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Abstract
Background: Machine learning (ML) and deep learning (DL) show promise for fall risk prediction, but prior reviews focused
mainly on real-time fall detection, in-hospital falls, or conventional statistical models. The performance of ML-DL–based
models for predicting future falls in community-dwelling older adults remains unclear.
Objective: This study aimed to review ML-DL studies for predicting future falls among community-dwelling older adults and
meta-analyze discrimination where feasible.
Methods: Six databases were searched from inception to September 23, 2024, with updates on August 31, 2025, and
February 28, 2026. We included longitudinal studies developing or validating ML-DL models to predict future falls in
community-dwelling adults aged ≥60 years and excluded real-time detection, simulated or no fall, and inpatient studies.
Risk of bias was assessed using the Prediction Model Risk of Bias Assessment Tool (PROBAST). Areas under the curve
(AUCs) were meta-analyzed using Hartung-Knapp-Sidik-Jonkman random-effects models with 95% CIs. Heterogeneity, 95%
prediction intervals (PIs), sensitivity analyses, and subgroup analyses were conducted.
Results: After screening 10,253 records, 28 (0.3%) studies were included; 18 (64.3%) focused on general older adults.
Prediction horizons ranged from 3 months to 7 years, and fall incidence ranged from 1.6% to 46.6%. Twenty-three (82.1%)
studies applied ML, and 5 (17.9%) studies used DL. Input modalities included text (n=18, 64.3%), sensor (n=5, 17.9%), image
(n=1, 3.6%), and multimodal data (n=4, 14.3%). Common predictors included age, sex, fall history, depression, and basic
daily activities. Only one model underwent external validation. Calibration reporting was sparse. All models were rated at high
risk of bias. Ten models were meta-analyzed, yielding a pooled AUC of 0.79 (95% CI 0.69‐0.87) with extreme heterogeneity
(τ2=0.64; τ=0.80; I2=99.8%; Q=4128.99). The confidence-distribution bootstrap PI was 0.20 to 0.99, indicating substantial
uncertainty in expected performance across new populations. Subgroup analyses indicated moderation by sample size and
population type, with higher discrimination in specific populations than in general samples; however, the specific population
subgroup included only 2 studies. Although all participants were community dwelling, some cohorts were recruited through
clinically enriched pathways rather than general community sampling.
Conclusions: ML-DL models show potential for identifying community-dwelling older adults at elevated future fall risk;
however, wide PIs, limited external validation, and high risk of bias suggest real-world performance may be optimistic. The
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pooled AUC should be interpreted as a summary of reported discrimination under study-specific conditions, predominantly
from internally validated, high-risk-of-bias models, rather than as a robust estimate of transportable real-world performance.
This review extends prior reviews by focusing on community-dwelling settings and by integrating PROBAST, Hartung-
Knapp-Sidik-Jonkman meta-analysis, PIs, and modality-specific synthesis to evaluate both discrimination and uncertainty.
Findings support the use of ML-DL models for proactive fall prevention while emphasizing the need for validation and
context-specific implementation.
Trial Registration: PROSPERO CRD42024580902; https://www.crd.york.ac.uk/PROSPERO/view/CRD42024580902

J Med Internet Res 2026;28:e84844; doi: 10.2196/84844
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Introduction
Rationale
Falls, defined by the World Health Organization as events
in which an individual unintentionally comes to rest on the
ground, floor, or another lower level [1,2], are among the
most common and serious health concerns in community-
dwelling older adults. Approximately 26% of older adults
worldwide experience at least one fall each year [2,3]. In
the United States, more than 25% of community-dwelling
older adults fall annually, and 37% of these incidents result
in injuries requiring medical care [4,5]. Common adverse
outcomes include fractures, head injuries, functional decline,
mobility limitations, and premature institutionalization [6-8],
placing a heavy burden on caregivers and community health
care systems. Globally, falls account for approximately 20%
to 30% of moderate to severe injuries among older adults
and represent the second leading cause of injury-related death
[9]. Beyond physical consequences, falls are also associated
with psychological distress, including depression and fear of
falling, which can substantially reduce quality of life and
independence [10,11]. With the rapid aging of populations
worldwide, both the incidence and consequences of falls
among older adults are expected to increase further [2].

Unlike institutionalized older adults, who receive
structured supervision and continuous monitoring from health
care providers, community-dwelling older adults often have
limited access to intensive monitoring or care services [12].
Consequently, individuals at high risk of falling may remain
unidentified until an adverse event occurs. Several clinical
assessment tools have been developed to identify individuals
at risk of falls, including the Timed Up and Go test [13],
Berg Balance Scale [14], and various multifactorial fall risk
assessment instruments. However, these tools typically rely
on a limited set of predefined functional or clinical indicators,
which are most commonly measures of mobility, balance,
or physical performance, and may not fully capture the
complex and multifactorial determinants of falls in commun-
ity-dwelling older adults [8]. In addition, although weara-
ble sensor technologies have been increasingly developed
and can facilitate rapid responses after a fall occurs, most
focus on real-time fall detection rather than prospective fall
risk prediction [15]. Thus, effective early identification of
high-risk individuals in community and home settings, before
a fall occurs, remains a critical challenge for implementing
timely and targeted prevention strategies.

Traditional statistical approaches, such as logistic
regression models, have commonly been used to estimate
fall risk based on predefined predictors [16]. While these
models offer interpretability and clinical familiarity, they
are often limited in their ability to model nonlinear relation-
ships, high-dimensional predictors, and complex associations
among risk factors [17-19]. This is particularly problematic
in community populations, where fall risk is influenced
by a wide range of interrelated factors, including physi-
cal function, psychological conditions, lifestyle behaviors,
environmental hazards, and social support [20,21].

Recent studies have identified numerous predictors for
falls, including age [22,23], history of falls [24,25], comor-
bidities [26,27], use of high-risk medications [22], func-
tional performance (eg, activities of daily living [ADLs]
or instrumental activities of daily living [24,28]), gait and
balance deficits [29], cognitive impairment, and psycholog-
ical factors such as fear of falling [30]. These findings
highlight the multifactorial and context-dependent nature of
falls in community settings, where diverse health, functional,
and social factors jointly influence fall risk. As a result,
conventional regression-based models may oversimplify these
relationships and exhibit limited predictive performance when
applied to heterogeneous real-world populations.

In this context, machine learning (ML) methods, includ-
ing deep learning (DL), offer a promising alternative for
improving fall risk prediction and supporting individualized
prevention by integrating heterogeneous predictors, accom-
modating nonlinear relationships, and leveraging multimodal
data sources [31]. ML approaches such as decision trees and
random forests (RFs) learn predictive rules directly from
data without requiring prespecified functional forms, and
they often provide relatively transparent model structures
or feature-importance measures that can facilitate clinical
interpretation [32]. DL, as a subfield of ML, uses multilayer
neural networks to learn hierarchical representations from raw
or minimally processed inputs, which can be advantageous
for high-dimensional modalities such as wearable sensor
time series and imaging data [33,34]. Both ML and DL are
important: ML remains a pragmatic and interpretable baseline
for many structured clinical and survey datasets, whereas DL
may be better suited to complex signals but typically requires
larger sample sizes and more explicit strategies to ensure
interpretability and generalizability in medical settings.

Although the importance of fall risk management and
the potential of ML have been widely recognized, existing
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reviews focused on institutionalized real-time fall detection,
in-hospital fall risk prediction, or conventional statistical
models, rather than ML-based models designed to predict
future falls for primary prevention and early identification
among the community-dwelling older adults. For example, a
2025 review by Xie et al [35] focused on ML-based mod-
els for short-term in-hospital fall outcomes, limiting their
applicability to community settings where risk profiles differ
substantially. A 2024 review by Dormosh et al [36] exam-
ining community-dwelling older adults primarily evaluated
traditional statistical prediction models, with limited emphasis
on ML-DL approaches. In addition, reviews by Usmani et
al [18] and Ren et al [37] focused on real-time or near-real-
time fall detection using sensor-based data in controlled or
laboratory settings, rather than prospective risk prediction in
real-world environments, thereby limiting their relevance for
primary prevention and early risk identification in commun-
ity-dwelling populations. To date, no systematic review
has comprehensively evaluated the predictive performance,
methodological quality, and clinical applicability of ML-
based fall risk prediction models specifically designed to
predict future falls among community-dwelling older adults
for primary prevention and early risk identification.
Objectives
To address these gaps, this systematic review and meta-
analysis aims to (1) systematically summarize ML- and
DL-based prediction models for future falls in community-
dwelling older adults and evaluate their predictive perform-
ance; (2) assess the methodological quality and risk of
bias of included models; and (3) synthesize discrimination
performance across studies using meta-analysis of area under
the curve (AUC) values, and explore potential sources of
heterogeneity through subgroup analyses and meta-regres-
sion, to inform the development and implementation of
robust, evidence-based tools for fall prevention in real-world
community settings.

Methods
Protocol and Registration
This systematic review and meta-analysis was regis-
tered in PROSPERO under the registration number
CRD42024580902. Deviations from the registered protocol
should be noted. First, the literature search was updated
to include studies published up to February 28, 2026.
Second, the final meta-analysis was restricted to studies
reporting the AUC with corresponding 95% CIs, focus-
ing on model discrimination performance. Third, because
all included models were judged to be at high risk of
bias, the prespecified sensitivity analysis excluding high-
risk studies was not feasible; instead, leave-one-out analy-
ses and additional sensitivity analyses addressing potential
overlap among the China Health and Retirement Longitudinal
Study (CHARLS)–derived cohorts were performed. Addi-
tional statistical methods were refined during the analysis to
improve methodological rigor.

The review was reported in accordance with the PRISMA
(Preferred Reporting Items for Systematic Reviews and
Meta-Analyses) 2020 statement [38], and the complete
PRISMA 2020 expanded checklist [38] is provided in
Table S1 in Checklist 1. To strengthen transparency, the
search and its reporting followed the PRISMA-S (PRISMA
literature search extension) [39] (Table S2 in Checklist 1). As
the review synthesized model discrimination (AUC) across
studies, selected elements of the PRISMA-DTA (PRISMA
Statement for Diagnostic Test Accuracy) guideline were
additionally consulted to inform the reporting structure where
applicable [40], and the corresponding checklist is provided
in Table S3 in Checklist 1.
Eligibility Criteria
Studies were included if they met the following criteria: (1)
community-dwelling older adults aged 60 years or older at
baseline; (2) longitudinal studies, cohort studies, or case-con-
trol studies; (3) predictors measured at baseline; (4) ML
models, including DL, for identifying participants at high risk
of future falls; (5) assessment of fall-related outcomes, such
as fall occurrence, fall rate, number of fallers, or fall risk; and
(6) publication in English with full-text available.

Studies were excluded based on the following criteria:
(1) detection of real-time falls; (2) no actual falls, such as
simulated falls, fear of falling, abnormal gait, and mobility
decline; (3) inpatient falls within hospital or institutional
settings; and (4) reviews, meta-analyses, editorials, letters,
study protocols, case reports, abstracts, preprints, or other
forms of secondary research.
Information Sources
We conducted a comprehensive literature search across 6
databases, including PubMed, Embase, Web of Science Core
Collection, CINAHL, Cochrane Library, and IEEE Xplore,
from their inception to September 23, 2024. The search
was subsequently updated on August 31, 2025, and Febru-
ary 28, 2026, using the same search strategies. Addition-
ally, reference lists of included studies were examined to
identify potentially eligible articles. Clinical trial registries
were not searched because this review focused on published
prediction model studies. No additional online resources,
conference proceedings, or website browsing were systemati-
cally searched. Study authors or experts were not contacted
to identify additional studies or obtain unpublished data.
No additional search methods beyond electronic database
searching and reference list screening were used.
Search
The search strategy combined controlled vocabulary terms
(eg, MeSH and Emtree) such as “aged,” “artificial intel-
ligence,” “machine learning,” and “accidental fall,” with
relevant free-text terms. No limits or restrictions were
applied during the literature search to maximize inclusiv-
ity. No published search filters were used. The detailed
search strategies for all databases are provided in Multimedia
Appendix 1. No previously published search strategies were
adopted or adapted. The search strategies were peer reviewed
by an information specialist prior to implementation.
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Study Selection
Duplicate records were removed using Covidence [41] prior
to screening. The same platform was used to manage the
study screening process. After removing duplicate studies,
3 authors (YG, DX, and XL) independently screened the
remaining articles in pairs based on titles and abstracts to
assess their eligibility. Due to language accessibility, only
studies published in English were included at the eligibility
stage. Following the initial screening, full-text reviews were
conducted for the retained articles to finalize their inclusion,
and the reference lists of included studies were then manually
examined to identify any potentially relevant research. Any
discrepancy among reviewers was resolved through consulta-
tion with a fourth author (XQ).

Data Collection Process
Data extraction was performed independently by 3 reviewers
(YG, DX, and XL) using a standardized extraction form.
All extracted data were cross-checked by 1 reviewer (YG)
to ensure accuracy and consistency, and discrepancies were
resolved by discussion with a fourth reviewer (XQ).

Definitions for Data Extraction
Data extraction consisted of two parts: (1) basic study
characteristics, including author, country, year of publica-
tion, outcome time perspective, study design, years of
data collection, data source, single-center or multicenter
design, sampling method, group, sample size, participant
characteristics, outcome and definition, whether the outcome
was first-time fall, number of fallers, and follow-up dura-
tion; and (2) model-related information, including methods
for handling missing values, data-splitting strategy, feature
selection methods, modeling techniques, final predictors used
in the model, calibration, AUC, and other performance
metrics.
Risk of Bias and Applicability
To assess the risk of bias and applicability of the inclu-
ded studies, the Prediction Model Risk of Bias Assessment
Tool (PROBAST) was used [42]. PROBAST consists of 20
signaling questions across 4 domains: participants, predictors,
outcome, and analysis. Each question can be answered as
“yes,” “probably yes,” “no,” “probably no,” or “no informa-
tion,” where responses of “yes” or “probably yes” indicate
low risk of bias, and “no” or “probably no” indicate high
risk of bias. A domain is judged to be at high risk of bias if
at least one signaling question is rated as “no” or “probably
no.” The overall risk of bias is considered low only when
all domains are judged to have low risk. Three reviewers
(YG, DX, and XL) independently evaluated the risk of bias
and concerns regarding applicability using the PROBAST
checklist. Discrepancies between reviewers were resolved
through discussion.
Prediction Performance Measures
The primary performance metric extracted from each study
was the AUC, which reflects the discrimination ability of
prediction models for identifying community-dwelling older

adults at risk of future falls. When available, additional
performance metrics, such as accuracy, sensitivity, specific-
ity, and calibration measures, were also recorded.
Synthesis of Results
All statistical analyses were conducted in R software (version
4.5.2; R Foundation for Statistical Computing) using the
metafor package (version 4.8‐0 [43]), meta package (version
8.2-1 [44]), and pimeta package (version 1.1.3 [45]).

Studies were eligible for quantitative synthesis if they
reported AUC values with corresponding 95% CIs. Studies
that did not report AUC values or corresponding 95% CIs
were excluded. As AUC is a bounded measure (0‐1), pooling
was conducted on the logit-transformed scale to stabilize
variances and improve the normality assumption. For each
model, SEs of the logit-transformed AUC were derived from
the reported 95% CIs. Specifically, the lower and upper limits
of the reported CI were first transformed using the logit
function. Under the assumption that the logit-transformed
AUC follows an approximately normal distribution, the SE on
the logit scale was then estimated as (logit upper limit−logit
lower limit)/(2×1.96). This approach derives the SE directly
on the transformed scale and avoids reliance on first-order
delta method approximations, thereby better accounting for
the nonlinear nature of the logit transformation. Pooled
estimates were subsequently back-transformed to the original
AUC scale using the inverse-logit function for interpreta-
tion. In total, 9 studies comprising 10 independent cohorts
and their corresponding prediction models evaluated using
internal validation were included in the quantitative synthesis.
The only model evaluated using external validation, along
with several other models, was excluded due to insufficient
information to derive SEs.

Between-study heterogeneity was quantified using I2, τ2, τ,
and Q statistic using the metafor package. Although I2 values
of 25%, 50%, and 75% are commonly interpreted as low,
moderate, and high heterogeneity [46], respectively, I2 alone
does not convey the magnitude of dispersion across different
populations or settings [47]. τ2 represents the variance of true
effects across studies, and τ represents the corresponding SD.
The Q statistic (Cochran Q test) was used to formally assess
whether observed variability in effect estimates exceeded that
expected by chance, with a significant value indicating the
presence of heterogeneity.

To estimate the expected range of model performance
in future populations and better quantify the real-world
implications of heterogeneity, 95% prediction intervals (PIs)
were additionally calculated using the pimeta package. PIs
reflect the variation in true effects across settings and indicate
the range of effects that may be expected in a future study
[48]. Four PI estimation methods were applied, includ-
ing the Higgins-Thompson-Spiegelhalter (HTS) method, the
Hartung-Knapp–adjusted method (HTS-HK), the Sidik-Jonk-
man method (HTS-SJ), and the confidence-distribution
bootstrap method proposed by Nagashima et al [49]. As
HTS-type PIs rely on plug-in estimation of the heterogene-
ity variance and large sample approximations, their coverage
may be suboptimal when the number of studies is small. In

JOURNAL OF MEDICAL INTERNET RESEARCH Gao et al

https://www.jmir.org/2026/1/e84844 J Med Internet Res 2026 | vol. 28 | e84844 | p. 4
(page number not for citation purposes)

https://www.jmir.org/2026/1/e84844


contrast, the confidence-distribution bootstrap approach more
fully accounts for uncertainty in τ2 and has been shown to
achieve coverage closer to the nominal level in meta-analy-
ses with few studies. Therefore, the confidence-distribution
bootstrap PI was selected as the primary PI displayed in the
main forest plots, whereas the other PI methods were retained
as supplementary analyses.

As several prediction models were derived from the
same large population-based database (CHARLS), particular
attention was paid to the potential risk of double-counting
when synthesizing model performance. Following methodo-
logical recommendations highlighting that duplicate inclusion
of the same evidence may lead to overstating the precision of
pooled estimates in meta-analysis, each model was examined
to determine whether it represented a duplicated analysis of
the same participants or a distinct analytic cohort or sub-
population [50]. Models derived from mutually exclusive
subgroups or from different analytic cohorts with distinct
modeling strategies were treated as separate analytical units.

Meta-Analysis
The metafor package was used for effect estimation, while
the meta package was used for visualization of forest
plots. Random-effects meta-analyses were performed using
the Sidik-Jonkman estimator for between-study variance
(method=“SJ”), together with the Hartung-Knapp adjustment
(test=“knha”), known as the Hartung-Knapp-Sidik-Jonkman
(HKSJ) method [51]. This approach yields more accurate CIs,
produces more stable pooled estimates, and reduces false-pos-
itive rates compared with the traditional DerSimonian-Laird
method, particularly when heterogeneity is substantial or the
number of studies is small [51].

The primary meta-analysis included the best-performing
model from each study cohort, as is commonly done
in prediction model syntheses. To account for studies
that developed multiple models from the same cohort, a
within-study weighted average meta-analysis was addition-
ally conducted. For each study cohort, model-level AUCs
were first transformed to the logit scale and then combined
using inverse-variance weighting to obtain a single cohort-
level average AUC. This approach mitigates the potential
inflation of pooled performance that may arise when only the
best-performing model from each study is considered. The
resulting cohort-level averages were then used in a random-
effects meta-analysis with the same HKSJ framework.

Additional Analyses
Additional analyses included sensitivity analyses, assessments
of potential small-study effects and publication bias, subgroup
analyses, and meta-regression. All analyses were conducted
using the metafor package.

Robustness was evaluated using leave-one-out sensitivity
analyses, in which each study was sequentially excluded
and the pooled effect recalculated. Additional predefined
sensitivity analyses were conducted to evaluate the poten-
tial impact of correlated cohorts arising from the use of
the CHARLS database. These analyses included sequential

models retaining only one CHARLS-derived model at a
time and an analysis excluding all CHARLS-derived models.
Changes in pooled AUC estimates were examined to assess
whether potential participant overlap materially influenced
the overall results.

Potential small-study effects and publication bias were
examined using funnel plots and Egger-type regression tests;
the Begg test was not used due to its even lower statis-
tical power in small samples. A nonsignificant P value
from the Egger test indicates no strong evidence of funnel
plot asymmetry; however, interpretation should be made
with caution because both funnel plots and regression-based
asymmetry tests have limited power and may be misleading
when the number of studies is small [52]. Subgroup forest
plots, leave-one-out influence plots, and funnel plots were
generated using the meta package for visualization. A 2-tailed
P value of <.05 was considered statistically significant.

Subgroup analyses were conducted using the metafor
package, according to prediction time window (≤1 y vs
>1 y), sample size (≤500 vs >500 participants), model
modality (text-based vs sensor-based or multimodal inputs),
and population subgroup (general vs specific conditions).
Subgroup analyses by validation type (internal vs external),
fall outcome definition (eg, first fall, multiple falls, or falls or
syncope occurrence), model type (ML vs DL), and geo-
graphic region were not performed because these catego-
ries were represented by a single study or insufficient data
were available for inclusion in quantitative synthesis. Within
each subgroup, random-effects meta-analyses were performed
using the same HKSJ framework, and subgroup-specific
pooled AUCs with corresponding 95% CIs, heterogeneity
statistics (I2, τ2, τ, and the Q statistic), and PIs were reported.

To formally assess differences between subgroups,
mixed-effects meta-regression models were fitted, with
subgroup indicators specified as categorical moderators.
Between-study variance was estimated using the Sidik-Jonk-
man method, and statistical inference was based on the
Hartung-Knapp adjustment. Differences between subgroups
were evaluated using omnibus tests of moderators, and the
proportion of between-study heterogeneity explained by each
moderator was quantified using the R2 statistic.

Results
Study Selection
Figure 1 summarizes the search and selection process. After
removing duplicates, 6865 records were identified. Follow-
ing title and abstract screening, 6796 (98.6%) articles were
excluded. Of the 69 (1%) full-text articles assessed, 45
(65.2%) did not meet the inclusion criteria, such as focus-
ing on real-time fall detection or inpatient falls, and were
excluded. Updated searches were conducted on August 31,
2025, and February 28, 2026, which identified an additional
3388 records. After screening and eligibility assessment, 4
additional studies met the inclusion criteria. Ultimately, a
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total of 28 studies were included in this review, and 9 studies,
including 10 models, were included in the meta-analysis.

Figure 1. PRISMA (Preferred Reporting Items for Systematic Reviews and Meta-Analyses) flowchart illustrating the identification, screening,
eligibility assessment, and inclusion of longitudinal studies evaluating machine learning and deep learning models for predicting future falls among
community-dwelling older adults. Searches were performed across PubMed, Embase, Web of Science Core Collection, CINAHL, Cochrane Library,
and IEEE Xplore databases from inception to September 23, 2024, and updated on August 31, 2025, and February 28, 2026. AI: artificial intelligence.

Study Characteristics
Table 1 summarizes the study design and participant
characteristics of the 28 included studies. These studies were
published between 2000 and 2026, with data originating from
the United States (n=5, 17.9%), China (n=4, 14.3%), Japan
(n=4, 14.3%), Canada (n=2, 7.1%), Mexico (n=2, 7.1%),
Belgium (n=1, 3.6%), France (n=1, 3.6%), Germany (n=1,

3.6%), Brazil (n=1, 3.6%), Ireland (n=1, 3.6%), Italy (n=1,
3.6%), the Netherlands (n=1, 3.6%), Portugal (n=1, 3.6%),
Sweden (n=1, 3.6%), the United Kingdom (n=1, 3.6%), and
South Korea (n=1, 3.6%), concentrated in East Asia, North
America, and Europe. The remaining regions are underrepre-
sented (Figure 2).
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Figure 2. Geographic distribution of included studies. This figure illustrates the geographic locations of participant recruitment in the included
longitudinal studies, with participant data originating from the United States (n=5), China (n=4), Japan (n=4), Canada (n=2), Mexico (n=2), Belgium
(n=1), France (n=1), Germany (n=1), Brazil (n=1), Ireland (n=1), Italy (n=1), the Netherlands (n=1), Portugal (n=1), Sweden (n=1), the United
Kingdom (n=1), and South Korea (n=1), indicating that most studies were conducted in East Asia, North America, and Europe, while other global
regions remain underrepresented.
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Among them, 24 studies (85.7%) adopted a prospective
design, while 4 (14.3%) were retrospective. Two (7.1%) were
case-control studies [57,58], while others (92.9%) were
cohort studies. Regarding data sources, 13 (46.4%) studies
relied on investigator-collected datasets, 8 (28.6%) used
public databases, 6 (21.4%) used electronic health records or
clinical records, and 1 (3.6%) used administrative data.
Thirteen (46.4%) studies were conducted in single-center
settings, and 15 (53.6%) were multicenter studies.

With regard to the study population, 18 (64.3%) studies
focused on general community-dwelling older adults, with
fall incidence ranging from 1.6% to 46.6%. The remaining
10 studies targeted populations with specific conditions,
including hospitalization history (n=3, 10.7%) [29,55,73],
sarcopenia (n=1, 3.6%) [53], cognitive frailty (n=1, 3.6%)
[56], abdominal indications (n=1, 3.6%) [57], cardiovascular
disease (n=1, 3.6%) [58], advanced cancer (n=1, 3.6%) [60],
women with osteoporosis (n=1, 3.6%) [63], and women in
general (n=1, 3.6%) [66]. Sample sizes for model develop-
ment ranged from 46 [73] to 265,225 [22]. The mean or
median age of participants ranged from 66 [54] to 86.2 [30]
years, and the proportion of female participants ranged from
40.3% [29,58] to 100% [63,66].

Twelve (42.9%) studies explicitly reported a precise fall
definition, whereas the remaining 16 (57.1%) did not. Most
studies (n=26, 92.9%) used fall occurrence as the outcome,
and most outcomes were ascertained exclusively via self-

report (n=20, 71.4%). Only one study (3.6%) [72] specifically
predicted first-time falls.
Model Development and Validation
Characteristics
Table 2 summarizes the model development and validation
characteristics of the included studies. Eleven (39.3%) studies
reported internal validation split ratios, most commonly
a 70% training and 30% test set (n=6, 54.5%). Eight-
een (64.3%) studies applied cross-validation, with 10-fold
cross-validation being the most frequently used approach
(n=12, 66.7%). Among the 23 studies that reported feature
selection methods, the most frequently applied was decision
tree-based selection (n=4, 17.4%).

A total of 23 (82.1%) studies used ML techniques, while
5 (17.9%) applied dL. The most frequently used modeling
approaches were decision tree (n=6, 21.4%) and RF (n=6,
21.4%).

Data modality included text, sensor, image, and multimo-
dal sources. More than half of the studies (n=18, 64.3%)
relied solely on conventional text data sources, including
demographic variables, functional status, health conditions,
psychological factors, medication use, behavioral factors,
home environment, socioeconomic indicators, and prior fall
history. The remaining studies incorporated sensor data (n=5,
17.9%), image data (n=1, 3.6%), or multimodal data (n=4,
14.3%).
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Table S1 in Multimedia Appendix 1 presents the full details
of the final predictors in each model. Table 3 concludes
predictors used in at least three models, with the 5 most
frequent being age, sex, fall history, depression, and basic
activities of daily living (BADL-ADL), appearing in 15, 13,

12, 11, and 9 models, respectively. Other frequently included
predictors were walking speed, chair stand test results,
cognition, hypertension, fracture history, vision, and the use
of cardiovascular drugs.

Table 3. Summary of the frequently selected predictors in included machine learning–based and deep learning–based fall risk prediction models
among community-dwelling older adults.
Category and predictorsa Participants, n
Demographic factors
  Age 15
  Sex 13
  Marital status 3
Functions, gait, and balance
  BADLb or ADLc,d 9
  Walking/gait speed 6
  Chair stands test/rising from a chair 6
  TUGe 5
  IADLf,g 5
  Grip or hand strength 4
  Gait-related parameters (sensor) 4
  Balance-related parameters (sensor) 4
  Balance/Berg balance scale 3
  Assistance with walking 3
Comorbidity and health status
  Cognition 6
  Hypertension 6
  Fracture or injury history 6
  Vision or vision impairment 6
  BMI 5
  Diabetes 5
  Arthritis or osteoarthritis 5
  Incontinence 5
  Memory 5
  Pain 5
  Cancer 4
  Stroke 4
  Hearing or hearing impairment 4
  CVDh 3
  Parkinson disease 3
  Osteoporosis 3
  Self-rated health 3
  Teeth or teeth number 3
Psychological factor
  Depression 11
Lifestyles
  Sleeping duration or time asleep 5
  Smoking 4
  Drinking or alcohol abuse 3
Medication-related factors
  Cardiovascular drugs 6
  Polypharmacy 5
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Category and predictorsa Participants, n
  Psychiatric and neurological drugs 5
  Number of taken medications 4
Fall-related factors
  Fall history 12
  Fear of falling 3

aPredictors were extracted from the final predictive model reported in each included longitudinal study. Full details of the final predictors in each
model are presented in Table S1 in Multimedia Appendix 1.
bBADL: basic activity of daily living.
cADL: activity of daily living.
dADL and BADL were grouped together as they both reflect core self-care functions in the included studies.
eTUG: Timed Up and Go.
fIADL: instrumental activity of daily living.
gIADL was presented separately due to its distinct role in assessing instrumental daily living skills.
hCVD: cardiovascular disease.

Results of Individual Studies
Table 2 also summarizes the performance of the included
prediction models. In terms of discrimination, 20 models
(71.4%) reported AUC or c-index values, which ranged
from 0.505 [68] to 0.99 [15]. Calibration was assessed
in 7 (25%) studies [22,24,28,30,54,59,73], with 5 (17.9%)
reporting Brier scores ranging from 0.15 [30,54] to 0.20
[73]. Only one model underwent external validation [69],
while 2 models did not report either internal or external
validation [27,57].

Figure S1 in Multimedia Appendix 1 shows that among
studies reporting both the sample and AUC, over half of
the studies (n=14/21, 66.7%) used classic ML with text data
across all sample sizes, yielding median AUCs of approxi-
mately 0.73 to 0.81. DL evidence was limited, appearing

mainly in nontext modalities and in studies with moderate
sample sizes, with variable median AUCs (0.66‐0.99) based
on few studies.
Risk of Bias and Applicability
Table 4 presents the risk of bias and applicability assessments
for the included prediction models. All models were assessed
as having a high risk of bias, suggesting methodological
limitations during model development and/or validation. In
the participants domain, 5 models were thought to be at high
risk of bias due to retrospective data sources [22,30,57-59].
In the predictors domain, 11 models were rated as high risk,
primarily due to inadequate predictor definitions, measure-
ment methods, or failure to clearly report which variables
were ultimately included in the final model [22,24,27-29,53,
59,60,62,63,68].

Table 4. Risk of bias and applicability assessment of included machine learning and deep learning models for predicting future falls in community-
dwelling older adults, evaluated using the PROBASTa.
Author (year) Study type ROBb Applicability Overall

Participant
s

Predictors Outcom
e

Analysi
s

Participant
s

Predictor
s

Outcom
e

RO
B

Applicability

Wan et al (2026) [53] Bc +d -e - - - + + - -
Lin et al (2025) [54] B + + - - + + + - +
Takeshita et al (2025) [55] B + + - - - + + - -
Park et al (2025) [56] B + + - - - + + - -
Liu et al (2023) [57] Af - + - - - + + - -
Silveira et al (2023) [58] B - + - - - + + - -
Chen et al (2023a) [24] B + - - - + - + - -
Chen et al (2023b) [28] B + - - - + - + - -
Dormosh et al (2023) [59] B - - - - + - + - -
Ramsdale et al (2023) [60] B + - - - - - + - -
Ikeda et al (2022) [61] B + + - - + + - - -
Mishra et al (2022) [30] B - + - - + + + - +
Kelly et al (2022) [62] B + - - - + - + - -
Dasgupta et al (2022) [29] B + - - - - - + - -
Tang and Romero-Ortuno
(2022) [27]

A + - - - + - + - -

Cuaya-Simbro et al (2021) [63] B + - - - - - + - -
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Author (year) Study type ROBb Applicability Overall

Participant
s

Predictors Outcom
e

Analysi
s

Participant
s

Predictor
s

Outcom
e

RO
B

Applicability

Omae et al (2021) [64] B + + - - + + + - +
Makino et al (2021) [65] B + + - - + + + - +
Cuaya-Simbro et al (2020) [66] B + + - - - + + - -
Cella et al (2020) [67] B + + - - + + + - +
Silva et al (2020) [68] B + - - - + - + - -
Ye et al (2020) [22] B - - ? - + - + - -
Kuspinar et al (2019) [69] Cg + + - - + + + - +
Gillain et al (2019) [70] B +d + -e - + + + - +
Howcroft et al (2018) [71] B + + ?h - + + + - +
Deschamps et al (2016) [72] B + + - - + + + - +
Marschollek et al (2011) [73] B + + - - - + + - -
Bath et al (2000) [74] B + + - - + + + - +

aPROBAST: Prediction model Risk of Bias Assessment Tool.
bROB: risk of bias.
cB: ”development and internal or cross-validation in the same publication.”
d+: low ROB or low concern regarding applicability.
e-: high ROB or high concern regarding application.
fA: “development only.”
gC: “development, internal validation, and external validation in the same publication.”
h?: unclear ROB or unclear concern regarding applicability.

In the outcome domain, all models were assessed as having
either a high or unclear risk of bias, with all studies lack-
ing blind assessments between predictors and the outcome.
Sixteen (57.1%) studies only reported fall occurrence as the
outcome without providing a precise definition of a fall [24,
28,30,53,54,56,57,59-61,63,64,66,68,69,74], and 20 (71.4%)
studies relied on self-reported or caregiver-reported outcome
records, introducing potential bias [24,27-29,53-56,60-69,72,
74].

Regarding the analysis domain, all models were classified
as high risk of bias. Twelve (42.9%) studies had fewer than
10 events per variable, indicating insufficient sample size for
reliable model estimation [28-30,53,55,58,66,67,70-72,74].
Six (21.4%) studies excluded cases with missing data [27,
30,57-59,65], and 11 (39.3%) studies did not describe their
methods for handling missing data [22,56,62,63,66-71,74].
Seven (25%) studies did not report the AUC or c-index [27,
58,62,63,66,71,74], and 9 (32.1%) studies reported insuffi-
cient details regarding other model discrimination metrics
[22,29,57-61,69,72]. Calibration assessments were absent in
21 (75%) studies [27,29,53,55-58,60-72,74], and 6 (21.4%)
studies had potential risks of overfitting, underfitting, or
optimism in model performance [27,53,56,57,68,69]. In terms
of validation, only one model underwent external validation
[69], while 2 (7.1%) models lacked both internal and external
validation [27,57]. The remaining models reported internal
validation only, of which 13 (26.4%) relied on random data
splitting rather than more robust approaches such as cross-
validation or bootstrapping.

Concerning applicability, 18 (64.3%) studies were
considered to be of high concern, while 10 (35.7%) were
rated as low concern. In the participants domain, 10 (35.7%)

studies exhibited high applicability concerns due to the
restriction of the study sample to specific subgroups, such as
older adults with particular diseases, or single-sex popula-
tions [29,53,55-58,60,63,66,73]. In the predictors domain, 10
(35.7%) studies were rated as high concern due to unclear
definitions, final inclusion, or measurement of predictors
[22,24,27-29,59,60,62,63,68]. In the outcome domain, one
study demonstrated high applicability concern due to the
construction of a binary outcome variable based on multi-
ple falls versus a combination of single fall and nonfall
cases, thereby limiting real-world interpretability [61]. On the
basis of the recurrent sources of bias identified by PRO-
BAST in the included studies, we summarize key methodo-
logical considerations as a more detailed checklist to inform
future research in ML-based fall risk prediction (Table S5 in
Multimedia Appendix 1).
Synthesis of Results
The data extraction sheets underlying the meta-analysis
are provided in Table S6 in Multimedia Appendix 1. Ten
models evaluated using internal validation were included in
the primary quantitative synthesis, with the AUC used as
the effect size to assess the discriminative performance of
these ML-based fall risk prediction models. As only one
model underwent external validation and did not provide
adequate information to compute SE, it was excluded from
the quantitative synthesis and instead summarized qualita-
tively. The pooled discriminative performance was good, with
a back-transformed pooled AUC of 0.79 (95% CI 0.69‐0.87)
under the HKSJ random-effects model. Substantial between-
study heterogeneity was present (τ2=0.64; τ=0.80; I²=99.8%;
Q=4128.99; P<.001; Figure 3A [24,28-30,54,56,59,65,67]).
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Figure 3. Random-effects meta-analysis of model discrimination performance using the best-performing model from each cohort. (A) Forest plot
presenting individual model areas under the curve (AUCs) with corresponding 95% CIs and the pooled AUC estimated using the Hartung-Knapp-
Sidik-Jonkman (HKSJ) method (back-transformed from the logit scale). Between-study heterogeneity is quantified using I2, τ2, τ, and Q statistic.
95% Prediction interval (PI; confidence-distribution [CD] bootstrap) is also reported in the pooled summary to illustrate the expected range of model
performance in future populations. (B) Leave-one-out sensitivity analysis, in which the pooled AUC is recalculated after sequential exclusion of each
model to assess the robustness of the overall estimate. (C) Funnel plot of logit-transformed AUC values to evaluate potential small-study effects
[24,28-30,54,56,59,65,67].

JOURNAL OF MEDICAL INTERNET RESEARCH Gao et al

https://www.jmir.org/2026/1/e84844 J Med Internet Res 2026 | vol. 28 | e84844 | p. 19
(page number not for citation purposes)

https://www.jmir.org/2026/1/e84844


To further characterize the expected dispersion of model
performance in new populations, the main forest plot presents
the 95% PI estimated using the confidence-distribution
bootstrap method, which ranged from 0.20 to 0.99 (Figure
3A). PIs estimated using alternative methods were similarly
wide (HTS: 0.28‐0.98; HTS-HK: 0.40‐0.96; and HTS-SJ:
0.40‐0.96), leading to the same qualitative interpretation of
substantial uncertainty in real-world generalizability.

Within-study averaging meta-analysis showed that the
pooled discriminative performance remained comparable
to the primary model-level analysis using best-performing
models, with a back-transformed pooled AUC of 0.77
(95% CI 0.65‐0.86) under the HKSJ random-effects model.
Between-study heterogeneity was similarly high (τ2=0.74;
τ=0.86; I2=99.9%; Q=6353.03; P<.001), indicating substan-
tial true variability across study cohorts (Figure S2A in
Multimedia Appendix 1). The supplementary forest plot
presents the 95% PI estimated using the confidence-distri-
bution bootstrap method, which ranged from 0.29 to 0.97
(Figure S2A in Multimedia Appendix 1). PIs estimated using
alternative methods were similarly wide (HTS: 0.35‐0.96;
HTS-HK: 0.35‐0.96; HTS-SJ: 0.35‐0.96), supporting the
same qualitative interpretation of substantial uncertainty in
expected performance across new populations.
Additional Analyses
Leave-one-out sensitivity analyses for the primary analysis
showed that the pooled AUC was stable (range: 0.75‐0.80),
suggesting that no single study disproportionately influenced
the overall estimate (Figure 3B). As several included models
were derived from the same large population-based database
(CHARLS), additional sensitivity analyses were conducted
to evaluate the potential impact of correlated cohorts on
the pooled estimates. Sequential analyses retaining only one
CHARLS-derived model at a time yielded consistent results,
with pooled AUC estimates of 0.82 (95% CI 0.65‐0.92)
when retaining the rural model developed by Lin et al [54],
0.82 (95% CI 0.65‐0.92) when retaining the urban model
developed by Lin et al [54], 0.82 (95% CI 0.66‐0.92) when
retaining the model developed by Chen et al [24], and 0.82
(95% CI 0.65‐0.92) when retaining the model developed by
Chen et al [28]. An additional sensitivity analysis excluding
all 4 CHARLS-derived models also produced a comparable
pooled estimate (AUC 0.84, 95% CI 0.63‐0.94), despite the
reduced number of models (n=6). These findings indicate that
the overall pooled discrimination estimate was robust and not
materially driven by models derived from the same database.

Funnel plot inspection for the primary analysis did not
reveal pronounced asymmetry, and the Egger regression test
was nonsignificant (t8=0.16; P=.88). However, these findings
should be interpreted cautiously because asymmetry tests
have limited power and are difficult to interpret when the
number of studies is small (Figure 3C).

Similarly, for the within-study averaging meta-analysis,
leave-one-out sensitivity analyses showed minimal influence
of any single study cohort, with pooled AUC estimates
remaining stable across iterations (range: 0.72‐0.78; Figure
S2B in Multimedia Appendix 1). Funnel plot inspection and

Egger regression test likewise did not suggest strong evidence
of small-study effects (t8=1.33; P=.22), although interpreta-
tion remains limited by the small number of samples and high
heterogeneity (Figure S2C in Multimedia Appendix 1).

Subgroup analyses were conducted to explore potential
sources of heterogeneity. For each subgroup, pooled AUCs
with corresponding 95% CIs, heterogeneity statistics (I2,
τ2, τ, and Q statistic) are presented in Figures S3-S6
in Multimedia Appendix 1, with the 95% PI estimated
using the confidence-distribution bootstrap method displayed.
Prediction time window (≤1 y vs >1 y) did not significantly
moderate discriminative performance (P=.95) and explained
none of the observed heterogeneity. Similarly, no signifi-
cant difference was observed between text-based models and
sensor-based or multimodal models (P=.58); estimates for the
latter subgroup were imprecise due to the small number of
included studies.

Sample size (≤500 vs >500 participants) significantly
moderated model discrimination. Meta-regression demon-
strated a statistically significant subgroup effect (P=.02),
accounting for approximately 42% of between-study
heterogeneity, with higher AUCs observed in models
developed from smaller samples, consistent with potential
optimistic performance estimates. Population type (gen-
eral vs. specific conditions) also emerged as a signifi-
cant moderator (P<.001), explaining 87% of the observed
heterogeneity, with higher discrimination in models devel-
oped for specific populations compared with general
community-dwelling older adults; however, this finding
should be interpreted cautiously given the limited number of
studies in the specific population subgroup.

Discussion
Summary of Findings
Falls are a leading cause of injury, disability, and loss of
independence among older adults [75-79]. Unlike insti-
tutionalized older adults under continuous professional
care, community-dwelling older adults often lack intensive
monitoring, making early identification of high-risk commun-
ity-dwelling individuals critical for timely prevention [8].
Overall, our findings indicate that current ML-DL models
show promising discriminative ability for predicting future
falls. Nonetheless, their readiness for real-world implemen-
tation is limited by a lack of external validation, insuffi-
cient calibration assessment, and consistently high risk of
bias. In this review, we systematically synthesized evidence
from 28 studies evaluating ML-DL–based prediction models
for future falls in community-dwelling older adults. These
models incorporated a range of predictors, most commonly
age, sex, fall history, depression, and BADL-ADL, reflecting
the multifactorial nature of fall risk. Although the models
generally showed acceptable discrimination, their perform-
ance varied considerably, and the available evidence was
based largely on internal rather than external validation.
Methodological quality assessment indicated that all included
models were at high risk of bias, and meta-analyses revealed
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substantial between-study heterogeneity. Taken together,
these findings highlight both the potential and current
limitations of ML-DL–based approaches and provide an
evidence base to inform the development of more robust and
clinically applicable fall risk prediction tools for proactive
prevention in community settings.

Table S4 in Multimedia Appendix 1 contrasts the scope
and methodological focus of key prior reviews with our
systematic review. Prior reviews have emphasized fall risk
management but mainly focused on cross-sectional risk
classification, real-time fall detection systems, or experi-
mental sensor-based technologies, rather than predictive
models for primary prevention [18,35,37,80]. While detection
systems are valuable for acute response, their capacity to
inform proactive, upstream prevention strategies is limited
[81,82].

Early risk identification through cost-effective prediction
models is essential for implementing targeted prevention,
addressing modifiable risk factors, and ultimately reducing
fall incidence [83]. A recent review [36] primarily focusing
on conventional statistical models, such as logistic regres-
sion and Cox regression, reported moderate to good dis-
crimination (AUC 0.65‐0.88) but highlighted their limited
ability to capture complex interactions and integrate diverse
data sources. ML approaches, in contrast, can accommodate
high-dimensional data and capture nonlinear dependencies
[31], making them better suited for multifactorial fall risk
modeling. More recently, Xie et al [35] reviewed ML models
for in-hospital fall prediction, offering insights into short-term
risk management but providing limited guidance for broader,
longer-term prevention in the community.

To our knowledge, no systematic review has comprehen-
sively evaluated ML-based models for predicting future falls
in older adults in community settings, where early identi-
fication and long-term prevention are most needed [18,35-
37,80]. Importantly, longitudinal community-based fall risk
prediction differs fundamentally from in-hospital screening or
real-time detection tasks in several methodological respects.
Such models rely on baseline predictors measured prior to
outcome occurrence, require explicit definition of predic-
tion horizons, and must appropriately account for censoring
and loss to follow-up [84,85]. Moreover, because predic-
ted risks are intended to guide preventive decision-making,
adequate calibration across time horizons is essential, rather
than discrimination alone [85,86]. Failure to recognize these
distinctions risks conflating analytically and clinically distinct
tasks. By restricting inclusion to longitudinal, community-
based studies, this review addresses this gap and clarifies
the unique methodological challenges and opportunities of
ML-based approaches for proactive fall prevention.

The included studies showed substantial variation in
geographic distribution and sample characteristics. Most were
conducted in East Asia, North America, or Europe, with
limited representation from low- and middle-income regions.
This imbalance may limit generalizability, as fall risk profiles
may differ substantially in underrepresented populations due
to disparities in health care access, living environments, and

socioeconomic factors [87]. Moreover, all included studies
focused on single-ethnicity populations, further limiting our
understanding of how these models perform across diverse
racial or cultural groups. Sample sizes also varied considera-
bly. Models developed from small datasets are particularly
prone to overfitting [88], especially when lacking valida-
tion. Additionally, nearly half of the studies were single
center, which may limit model robustness, while multicen-
ter designs are better positioned to enhance generalizabil-
ity. Importantly, although all included participants were
classified as community-dwelling, recruitment sources were
not uniform across studies. Some cohorts were sampled
from the general community, whereas others were recruited
through clinically enriched pathways. This distinction is
important because community-dwelling status refers to living
arrangement rather than recruitment context. For example, 1
of the 2 studies in the specific population subgroup recruited
older adults being discharged home from the emergency
department, representing community-living individuals with
recent acute-care contact rather than a general community
sample [29]. The other focused on community-dwelling older
adults with cognitive frailty, a clinically defined high-risk
subgroup within the broader community [56]. Consistent
with this distinction, our subgroup analysis showed signifi-
cantly higher discrimination in models developed for specific
populations than in models developed for general community-
dwelling older adults, with population subgroup explaining a
large proportion of the observed heterogeneity. However, this
finding should be interpreted cautiously because the specific
population subgroup included only 2 studies, and these
represented different forms of clinical enrichment. Nonethe-
less, it suggests that apparently stronger model performance
may partly reflect narrower case mix and more concentrated
risk profiles, rather than better transportability to the broader
community-dwelling older population.

Nearly all studies predicted fall occurrence without
distinguishing between first-time and recurrent events, with
only one model targeting first falls [72]. This represents a
critical gap, as the risk factors and prevention strategies for
first falls differ from those for recurrent falls [89]. First-time
falls often mark the transition into frailty and can precipitate
fear of falling, reduced activity, and long-term disability.
In contrast, recurrent fallers may already be known to their
family or caregivers and are more likely to receive fall-related
interventions [90,91]. Developing separate prediction models
for these 2 groups could enhance clinical utility and ena-
ble more targeted preventive interventions. Accordingly, the
first fall prediction should be treated as a distinct modeling
objective with tailored populations, predictor sets, prediction
horizons, and decision thresholds; related practical recom-
mendations are provided in Box S1 in Multimedia Appendix
1.

Frequently selected predictors included age, sex, fall
history, depression, and BADL. Age was the most common
predictor, which is plausible given that with aging, progres-
sive declines in neuromuscular control, sensory function,
and balance increase the likelihood of instability [92]. Age
is also associated with multimorbidity, polypharmacy, and
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sarcopenia, which further exacerbate vulnerability to falls
and fall-related injuries [93,94]. Sex was another recurrent
predictor, with women generally facing a higher risk, partly
due to osteoporosis and postmenopausal bone loss [95], as
well as differences in muscle mass and hormonal profiles [96,
97].

Fall history consistently served as a strong predictor
because intrinsic or extrinsic causes of previous falls often
remain unsolved and increase recurrence risk. Repeated
falls may trigger fear of falling and activity avoidance,
which in turn contribute to physical deconditioning and
further functional decline [98]. Depression may raise fall
risk both directly, through psychomotor slowing and fatigue,
and indirectly, through physical inactivity and antidepressant
use [99,100]. ADL-BADL reflects basic functional capacity;
difficulties with tasks such as bathing or dressing often
indicate underlying mobility or balance deficits and signal
elevated fall risk [101,102]. Broader risk factors were also
included, including motor functions, health status, lifestyle
behaviors, and medication use. Prior research highlighted the
importance of both motor and nonmotor factors in fall risk
[103].

Our review included 23 ML-based and 5 DL-based
models, reflecting the current predominance of ML in
fall prediction research. Rather than demonstrating a clear
superiority of one approach over the other, our findings
suggest that ML and DL are each better suited to differ-
ent data modalities. ML models were primarily developed
using structured, text-based predictors, such as demographics,
health status, medication use, lifestyle behaviors, and fall
history, which are relatively inexpensive to collect and thus
facilitate cost-effective fall prediction in community settings.

DL models were predominantly applied to sensor or image
data, which provide high-dimensional, continuous signals
capable of capturing subtle patterns not easily represented
in structured variables. Although DL shows considerable
potential in leveraging such complex data types, its appli-
cation remains constrained by challenges in data acquisi-
tion, large sample size requirements, high computational
resources, and limited interpretability [104,105]. Among the
DL studies, the input data were primarily high-dimensional
signals, including raw or minimally processed multivariate
inertial sensor streams (eg, accelerometer or gyroscope gait
time series) and imaging-derived matrices. Accordingly, the
reported architectures spanned convolutional neural networks
(CNNs) for local pattern extraction, recurrent units (eg, long
short-term memory or gated recurrent unit) for sequential
dependency modeling, and hybrid CNN-RNN designs (eg,
hybrid-convolutional recurrent neural network) for end-to-end
sequence learning; for imaging tasks, encoder-decoder CNNs
such as U-Net support multiscale feature extraction with
spatially explicit outputs. Figure S1 in Multimedia Appendix
1 suggests that DL is selectively applied to high-dimensional,
nontext modalities, whereas classic ML predominates for
structured data across all sample sizes. Although DL shows
high median AUCs in some strata, these results are based on
few studies, highlighting uncertainty in generalizability and

reinforcing the need for cautious interpretation and external
validation.

In our review, 9 models used sensor-based gait and
balance parameters, including multimodal assessments. These
models have the advantage of capturing dynamic abnormal-
ities in movement patterns that are not easily detected
through traditional clinical assessments. However, predictor
definitions, measurements, and reports varied across studies,
undermining the reproducibility and comparability of these
models. Together, these findings underscore the need for
more comprehensive and holistic modeling approaches to
achieve effective prediction.

Across the 28 included studies, reported AUC values were
generally acceptable but varied widely, indicating consid-
erable variability in predictive performance across differ-
ent models and study settings. However, only one model
underwent external validation, but it could not be included
in the quantitative synthesis due to insufficient information
to derive SE. This limited use of external validation substan-
tially constrains the ability to judge model performance in
real-world settings and increases the likelihood that reported
results are optimistic. All remaining models relied exclusively
on internal validation approaches, such as cross-validation or
random data splitting. As internal validation is known to yield
optimistically biased performance estimates, these results
primarily reflect within-sample discrimination and provide
limited evidence regarding model performance in independ-
ent, real-world populations [106].

The meta-analysis of models with internal validation
indicated apparently acceptable discrimination. However, the
pooled AUC should not be interpreted as a robust estimate
of real-world predictive performance. Rather, it represents a
summary of reported discrimination from studies that were
uniformly judged to be at high risk of bias and were based
almost entirely on internal validation. In this context, an
AUC of 0.79 is better understood as indicating that these
models can separate higher-risk from lower-risk individu-
als under study-specific conditions, but that the magnitude
of this performance is likely to be inflated relative to
what would be expected in independent community popu-
lations. In the absence of external validation, the current
evidence base primarily reflects methodological perform-
ance under controlled conditions and remains insufficient to
support direct clinical implementation of ML-based fall risk
prediction models.

Interpretation of this pooled estimate is further limited
by extremely high between-study heterogeneity, suggesting
substantial variation in study design, populations, prediction
horizons, data modalities, and model inputs rather than
random error alone. Accordingly, the pooled AUC should
be viewed as an average across highly diverse, high-risk-of-
bias studies rather than as a stable benchmark for model
performance. Nevertheless, pooling remained informative by
quantifying the central tendency of reported discrimination
and, critically, by enabling estimation of PIs that explicitly
convey the expected dispersion of model performance in new
populations. Importantly, PIs provide information beyond
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pooled estimates by reflecting the range of model perform-
ance that may be expected in new settings, rather than only
the average discrimination across studies [48,107]. This is
particularly relevant for ML-based prediction models, where
performance is often context-dependent and influenced by
differences in populations, data sources, feature definitions,
and model development strategies. In such settings, pooled
AUC values alone may give an overly optimistic or simplified
impression of performance, whereas PIs explicitly capture the
uncertainty and variability that are likely to be encountered
in real-world applications. Therefore, reporting PIs alongside
pooled estimates is essential for a more realistic assessment
of generalizability and for informing decisions about model
implementation in diverse community settings. Consistent
pooled estimates obtained from leave-one-out sensitivity
analyses and within-study averaged AUCs further suggest
that no single study disproportionately influenced the overall
results, but this stability should not be mistaken for low bias
or strong transportability.

To systematically explore sources of heterogeneity, we
conducted prespecified subgroup analyses and mixed-effects
meta-regression. These analyses demonstrated that sam-
ple size and population subgroup significantly moderated
discriminative performance, jointly explaining a substantial
proportion of heterogeneity, whereas prediction time window
and data modality did not materially affect pooled AUCs.
Notably, PIs were wide across all subgroups, regardless of the
estimation method, highlighting considerable uncertainty in
real-world generalizability even when average discrimination
appears acceptable.

Importantly, the absence of a statistically significant
moderating effect of prediction time window should not be
interpreted as clinical equivalence across different hori-
zons. Models predicting short-term fall risk are conceptu-
ally aligned with transitional care and near-term preventive
interventions, whereas models estimating multiyear fall risk
may be more suitable for long-term prevention planning
or population-level surveillance. These application scenarios
differ fundamentally in terms of intervention timing, decision
thresholds, update frequency, and calibration requirements.
The wide variation in prediction horizons therefore reflects
heterogeneity in clinical intent rather than merely methodo-
logical noise, underscoring that models developed for one
time horizon should not be directly extrapolated to another
without revalidation [84,85].

Beyond discrimination, additional methodological
limitations further restrict clinical interpretability. All
included models were rated as having a high risk of
bias, reflecting common shortcomings, such as insufficient
sample sizes, exclusion of missing data without clear
justification, preprocessing pipelines, limited reporting of
feature definitions, unclear definition of retained predictors,
and reliance on self- or proxy-reported fall events. Cali-
bration, which assesses agreement between predicted risks
and observed outcomes, was rarely reported: only 5 stud-
ies provided Brier scores, of which only one reported a
corresponding 95% CI, and only a single study presen-
ted a calibration plot, precluding quantitative synthesis of

calibration performance. This lack of calibration assessment
further limits the clinical interpretability of these models,
as accurate risk estimation is essential for decision-mak-
ing, threshold selection, and implementation in real-world
care pathways. Consequently, most models were evaluated
primarily using uncalibrated AUCs, limiting their utility
for threshold-based risk stratification, shared decision-mak-
ing, and intervention planning. For this reason, the pooled
AUC should not be taken as evidence that these models
are sufficiently reliable for deployment, but rather as a
provisional summary of reported discrimination within a
methodologically weak evidence base. Collectively, these
methodological shortcomings compromise internal valid-
ity, hinder reproducibility, and substantially constrain the
potential for real-world translation.

Unlike prior reviews [18,35-37,80], we comprehensively
evaluated ML-based risk prediction models developed
specifically to predict future falls among community-dwell-
ing older adults from a preventive perspective. By including
only longitudinal studies, the findings are directly relevant to
real-world fall prediction rather than post hoc risk classifi-
cation. This review focuses on longitudinal ML-DL mod-
els for predicting future falls in community-dwelling older
adults, thereby extending beyond prior reviews centered on
real-time detection, in-hospital fall prediction, or conventional
statistical models. By integrating PROBAST appraisal with
HKSJ meta-analysis, PIs, and modality-specific mapping
of algorithm families, the review provides a structured
and methodologically grounded synthesis to interpret both
average discrimination and between-study variability. These
findings help contextualize reported model performance and
highlight key considerations for evaluating generalizability
and uncertainty across different settings.
Limitations
Some limitations should be acknowledged. First, all included
studies were at high risk of bias, and the predominance of
models with internal validation limits confidence in generaliz-
ability. Only one model underwent external validation, and
this study could not be included in the quantitative synthesis
due to insufficient reporting. As a result, the pooled AUC
should be interpreted as a summary of reported discrimination
from a methodologically weak evidence base, rather than
as a robust estimate of transportable performance in real-
world settings. Second, substantial heterogeneity remained
despite prespecified subgroup analyses and meta-regression,
reflecting fundamental differences in study populations,
designs, and modeling approaches. Some potentially relevant
factors, such as algorithm type, validation strategy, outcome
definition, and geographic region, could not be examined
quantitatively due to data limitations. This heterogeneity
further limits the extent to which any single pooled esti-
mate can be viewed as a stable benchmark for expected
model performance. In addition, the category of commun-
ity dwelling was not equivalent to uniform population-
based recruitment across studies. Some included cohorts
were recruited through emergency care or clinically defined
high-risk pathways rather than from the general community,
and our subgroup analysis suggested that models developed in
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specific populations showed higher discrimination than those
developed in general community-dwelling samples. However,
because the specific population subgroup comprised only
2 studies with different types of clinical enrichment, this
finding should be interpreted cautiously and cannot estab-
lish a stable or broadly generalizable subgroup effect. Third,
calibration was infrequently reported, limiting assessment of
clinical usability, as discrimination alone is insufficient for
risk stratification and decision support. In addition, inconsis-
tent reporting of performance metrics, limited transparency in
feature selection and data preprocessing, and restricted data
availability further constrain reproducibility and real-world
applicability. Accordingly, even models with apparently
acceptable discrimination may still provide poorly calibra-
ted or overly optimistic risk estimates when applied out-
side their development settings. Fourth, several models were
derived from the same database, which may introduce partial
correlation between effect estimates. Although some models
were developed in distinct subpopulations or analytic cohorts,
participant overlap cannot be fully excluded. However,
sensitivity analyses showed that pooled AUC estimates were
similar when retaining only one CHARLS-derived model or
excluding all such models, suggesting minimal impact on
the overall conclusions. Finally, the restriction to English-
language studies and the exclusion of preprints may have
introduced language and publication bias, which should be
considered when interpreting the findings.

From a translation perspective, the wide PIs indicate
that models with apparently acceptable average discrimina-
tion may perform substantially differently when applied
to new community settings. This is particularly impor-
tant given that the available pooled estimate is derived
largely from internally validated, high-risk-of-bias studies and
may therefore overstate real-world predictive performance.
Accordingly, these tools should be considered as deci-
sion-support aids rather than stand-alone screening instru-
ments, and implementation should be accompanied by local
recalibration and context-specific threshold selection [85].

Future research should prioritize prospective, multi-
center studies with rigorous external validation and
standardized outcome definitions. Transparent reporting of

both discrimination and calibration, as well as predictor
handling and data processing, is essential; at a minimum,
AUC should be reported alongside calibration measures [104,
108]. In addition, impact studies, interventional trials, and
silent trials are needed to determine whether these models
improve patient outcomes and resource use. Public availabil-
ity of feature dictionaries, preprocessing code, and calibra-
tion information will further support reproducibility and
safe real-world translation. Until such evidence is available,
pooled discrimination estimates should be viewed primar-
ily as signals of potential utility rather than evidence of
implementation readiness.
Conclusions
This systematic review and meta-analysis demonstrates
growing interest in the use of ML-DL to predict future
falls among older adults, but the current evidence should
be interpreted cautiously. Although pooled discrimination
appeared promising, substantial between-study heterogene-
ity, wide PIs, uniformly high risk of bias, limited external
validation, and sparse calibration assessment indicate that the
reported AUC is better understood as a summary of study-
specific performance than as a robust estimate of transport-
able real-world accuracy. This caution is further warranted
because “community dwelling” did not always correspond to
recruitment from the general community, and some mod-
els were developed in clinically enriched community-living
subgroups.

By focusing on longitudinal ML-DL models for predicting
future falls in community-dwelling older adults, this review
extends prior work centered on real-time detection, in-hos-
pital prediction, or conventional statistical models. Through
the integration of PROBAST appraisal, HKSJ meta-analysis,
PIs, and modality-specific synthesis, it provides a decision-
relevant framework for interpreting both discrimination and
uncertainty across settings. At present, the evidence supports
the potential utility of ML-DL models as decision-support
tools for proactive fall prevention, but external validation,
calibration assessment, local recalibration, and context-spe-
cific threshold selection remain essential before implementa-
tion.
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