusion criteria for this review were not answering the
research question, an exclusively technical description of the
algorithms devel oped, or exclusively mathematical approaches
not providing evidence for patient-relevant benefit. In addition,
articles were excluded if they focused only on the evaluation

Textbox 1. Inclusion and exclusion criteria.
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of binary classifiers such as sensitivity, specificity, positive
predictive value, or negative predictive value, asthe superiority
of Al-based algorithms over rule-based scores was considered
a prerequisite for such systems. Al-based CDSS developed
exclusively for neonates and/or children or for animals were
also not included, because (1) the treatment of neonatal or
pediatric sepsis patients differs significantly from the treatment
of adult patients [25-27] and (2) the focus of the study is on
human sepsis. Articles published before 2008 were aso
excluded, aswerethose written in languages other than English
or German. Research protocols, conference abstracts, lettersto
the editor, and articles that were only expressions of opinions
were also excluded. The exclusion criteriaare listed in Textbox
1

Inclusion criteria
« Articlesfocusing on sepsis and
« Involving Al-based CDSS, that

«  Describe patient-relevant benefits, or

«  Describe strategies for success

Exclusion criteria
«  Exclusively technical description of systems, or

o Focus on description of the evaluation of binary classifiers, or

« Not addressing any of the research questions in more detail, or

« Article published before 2008, or

«  Language other than English or German

«  Describe problems with development, implementation, or application, or

« Articles describing Al-based CDSS for neonates and children or animals, or

«  Research protocols, conference abstracts, theses, letters to the editor, or expression of opinions, or

Evidence Screening, Selection, and Data Extraction

After identification and del etion of duplicates, title and abstract
screening was conducted independently by 2 reviewers (PR and
GDG) to decide whether an article was €ligible for full-text
screening. In a second step, the same 2 reviewers conducted a
full-text screening of theincluded articles against theinclusion
and exclusion criteria. In case of disagreement between the 2
reviewers during step 2 of the screening process, other members
of the study team (NB, HN, and NT) were involved to decide
whether an article was eligible for inclusion.

MAXQDA (VERBI Software GmbH) software was used to
identify and tag relevant content in the included articles and to
precategorize the patient-relevant benefit categories (PR) using
an inductive coding approach. The preliminary categorieswere
discussed and further refined in an in-person workshop based
on the affinity mapping technique (PR, NB, and GDG). For this
purpose, al relevant text passages were printed as snippets and
physically assigned to the respective preliminary categories
before being refined and finalized during the workshop. Each
assignment was discussed in detail until full consensus among
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all 3 team members was reached. The results of the workshop
were subsequently digitalized in Microsoft Excel. In addition
to the patient-relevant benefits of Al-based CDSS, metadata,
such as participating authors, year of publication, country of
study, database for MLA, or study type, were extracted and
summarized (see Multimedia Appendix 6).

Analysis and Presentation of Results

The results of the included studies were summarized
descriptively, and analysiswas conducted to derive implications
for policy, practice, and research. The patient-relevant benefits
were grouped into 6 main categories. The main categorieswere
presented in tabular forminan Excel fileand diagrammatically.
The patient-relevant benefit categories are presented
chronologically in Multimedia Appendix 7.
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Results

Selection of Sources of Evidence

Selection Process

In the systematic search, atotal of 3368 titlesand abstractswere
retrieved. After removing 850 duplicates, 2518 articlesremained
for screening (Figure 1). Of these, 141 articles were screened
for full text, and 39 met the inclusion criteria. Among these, 24
provided statements on patient-relevant benefits [28-51]. In

Raszke et d

addition, reference lists of the articles identified through the
systematic search were analyzed, resulting in the identification
of 5 additional articles, 2 of which reported information on
patient-relevant benefits [52,53]. A complementary search of
ingtitutional websites|ed to theinclusion of 5 additional articles,
4 of which contained relevant information on patient-relevant
benefits [54-57]. In total, 30 articles were included in the
scoping review about patient-relevant benefits. The full-text
screening process, including a detailed account of the reasons
for exclusion, is presented in Multimedia Appendix 8.

Figure 1. Flow diagram illustrating the selection process of evidence. CDSS: clinical decision support system.
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. [35]. Thereis 1 articlefrom Australia (3.3%) [55] and 1 article
Included Studies

Of the 30 articlesincluded, 16 originated from North America,
al of which are from the United States (53.3%)
[28,30-32,34,36-38,42,43,45,49,52,53,56,57]. Seven articles
stem from Europe (23.3%); 3 from the Netherlands (10%)
[46,48,50], 2 from Spain (6.6%) [33,44], 1 from Austria(3.3%)
[29], and 1 from the United Kingdom (3.3%) [39]. Five articles
are from Asia (16.7%), including 2 each from China [41,51]
and Taiwan [40,54] (6.6% each), and 1 from Singapore (3.3%)
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from South America (Brazil) (3.3%) [47].

The study designs used in the included articles cover a wide
range. Overall, 20 quantitative articleswere identified. Of these,
7 used a prospective study design, of which 2 are multicenter
studies[28,31] and 5 are single-center studies[34,43,49,52,54].
Thirteen of the quantitative studies used a retrospective
approach, comprising 6 research database studies
[29,30,39,40,46,53] and 7 electronic health record database
studies [33,35,41,42,45,47,50]. In addition to the quantitative
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articles, 1 article used a qualitative approach [37] and another
applied amixed methods approach [36]. Additionally, 6 review
articles [32,38,44,48,51,55] and 2 articles from news sections
of ingtitutional websiteswereidentified [56,57]. All articlesare
listed in Multimedia Appendix 6.

Synthesis of Results

In total, 6 main categories of patient-relevant benefit were
identified. The 6 main categories identified reflect the patient

Raszke et d

pathway from pretreatment to posttreatment period. They
include (1) prediction, (2) earlier treatment and prioritization
of high-risk patients, (3) individualized therapy (which
encompasses patient-centered care), (4) improved patient
outcomes (which includesimproved SOFA score, reduced length
of stay, and reduced mortality), (5) general improvements in
care, and (6) reduced readmission rate (see Figure 2).
Multimedia Appendix 7 givesadetailed overview of the benefit
categories addressed in each study.

Figure 2. Patient benefit categories related to artificial intelligence-based clinical decision support systems.
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Prediction of sepsis, septic shock, or sepsis-related organ
dysfunction was addressed in 12 articles
[31,33,35,37,38,40,42,45,48,51,53,56], comprising 7 quantitative
studies (1 prospective [31] and 6 retrospective
[33,35,40,42,45,53]), 1 qualitative study [37], 3 reviews
[38,48,51], and 1 institutional news report [56]. The MLAS
identified in thisreview indicate predictive capacity [48], which
may be further optimized through algorithm fine-tuning [45].
Findings suggest that these models may predict sepsis between
4 and 48 hours prior to its onset [35,38,40,51,56], even before
significant changes in vital or laboratory parameters become
apparent [40]. MLAswere reported to support theidentification
of appropriate preventive measures [33]. Such predictions may
have the potentia to improve patient outcomes by providing
timely warning of sepsis onset [31,37]. Beyond sepsis, the
studies al so reported the prediction of septic shock, with MLA
predictions occurring between 4 and 7 hours before the onset
of septic shock [42,51]. Compared with traditional rule-based
routine screening protocols, predictive MLAs demonstrated
superior early warning performance, identifying 58.6% more
patients before organ dysfunction [53] and potentially
contributing to a reduction in septic shock incidence [38].
Moreover, MLASs were shown to predict sepsis-related organ
dysfunction approximately 7.5 hours earlier than rule-based
routine screening protocols [53].

Treatment Period

Earlier Treatment and Prioritization of High-Risk
Patients

Earlier treatment facilitated by MLAswasreported in 10 articles
[28,31,33,36,37,40,49,52,53,57], including 7 quantitative studies
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(4 prospective [28,31,49,52] and 3 retrospective [33,40,53]), 1
mixed methods study [36], 1 qualitative study [37], and 1
institutional news report [57]. One retrospective study reported
that the used MLA enabled earlier treatment up to 40 hours
before the onset of sepsis [40], while another indicated that the
use of ML may reduce the time to treatment, not providing a
specific time reduction [33]. Earlier treatment was reported to
enable intervention before or during clinical deterioration [53]
and potentialy prevent sepsis progression [52]. It may allow
for early identification and intervention of patients at high risk
for severe sepsis prior to clinical onset [31]. Additionally, the
literature highlighted early identification and control of the
pathogen causing sepsis[52]. Detecting patients before the onset
of septic shock may facilitate earlier clinical assessment,
diagnostic testing, therapeutic interventions, and transfer to
appropriate levels of care [53]. Ultimately, earlier treatment
may improve patient outcomes [37] and lead to an alteration in
the prevalence of septic shock through timely intervention by
health care providers from 5.3% in the control group to 1.5%
in the experimental group (—71.7%) of the corresponding study
[49]. MLAs were also associated with shorter times to obtain
blood cultures (0.98 - 2.79 hours) [49,57], fluid administration
(.05 hours) [57] and earlier administration or adjustment of
antibiotics (0.55 - 2.76) [28,36,49,57]. A positive correlation
between timely evaluation of MLA aderts and quicker
administration of antibioticswasreported, as earlier evaluation
of alerts leads to faster use of antibiotics [36]. Findly, a
guantitative prospective study reported that MLAs allow
prioritization of high-risk patients, with the targeted rea-time
early warning system (TREWS) identifying who ismost likely
to benefit from timely treatment [28].
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Individualized Therapy

MLAswere reported to support individualized, patient-centered
therapy in 11 articles[29,30,33,39,41,44-47,50,54], comprising
10 quantitative studies (1 prospective [54] and 9 retrospective
[29,30,33,39,41,45-47,50]) and 1 review [44]. Four main
approaches for individualization were identified: (1) subgroup
analysesand clustering, (2) optimized substance administration,
(3) personalized nursing care, and (4) general statements. Three
articles reported subgroup analyses and clustering of patients
[41,45,46], which may enable hospitals to provide targeted
treatments tailored to the specific needs of defined subgroups
[45] and classify patients according to their diverging mortality
risk due to factors such as fluid overload or norepinephrine
overdose. Such classification might support the devel opment
of tailored resuscitation strategiesfor patients with septic shock
[41]. Furthermore, subgroup analyses applied to populations
with differing disease severity and progression allow MLAsto
adjust theintensity of therapy [46]. The use of MLASsfor optimal
substance administration was reported in 6 articles
[29,33,39,41,50,54]. Applicationsinclude personalized antibiotic
dosing [33], faster adjustment to the most effective antibiotics,
and drug resistance prediction. The comprehensive Intelligent
Antimicrobial System demonstrated potentially faster drug
resistance prediction times compared with conventional
methods, requiring 39.8 hours for carbapenem-resistant
Klebsiella pneumonia and 40.9 hours for methicillin-resistant
Staphylococcus aureus, compared with 99.5 and 106.4 hours,
respectively, using traditional methods[54]. MLA usewasalso
associated with an 8% reduction in antibiotic resistance [50],
may shorten the time to antimicrobial resistance detection by
37 hours [54], and was reported to reduce the duration of
antibiotic treatment [50]. Furthermore, MLAS may support
physiciansin selecting appropriate antibiotic therapy [54], with
Al-based antibiotic stewardship linked to decreased Clostridium
difficile infections [50]. Beyond antibiotics, MLAs have
demonstrated utility in optimizing dosing strategies for
norepinephrine [41], vasopressors [39], corticosteroids [29],
and fluid volume management [41]. MLAs also reported to
enhance nursing competence and support more evidence-based,
personalized nursing care [47]. Genera statements on
individualized therapy wereidentified in 4 articles[30,33,44,54],
including personalized treatment to support physicians in
diagnosing and managing bacteremia[33], facilitation of shared
decision-making through preoperative discussions [30],
improved physician adherence [44], and more precise treatment
tailored to individual patients [54].

I mproved Patient Outcomes

Improved SOFA Score

Improved SOFA scores associated with the application of and
timely response to MLAs were reported in 1 quantitative
prospective study [28]. The SOFA score, the predominant
measure for assessing the severity of organ dysfunction, is
closely linked to the probability of mortality, with ahigher score
indicating an increased probability of death [3,58]. Using the
TREWS algorithm, Adams et a [28] reported a SOFA score
progression of —0.8 in their intervention group, compared to
—0.4 in the control group. The article highlights a
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disproportionate reduction in the SOFA score for high-risk
patients compared to nonhigh-risk patients. Additionally, timely
evaluation and confirmation of the TREWS alertsis associated
with improvementsin SOFA score progression.

Reduced Length of Stay

Seven quantitative articles reported reductions in LOS
[28,31,43,49,50,52,54], including 6 prospective
[28,31,43,49,52,54] and 1 retrospective study [50]. Based on
the identified literature, a distinction can be drawn between (1)
specific reductions, reported in absolute or relative terms
[28,31,43,49,52,54], and (2) general statementswithout precise
guantification [28,49,50]. Reported specific reductions in
hospital LOS ranged from 0.43 to 8.1 days [28,31,43,49,52],
corresponding to decreases of 12.84%-45.25% [31,43,49,52].
Reported reductionsin ICU LOS varied between 2.09 and 10.5
days[49,50]. One study also highlighted that shorter ICU stays
may contributeto an overall reductionin hospital LOS, athough
LOS on the general ward increased by 2.4 days [50]. Another
article reported a potential annual reduction of 1100 days in
emergency department stays and the prevention of 34 ICU stays
associated with MLA usage in the examined hospital [54].
General statements indicated a disproportionate, though not
statistically significant, reduction in LOS among high-risk
patients as well as reduced LOS when MLA-generated alarms
were evaluated and confirmed timely [28]. Al-based antibiotic
stewardship was also associated with shorter LOS [50] and
MLAs were reported to significantly shorten hospital LOS
compared to rule-based systems [49]. Furthermore, 1 study
suggested that timely physician responses to MLA-generated
alerts may contribute to reduced LOS [28].

Reduced Mortality

A reduction in mortality was reported in 14 articles
[28,29,31-33,39,43,48,49,52,54-57], including 9 quantitative
studies (6 prospective [28,31,43,49,52,54] and 3 retrospective
[29,33,39]) as well as 3 reviews [32,48,55] and 2 ingtitutional
news reports [56,57]. Reported mortality reductions varied in
type and presentation, encompassing (1) specific quantitative
statements, expressed in relative or absolute terms
[28,29,31,32,43,49,52,54,56,57], and (2) general statements
without numerical specifications [28,29,33,39,48,49,54,55].
Relative reductions of mortality ranged from 13.19%to 74.94%
[28,31,43,49,52,56,57], whereas absolute reductions ranged
from 1.33% pointsto 26.4% points[28,29,31,43,49,52,54]. One
study reported an increase in absolute survival rate of 11.7%
and 23.7%, depending on the type of bacteria responsible for
the sepsis [54]. Two articles provided reductions in natural
numbers; one projected 22 potentially preventable annual deaths
in the emergency department of the China Medical University
Hospital [54], while another estimated several thousand
preventable deaths in the United States alone [32]. General
statements suggested that ML Asmay disproportionately reduce
mortality among high-risk patient cohorts, particularly when
outputs are promptly evaluated and confirmed by physicians
[28]. Improved survival rates may also be linked to the use of
MLA-guided antibiotic recommendations [54] and the
application of the 3PM (predictive, preventive, and personalized
medicine) principles [33]. MLASs are associated with lower
mortality compared to traditional physician assessments[29,39]
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and predictions generated by rule-based tools[49]. Additionally,
literature provided general statements, offering limited
informational depth and indicating that the use of ML may
contribute to reduced mortality [29,39,48,49,55].

General Improvementsin Care

Eight articles reported improvements in care associated with
MLASs[31,34,38,43,47-49,54], including 6 quantitative studies
(5 prospective[31,34,43,49,54] and 1 retrospective [47]) aswell
as 2 reviews [38,48]. Reported benefits can be divided into 2
domains: (1) statements related to time and (2) statements on
patient care enhancements. One study reported a reduced
duration of septic shock [48]. Within the patient care
enhancement category, MLAswere described as posing no risk
to patients and offering potential benefitsto patients and health
care providers [31], reducing events of clinical deterioration
[38], improving care accuracy [47,54], and increasing sepsis
awareness among physicians [43,49]. Physicians and nurses
also reported perceived improvementsin care [34].

Posttreatment Period (Reduced Readmission Rate)

Predictive Al-based CDSSwere associated with reduced 30-day
readmission rates, as reported in 2 quantitative prospective
studies [31,43]. In Burdick et a [31], implementation of an
MLA reduced the 30-day readmissions from 36.4% to 28.12%,
representing a 22.74% reduction compared to the baseline
period. McCoy and Das [43] reported a decline from 46.19%
(188/407) during the preimplementation baseline period to
29.8% (100/336) in afirst postimplementation period and further
to 25.2% (96/381) in a second postimplementation period. In a
subsequent steady-state period, the 30-day readmission rate was
further reduced to 7.84% (16/204). Across all surveyed months
after implementation, the 30-day readmission rate was 23.03%,
representing a 50.14% reduction in the sepsis-related 30-day
readmission rate.

Discussion

Principal Findings

This scoping review presents the evidence on the
patient-relevant benefits of Al-based CDSS in sepsis care. All
articles focusing on sepsis and presenting the influence of
Al-based CDSS on patient-rel evant benefits, identified through
the comprehensive search strategy, were included. In total, 30
articles were identified and integrated into the review.
Investigating the literature, thereisanumber of Al-based CDSS
for sepsis treatment developed in the past or currently under
devel opment. However, research typically hasno or only limited
reference to patient-relevant benefits and (1) mostly focuses on
problems and/or success strategies [32,55,59-61] and/or (2) is
indication-independent [59]. To the best of the authors
knowledge, this represents the first scoping review on this
specific topic.

The findings of this scoping review, systematized into the 6
main categories, (1) prediction, (2) earlier treatment and
prioritization of high-risk patients, (3) individualized therapy
(which encompasses patient-centered care), (4) improved patient
outcomes (which includesimproved SOFA score, reduced length
of stay, and reduced mortality), (5) general improvements in
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care, and (6) reduced readmission rate, underscore the potential
patient-relevant benefits of Al-based CDSSin sepsiscare across
the entireinpatient pathway. Theliteratureindicatesthat MLAS
can potentially predict sepsis before its clinica onset
[35,38,40,51,56]. Additionally, septic shock [42,51] and
sepsis-related organ dysfunction [53] may be predicted in
advance. These predictive capabilities can contribute to reducing
the incidence of septic shock [38] and supporting decreased
mortality rates among sepsis patients [12]. Sepsis prediction
may facilitate timely treatment initiation through the use of
MLASs[40]. Thiswasassociated with improved patient outcomes
and a decreased prevalence of septic shock [49]. Furthermore,
individualized therapy can potentially have a positive impact
on patient-relevant benefits by reducing the time to treatment
or LOS for each individua patient [33]. Moreover, the
disproportionate reduction in the SOFA score through the use
of ML compared to a control group whose treatment was not
supported by MLAs should be mentioned. According to the
Sepsis-3 definition, the level of the SOFA score positively
correlates with the probability of death [3], and a SOFA score
of =2 points corresponds to a mortality risk of over 10% in
hospitalized patients outside the ICU [25]. The TREWS
algorithm presented by Adams et a was able to reduce the
SOFA score by 0.8 points, while areduction of only 0.4 points
was observed in the control group. Accordingly, the use of this
MLA may contribute to the reduction in mortality. In general,
the usage of MLAS was associated with a mortality reduction
of up to 74.94% [28,31,43,49,52,56,57], with faster response
times being associated with greater reductionsin mortality [28].
This demonstratesthe medical potential of ML in the treatment
of sepsis, particularly when clinical recommendations are
accepted and promptly implemented by physicians. With
approximately 11 million deaths annually from sepsisaccording
to the WHO [2], a corresponding reduction in mortality could
translate into a substantial global health impact. Additionally,
MLAs were linked to reduced hospital LOS [31,43,49,52] and
ICU LOS [49,50]. Beyond their predictive capabilities,
facilitation of timely treatment, mortality, and L OS reductions,
Al-based CDSS in sepsis care provide further patient benefits,
including shortened duration of septic shock [48], reduced
antibiotic resistance, and reduced duration of antibiotic treatment
[50]. MLAs may also contribute to a reduction of events of
clinical deterioration [38] and increased physician awareness
of sepsis[43,49]. Finally, the literature indicates that Al-based
CDSS in sepsis care can contribute to reducing hospital
readmission rates [43], further demonstrating their potential to
improve patient-relevant benefits.

Comparison With Prior Work

While 6 reviews were included in this work, they primarily
focused on other topics and predominantly used | ess systematic
approaches [32,38,44,48,51,55]. Among the included reviews,
4 adopted a narrative review methodology [32,44,48,51]. By
design, this approach is inherently less systematic than
systematic reviews or scoping reviews, and thiswas evident in
the search and selection process of the included narrative
reviews. Two relied exclusively on limited, nonsystematic
keyword searches, one using 8 keywords across 4 search engines
[44] and another restricted to 3 keywords in a single database
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[32]. Moreover, the review conducted by Ferreira et a [32]
focused primarily on problems and success strategiesrelated to
Al-based CDSS, thereby addressing a different thematic focus
than the present scoping review. Another narrative review
applied a brief and partia search string without predefined
inclusion and exclusion criteria and was limited to a single
database [51], representing considerable methodological
limitationsrel ative to the present comprehensive scoping review.
The narrative review conducted by Schinkel et a [48] adopted
a more systematic approach, using a predefined search string
and assessing the clinical value of Al-based systems by
evaluating the AUROC asacriterion for article selection. While
methodol ogically more robust, this review nonethel ess differed
from the present article, asit primarily evaluated the advantage
of MLAsover rule-based scores, reflecting the status quo using
a binary classifier. The advantage of MLAS over rule-based
scores was considered a prerequisite for Al-based CDSSin the
present study. With the exception of 1 review, where a manual
search of reference lists was conducted [32], none of the
narrative reviews[44,48,51] undertook acomprehensive search
for gray literature or an analysis of the reference lists.
Furthermore, only 1 narrative review reported a screening
process conducted by 2 independent reviewers [48], whereas
the other 3 reviews did not provide methodological detail
[32,44,51]. By contrast, the present scoping review implemented
a rigorous screening process with 2 independent reviewers to
enhance objectivity, reliability, and reproducibility. Beyond
these narrative reviews, 1 study followed an integrative review
approach, explicitly focusing on predictive algorithms and
embedding this narrow focus within a brief predefined search
string [38]. In contrast, the present exploratory scoping review
aimed to inductively derive patient benefit categories associated
with Al-based CDSS in sepsis care. This integrative review
relied on a single reviewer for screening [38], representing a
methodological limitation in comparison with the dual-reviewer
approach of the present scoping review. Finally, 1 systematic
review included in this study used a largely rigorous and
systematic methodol ogy, with the notable exception of a gray
literature search, which was not reported. In addition, this
systematic review focused primarily on problems and success
strategies [55], thereby diverging from the present scoping
reviews' explicit focus on patient-relevant benefits. In sum, the
present scoping review can be clearly distinguished from the
included reviews both methodologically and thematically. By
applying a comprehensive, exploratory design, centered on
patient-relevant benefits, it makes a substantive and valuable
contribution to closing the research gap regarding
patient-relevant benefits of Al-based CDSS in sepsis care.

Implications and Recommendations

Patient-relevant benefits identified in the literature are not
sufficient to ensure successful implementation of Al-based
CDSS. Equaly critical is the acceptance of the underlying
technology by health care providers and their belief that its use
possesses tangible benefits. The unified theory of acceptance
and use of technology (UTAUT) provides a framework to
understand factors influencing behaviora intention and use
behavior using four constructs: (1) performance expectancy,
(2) effort expectancy, (3) social influence, and (4) facilitating
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conditions. In this context, effective design of Al-based CDSS
should ensure that providers perceive the system as both
beneficial and easy to use, corresponding to thefirst 2 constructs
of the UTAUT. Specifically, (1) users should believe that using
Al-based CDSS enhances gainsin job performance, and (2) the
system is intuitive and easy to operate. Equally important are
contextual factors: health care providers should perceive that
(3) important others endorse system use, and (4) organizational
and technical infrastructureisin place to support usage [61]. A
meta-analysis by Dingel et a [62] applying the UTAUT to
health care practitioners’ intention to use Al-enabled CDSS
confirms that implementation must address not only technical
and organizational aspects but also psychological and social
factors, particularly fostering wuser trust. Successful
implementation of Al-based CDSStherefore dependsonly partly
on system performance; it islargely contingent on user attitudes
and framework conditions.

Beyond the 4 UTAUT constructs, specific barriers [63] and
facilitators [64] must be considered when evaluating Al-based
CDSS. A nuanced understanding of these factorsis essentia to
accurately evaluate the potential impact of Al-based CDSS on
sepsis care. The current evidence demonstrates a pronounced
lack of prospective studiesinvestigating the optimal integration
of such systems[29]. This paucity of implementation-oriented
research, coupled with limited clinician acceptance [37] and
insufficient knowledge of Al among health care providers[65],
congtitutes a substantial barrier to clinical adoption.
Concurrently, extant literature highlights pivotal facilitators,
emphasizing theimportance of prioritizing research on effective
integration strategies [38]. For instance, low acceptance may
be mitigated by involving health care providers directly in the
design and development of CDSS [66-68], while targeted
training and educationa programs could address knowledge
gaps among service providers and enhance trust in this
technology [37,67]. These factors must therefore be carefully
considered by al stakeholdersinvolved in implementation (eg,
caregivers, physicians, and researchers) before real-world
adoption can occur. For clinicians, the findings provideinsights
into realistic benefits, current limitations, and evidence gaps
that may guide expectations in clinical decision-making. For
researchers, this review underscores the importance of
conducting prospective studies and fostering user-centered
development to ensure that CDSS effectively trandlate into
clinical practice. In addition, athough patient-relevant
benefits—and not only measurable patient-relevant
outcomes—have been investigated, the findings may contribute
to the development of aconsistent set of generic patient-relevant
outcomes, as proposed by Kersting et a [69]. This could, in
turn, facilitate a shared understanding and enhance comparability
across studies targeting patient-relevant outcomes, particularly
given the absence of a clear, widely accepted definition and
standardized criteriafor selecting such outcomes.

Strengthsand Limitations

This scoping review was conducted by an interdisciplinary team
comprising computer scientists, physicians, statisticians, and
(health) economists. This diverse expertise facilitated a
comprehensive examination of all relevant aspects acrossthese
fields, ensuring athorough eval uation of the reviewed literature.
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To address the interdisciplinary research question
comprehensively, 4 databases focusing on medicine and
informatics were included in the review. In addition, the
structured search for gray literature targeted variousinstitutions
in 8 countries, including each country’s Ministry of Health,
diverse sepsis and intensive care associations for each country,
and diverse health informatics associations for each country.
The 8 countries were sel ected based on two criteria: (1) having
highly digitalized health care systems and/or (2) holding the
status of industrialized nations. These countrieswere presumed
to have a higher likelihood of using Al-based systems.
Furthermore, the search encompassed internationally active
stakeholders, such asthe WHO and OECD, alongside globally
active health informatics organizations and sepsis and critical
care associations.

Degspiteall efforts, this scoping review isnot free of limitations.
Given the exploratory nature of the methodology, publication
bias must be considered a potential limitation [70]. Studiesin
which Al-based CDSS do not demonstrate improvements in
patient-relevant benefits compared with conventional scores
may not be submitted in peer-reviewed journals, potentially
leading to an overestimation of their true patient benefit.
Although no formal risk of bias assessment was conducted, the
included studies demonstrated considerable heterogeneity in
design. Moreover, 65% (13/20) of the quantitative studiesrelied
solely on retrospective methodologies, in which evidence of
patient benefits was demonstrated only theoreticaly.
Consequently, the findings of this scoping review should be
interpreted with caution, as the reported effects may be
overestimated in the context of real-world care. The overall
strength of evidence was limited by the predominance of
retrospective study designs and the theoretical nature of reported
benefits. In contrast, the included prospective studies provided
more robust support for the identified benefit categories.
Importantly, each benefit category has been substantiated in
prospective studies, thereby affirming its validity in real-world
clinical contextsrather than solely theoretically in retrospective
or descriptive studies (Multimedia Appendix 9). Detailed
information on the study designs of al included articles is
provided in Multimedia Appendix 6. Multimedia Appendix 9
summarizes benefit categories identified across the respective
study designs. Furthermore, the comparability of the reported
MLA performance across articles is limited due to varying
definitions of sepsis (eg, different causative pathogens, divergent
sepsis definitions, and variations in the examined indications
such assepsis, septic shock, or sepsis-related organ dysfunction).
The same limitation applies to the databases used for training
and validation, which differed substantially in size. In addition,
no assessment of the applied MLA methodswas conducted, nor
was the level of maturity of the individual MLASs explicitly
considered. Furthermore, due to the heterogeneity of the
included studies, no formal quality assessment was conducted.
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Rather, the present review was designed to exploratively map
and comparatively present the entirety of available evidencein
order to identify research gaps, without imposing
methodological restrictions on the literature to be included
[20-22]. Finaly, a methodological limitation should be noted:
Research conducted on institutional websites could only be
partially conducted for Estonia, Denmark, and Spain due to
language restrictions (English and German), as some stakehol der
websites were available exclusively in the respective national
languages. The utilization of tranglation tools was deliberately
avoided, as the inclusion of material that none of the authors
could fully comprehend and critically appraise in the original
language was considered methodol ogically inappropriate.

The search restriction of 15 years should not be considered a
limitation. The inclusion period was defined in consultation
with ML experts (NT, HN), and algorithms devel oped prior to
the review period (January 1, 2008-March 2, 2023) were
predominantly anticipated to be (1) rule-based systems and/or
nonblack-box systems for the users. Both types of algorithms
are outside the scope of thisreview. Moreover, aninitial limited
search in the databases MEDLINE via PubMed and Embase,
which accounted for approximately 75% of the screened
literature (Figure 1), indicated that only a marginal proportion
of articles relevant to the research question were published
before 2008. Consequently, the time restriction is unlikely to
have affected the identification of relevant literature.

Conclusion

The findings of this scoping review highlight the considerable
medical relevance of Al-based CDSS in sepsis care. These
systems offer benefits across the entire patient care pathway,
from early detection and risk stratification to individualized
therapy and various improved outcomes. Al-based CDSS has
shown the ability to predict sepsis, septic shock, and
sepsis-related organ dysfunction, enabling earlier initiation of
treatment, prioritization of high-risk patients, and tailored
therapeutic strategies. In addition to supporting earlier and more
targeted interventions, Al-based CDSS contribute to better
clinical outcomes, including improved SOFA scores, reduced
LOSbothin general wardsand | CUs, and lower mortality rates.
They may also help reduce readmission rates among sepsis
patients, further enhancing long-term care quality. With their
transformative potential, Al-based CDSS could fundamentally
improve the global management of sepsis. However, further
research is needed to optimize the devel opment, implementation,
and clinical application of these systems to maximize patient
benefits and further improve outcomesfor sepsis patientsin the
future. This is particularly important given the highly
heterogeneous evidence base, with a substantial proportion of
studies relying on retrospective data, as the results of the
included studies cannot be directly generalized or applied
without caution.
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Abstract

Background: Artificial intelligence—enhanced imaging techniques have demonstrated promising diagnostic potential for carotid
plaques, akey cardiovascular and cerebrovascular risk factor. However, previous studies did not systematically synthesize their
diagnostic accuracy.

Objective: Thisstudy aimed to quantitatively explore the diagnostic efficacy of deep learning (DL) and radiomicsfor extracranial
carotid plagues and establish a standardized framework for improving plague detection.

Methods: We searched the PubMed, Embase, Cochrane, Web of Science, and Institute of Electrical and Electronics Engineers
databases to identify studies involving the use of radiomics or DL models to diagnose extracranial carotid artery plagues from
inception up to September 24, 2025. The quality of the studies was determined using Quality Assessment of Diagnostic Accuracy
Studiesfor Artificial Intelligence (QUADAS-AI). A meta-analysis was conducted using StataM P (version 17.0; StataCorp) with
abivariate mixed-effects model to calculate pooled sensitivity and specificity, generate summary receiver operating characteristic
(SROC) curves, assess Cochran Q statistic and 12-based heterogeneity, and conduct subgroup analyses and regression analysis.

Results: Among 40 studies comprising 17,246 patients, 34 integrated independent test sets or validation sets in the quantitative
statistical analysis. Among them, 24 focused on DL models, 10 on machine learning models based on radiomics. The combined

sensitivity, specificity, and area under the SROC curve were 0.88 (95% CI 0.85 - 0.91; P<.001; 1°=93.58%), 0.89 (95% ClI

0.85 - 0.92; P<.001; 1°=91.38%), and 0.95 (95% CI 0.92 - 0.96), respectively. Compared with the machine learning models
based on radiomics algorithms, DL models achieved comparable improvements in specificity and area under the SROC curve.
It was observed that transfer learning and a large sample size enhanced the diagnostic performance of models. Models used to
identify plaque stability and presence had similar diagnostic performances, both of which were more effective in identifying
symptomatic plague models. A total of 7 studies demonstrated that the model sthat combined clinical features exhibited comparable
diagnostic capability to pure DL and radiomics models. Additionaly, 7 studies performed external validation, obtaining lower
diagnostic performance than in testing groups. Limited regression analysisfailed to identify significant sources of heterogeneity,
and the limited number of eligible studies restricted more comprehensive subgroup analyses. The high heterogeneity in the study
results may be due to different scanning parameters, model architecture, image segmentation, and algorithms.

Conclusions: Radiomics algorithms and DL models can effectively diagnose extracranial carotid plaque. However, there are
concernsregarding irregularitiesin research design and the absence of multicenter studiesand external validation. Futureresearch
should aim to reduce bias risk and enhance the generalizability and clinical orientation of the models.

(J Med Internet Res 2026;28:e€77092) doi:10.2196/77092
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Introduction

Extracranial carotid plaques are biomarkers of coronary artery
disease and cerebral ischemic events, including ischemic heart
disease and stroke. The global prevalence of carotid plaques
among individuals aged 30 - 79 years is estimated at 21.1%
(n=815.76 million) in 2020. This high prevalence reflects a
growing global burden of cardiovascular and cerebrovascular
diseases, posing asignificant challengeto public health systems
[1]. Therefore, early detection and management of carotid plaque
can potentially reduce the risk of stroke and cardiovascular
events [2-4], and thus, effective detection and classification
technologies need to be prioritized.

Imaging methodsfor carotid plagueimaging, such as ultrasound,
computed tomography angiography (CTA), magnetic resonance
imaging (MRI), and digital subtraction angiography, facilitate
detection, stenosis assessment, and plague composition analysis
[5]. Conventional ultrasound is the first-line screening method
[6]. Studies show that periapical radiographs (PRs) can serve
as a supplementary screening tool, demonstrating a 50%
concordance with ultrasound or CTA [7-9]. Current imaging
primarily identifies high-risk features, such as plague
neovascularity, lipid-rich necrotic cores, thin fibrous caps, and
intraplague hemorrhage plague ulceration [4,10]. Among them,
the contrast-enhanced ultrasound or superb microvascular
imaging can accurately quantify neovascularization and
correlates well with histopathology [11-14], offering rapid,
noninvasive, and reliable quantification [15]. It is proficient in
vascular imaging and ulcer detection [16], as well as stenosis
assessment [17], but it faces challenges with small lipid cores
and thin fibrous caps [18]. MRI remains the gold standard for
assessing plague composition, particularly for identifying lipid
coresand intraplaque hemorrhage[19]. Whiledigital subtraction
angiography isthe reference standard, itsinvasive nature limits
its application. Notably, the accuracy of these diagnostic
techniques largely relies on the expertise of imaging or clinical
physicians, which causes inconsistencies in the assessment
results of carotid atherosclerotic plagues—particularly in
measuring carotid intima-media thickness, characterizing
intraplague components, and evaluating fibrous cap integrity.

The radiomics algorithms and deep learning (DL) models have
demonstrated significant potential in medical image analysis
[20]. Radiomics is a quantitative medical imaging analysis
approach that aimsto transform high-dimensional image features
(such astexture heterogeneity, spatial topological relationships,
and intensity distribution) into quantifiable digital biomarkers,
thereby providing objective evidence to guide clinica
decision-making. However, the characteristic dimensionality
of radiomics data often far exceeds sample sizes, which renders
the traditional statistical methods inadequate [21]. Machine
learning (ML), with the potential to process large-scale,
high-dimensional data and uncover deep correlations among
these complex features [22]. Combining radiomics with ML to
develop an ML model using radiomics can enhance the
diagnostic performance of Al in large and complex datasets,
exceeding the performance of models constructed through
traditional statistical methods.
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DL is also one of the important subbranches of artificial
intelligence, which can automatically learn and layer from raw
data without manual design of features, ultimately generating
predictionsviaan output layer [23]. DL-driven image generation
techniques have demonstrated remarkable effectiveness in
cross-modality imaging and synthesis tasks across various
sequences within the same modality. With the rapid devel opment
of computer technology, ML models based on radiomics and
DL models based on radiomics have become important tools
for cardiovascular disease research. Current evidence suggests
that these methods can significantly improve the quantitative
assessment accuracy of atherosclerotic plaque progression and
enhance the diagnostic and predictive power of major adverse
cardiovascular events [24-26]. In recent years, research on the
application of these methods in the fields of plague diagnosis,
stability assessment, and symptomatic plaque identification has
increased significantly. Although these advancements have
significantly improved the diagnosis of carotid plagues,
variationsin data dependency and imaging configurations among
different models create inconsistencies in diagnostic accuracy.
Moreover, these models may become overly specialized in
common imaging configurations, even when using radiomics
data from identical sources. Currently, systematic evaluations
of itsclinical validity remain limited.

Therefore, this systematic review comprehensively assessesthe
applications of ML models based on radiomics algorithms and
DL modelsin carotid plagues, while highlighting gray areasin
the available literature.

Methods

Study Registration

The study was performed in line with the PRISMA-DTA
(Preferred Reporting Items for Systematic Reviews and
Meta-Analyses of Diagnostic Test Accuracy Studies) guidelines
[27] and PRISMA (Preferred Reporting Items for Systematic
Reviews and Meta-Anayses) standards [28,29] and was
registered on the International Prospective Register of
Systematic Reviews (PROSPERO CRD42025638492).

Data Sources and Search Strategy

Relevant articles were searched on PubMed, Embase, Web of
Science, Cochrane Library, and Ingtitute of Electrica and
Electronics Engineers (IEEE) databases, focusing on
English-language articles published up to September 24, 2025.
The literature search was based on the PIO (population,
intervention, and outcomes) principles: “P’ represents carotid
artery disease, carotid plaques, or atherosclerosis populations;
“1” represents radiomics or DL as interventions, and “O”
representsthe outcomes of diagnosis and their subordinates and
other keywords. Furthermore, we manualy analyzed the
reference lists of al included articles to identify additional
relevant publications. The complete search strategy is outlined
in Table S1 in Multimedia Appendix 1. The EndNote 20
software (Clarivate Analytics) was used to manage the included
studies.
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Inclusion Criteria

Theinclusion criteriaincluded:

1. Studies on patients with extracranial carotid plaques that
aimed to detect or distinguish between unstable and
symptomatic plagques, among other factors.

2. Studiesusing radiomicsalgorithmsor DL modelsbased on
medical imaging techniques, such as ultrasound, CTA, or
MRI, to diagnose carotid plaques.

3. Studies reported the diagnostic performance metrics,
including confusion matrix, 2x2 diagnostic tables, accuracy,
sensitivity, specificity, receiver operating characteristic
(ROC) curves, F4-score, precision, recall, etc.

4. Those that adopted the following designs: prospective or
retrospective cohorts, diagnostic accuracy trials, model
development or validation studies, and comparative studies
(eg, Al models vs Al models combined with clinical
features).

5. Only studies published in English and with extractable
quantitative data were deemed dligible.

Exclusion Criteria
The exclusion criteria excluded:

1. Studiesinvolving nonhuman subjects (animal experiments
or in vitro models), those that explored intracrania or
coronary plagues, enrolled pediatric populations (<18
years), or reported only generalized atherosclerosiswithout
plaque-specific criteria (focal intima-mediathickness=1.5
mm) or specific diagnostic metrics;

2. Thosethat did not adopt well-defined deep learning models
or radiomics agorithms, focused only on image
segmentation or texture analysis without diagnostic
validation, or reported predictive model swithout providing
aclear diagnostic relevance.

3. Studiesthat lacked a validated reference standard.

4. Studiesthat did not report diagnostic performance.

5. Informal publication types (eg, reviews, lettersto the editor,
editorials, and conference abstracts).

6. Studiesthat did not report validation or test sets.

Screening of Articles and Data Extraction

In theinitial screening, duplicates were excluded followed by
reading of full texts, and data were entered into a predefined
extraction table, which included surnames of authors, source of
data, publication year, algorithm architecture, type of internal
validation, availability of open accessdata, external verification
status, reference standard, transfer |earning application, number
of casesfor training, test, internal, or external validation, study
design, sample size, mean or median age, inclusion criteria, and
model evaluation metrics. The contingency tables are derived
from the models explicitly identified by the original authors as
the best-performing ones. Data from external validation sets
were prioritized. If there were no external validation set in the
original studies, data from internal validation sets were used.
If neither was available, the contingency tables corresponding
to the test sets were selected. This process was performed by
two researchers (LJ and Y G), working independently, and any
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differences were resolved through discussion with a third
researcher (HG).

Quality Assessment

Two blinded investigators (LJand Y G) systematically assessed
thequality of studiesusing the Quality Assessment of Diagnostic
Accuracy Studies for Artificia Intelligence (QUADAS-AL)
tool. Specificaly, they evaluated the risk of bias and
applicability concerns across 4 domains. flow and timing,
reference standard, index test, and participant selection.
Although the Quality Assessment of Diagnostic Accuracy
Studies-2 (QUADAS-2) is extensively applied to assess the
quality of diagnostic accuracy studies [30], it does not address
the specific methodological choices, result analyses, and
measurements rel ated to diagnostic studiesusing Al. To address
this gap, QUADAS-AI was developed as a consensus-based
tool to aid readers in systematically examining the risk of bias
and the usability of Al-related diagnostic accuracy studies(Table
S6 in Multimedia Appendix 1) [31], thereby improving the
quality assessment process [32,33]. Any evaluation
discrepancies were resolved by athird investigator (HG).

Statistical Analysis

A meta-analysis was performed using STATA/MP software
(version 17.0; Stata Corporation) with abivariate random-effects
model. For meta-analyses of the diaghostic accuracy of Al-based
models, bivariate mixed-effects models can account for both
within-study variability (random effects) and between-study
heterogeneity (fixed effects), ensuring the robustness of the
pooled estimates[34]. A contingency table was generated using
datafrom theincluded literature, and then we calculated metrics
such as the number of cases, the Youden index, sensitivity,
specificity, and recall. The diagnostic efficacy of radiomics
algorithms and DL models in evaluating carotid plague was
determined using a summary receiver operating characteristic
(SROC) curve and area under the curve (AUC; 0.7<AUC<0.8
fair; 0.8<AUC<0.9 good; and AUC=0.9 excellent). Publication
biaswas explored using Deeksfunnel plot asymmetry test. The
Fagan nomogram was developed to determine clinically
pertinent posttest probabilities (P-post) and likelihood ratios
(LRs). LRs were determined by comparing the probability of
test results between diseased and nondiseased groups. The
pretest probability was subsequently adjusted based on test
results and LRs to obtain P-post [35]. The Cochran Q (P<.05)

and |2 statistic were used to explore heterogeneity among the
included studies, and regression analysis was conducted to

assess sources of heterogeneity. 1°<50% indicated mild
heterogeneity, 50%<I12<75% reflected moderate heterogeneity,
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