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ABSTRACT

Background: Falls are the leading cause of injury and mortality in older adults; however, the relative con-
tributions of different fall risk factor domains remain unclear. A past fall history strongly predicts future falls,
making fall history classification critical for prospective risk assessment.

Objective: This study compared three domains for classifying fall history status in older adults as the basis for fall
risk assessment.

Study design: Cross-sectional observational study.

Methods: We analyzed the G-STRIDE dataset (163 older adults; mean age [standard deviation] = 82.6 [6.2]
years; 72.4% female; 52.8% fallers). Three domains were examined: demographic information (DGI), clinical
scales and questionnaires (CSQ), and mobility tests and contexts (MTC). Four classifiers (logistic regression,
support vector machine, random forest, and artificial neural network) were evaluated using 10-fold cross-vali-
dation, leave-one-out, and hold-out validation. Bootstrap 95% confidence intervals (CIs) and paired t-tests were
used for area under the receiver operating characteristic curve (AUC) comparisons.

Results: MTC alone achieved AUC = 0.89 (95% CI: 0.83-0.94), significantly outperforming DGI (AUC = 0.76,
P < 0.001). DGI plus MTC showed a marginal advantage over DGI plus CSQ (P = 0.064). The evolutionary
optimization identified a seven-variable subset dominated by mobility measures that matched the full-model
performance (AUC = 0.90). A multi-method feature importance analysis identified the examination location,
frailty index, and short Falls Efficacy Scale-International as the top predictors. The external validation of
GAIT2CARE (N = 127) achieved an AUC of 0.802 for DGI plus MTC.

Conclusions: Objective mobility tests combined with demographic data provided efficient fall risk assessment
without extensive questionnaire-based assessments, supporting streamlined clinical screening.

1. Introduction

such as nursing homes and assisted living facilities."” The consequences
of falls extend beyond physical injury and include reduced in-

7w? >Falls represent a major public health challenge in aging so-
cieties worldwide and are a leading cause of injury-related morbidity
and mortality among older adults. Each year, approximately one in
three community-dwelling adults aged 65 years and older experiences
at least one fall, with substantially higher rates in institutional settings

dependence, fear of falling, activity restriction, higher healthcare costs,
and premature institutionalization. As the global population continues
to age, the burden of fall-related injuries on healthcare systems is
projected to increase significantly, emphasizing the urgent need for
effective fall risk screening and prevention strategies.”* Importantly,
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LOO, leave-one-out; MDI, mean decrease in impurity; MTC, Mobility Tests and Contexts; RFs, random forests; ROC, receiver operating characteristic; SPPB, Short
Physical Performance Battery; SVM, support vector machine; TUG, Timed Up and Go
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extensive epidemiological evidence supports that a history of falls is
one of the strongest predictors of future fall events in older adults, with
systematic reviews reporting that prior fallers face a two- to three-fold
increase in prospective fall risk compared with nonfallers.">° This re-
lationship between past and future falls underpins the clinical rationale
for fall history classification; accurately identifying individuals with a
positive fall history serves as a direct proxy for prospective fall risk
assessment, enabling timely intervention before recurrent falls occur.

Traditionally, fall risk assessment relies on fall risk factors that en-
compass patient-specific factors that can be evaluated via clinical ex-
aminations and structured assessment protocols. Fall risk factors can be
broadly categorized into three domains: demographic information,
clinical assessments, and mobility tests. Understanding the relative
contribution of each domain to fall risk prediction is essential for de-
signing efficient screening protocols that balance the assessment burden
with predictive accuracy. Demographic characteristics have long been
recognized as fundamental indicators of vulnerability to falls. Age is
perhaps the most robust predictor, with fall risk increasing substantially
after 65 years of age and accelerating further beyond 75 and 80 years of
age, due to progressive declines in physiological reserves, sensory
function, and neuromuscular control."'? Gender differences are also
well documented; women exhibit higher fall rates than men, which is
attributable to factors including lower bone mineral density, greater
prevalence of osteoporosis, differences in muscle mass distribution, and
potentially higher engagement in household activities that involve fall
hazards. Body mass index (BMI) and anthropometric measures influ-
ence fall risk through multiple pathways, as underweight individuals
may lack the muscular strength to recover balance, whereas obesity
impairs mobility and shifts the center of mass, both of which increase
fall susceptibility. Living environment, particularly residence in a nur-
sing home versus community dwelling, reflects not only frailty and
functional dependence but also exposure to different environmental
hazards and care structures. However, demographic information cap-
tures only broad risk categories and provides limited insight into the
specific functional impairments and physiological vulnerabilities that
directly precipitate falls. Therefore, screening based solely on demo-
graphic profiles lacks the precision required for targeted intervention
planning and may miss high-risk individuals whose functional status is
disproportionately poor relative to their demographic profile.

Clinical assessment instruments offer a more comprehensive evalua-
tion of fall risk by quantifying functional capacity, frailty, and psycholo-
gical factors. The Short Physical Performance Battery (SPPB) combines
balance tests, gait speed assessment, and chair stand performance to
provide an integrated measure of lower extremity function, which corre-
lates strongly with mobility disability and fall risk.”* The Fried frailty
phenotype operationalizes frailty using five criteria, namely unintentional
weight loss, self-reported exhaustion, low physical activity, slow gait
speed, and weak grip strength, enabling clinicians to identify individuals
with compromised physiological reserves who are at an elevated risk of
adverse outcomes, including falls.” Fear of falling, commonly assessed
using the Falls Efficacy Scale-International (FES-I), captures the psycho-
logical dimension of fall risk: individuals with a high fear of falling often
restrict their activities, leading to deconditioning, muscle weakness, and
ultimately increased fall susceptibility." These clinical instruments provide
actionable information that can guide multifactorial interventions tar-
geting specific deficits. The primary advantage of such assessments lies in
their ability to reveal modifiable risk factors and stratify patients according
to their intervention needs. However, clinical assessment has notable
limitations. Many rely on subjective self-reports or clinician assessment,
introducing potential bias and variability. Questionnaire-based scales can
be time-consuming to administer and require trained personnel to accu-
rately score and interpret results. Furthermore, the incremental predictive
value of extensive questionnaire batteries over simpler objective tests has
not been systematically quantified, raising questions about the optimal
balance between assessment comprehensiveness and clinical feasibility in
routine screening.'®"’
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Mobility tests provide objective, performance-based measurements
of functional capacity that directly reflect the neuromuscular and bio-
mechanical systems responsible for postural stability and safe ambu-
lation. The Timed Up and Go (TUG) test, in which participants rise from
a chair, walk 3 m, turn, return, and sit down, assesses multiple domains,
including lower limb strength, dynamic balance, gait speed, and func-
tional mobility.””'> However, systematic reviews and meta-analyses
have questioned the ability of the TUG to predict falls in isolation,
suggesting that it should not be used as a standalone screening tool in
community-dwelling older adults.'® Similarly, the 4-metre walk test
yields gait speed, a powerful predictor of adverse health outcomes and a
sensitive marker of functional decline. Studies comparing the TUG and
gait speed have found that both measures predicted geriatric outcomes
with similar accuracy, although gait speed might be simpler to imple-
ment.'? These tests are quick, require minimal equipment, and can be
performed in diverse clinical settings by nursing staff or trained assis-
tants without specialized biomechanical expertise.'> Their objective
nature reduces inter-rater variability and enhances reproducibility
across sites and populations. Moreover, mobility tests capture real-time
functional performance, rather than historical or perceived ability, thus
providing a snapshot of an individual’s current physiological capacity.
Recent advances in wearable sensors have further supported the value
of objective gait assessment for fall risk evaluation, particularly through
measures related to walking performance and velocity.'®'? These de-
velopments reinforce the clinical relevance of objective mobility
testing, but they do not remove the need to determine which assessment
domains provide the best balance between predictive value and as-
sessment burden. Despite these advantages, mobility tests alone do not
reveal the underlying causes of impaired performance because poor
TUG or gait speed scores may result from muscle weakness, joint pain,
neurological deficits, fear of falling, and environmental factors. Inter-
preting the clinical significance of test scores and determining precise
fall risk thresholds without integrating additional contextual informa-
tion is challenging. Furthermore, many clinicians lack the analytical
tools to translate continuous test metrics into actionable risk categories,
suggesting that machine learning approaches may be necessary to fully
exploit the predictive potential of objective mobility data.?" >

The relative contributions of demographic information, clinical as-
sessments, and objective mobility tests to fall risk prediction remain
unclear. Although each domain has been studied individually, sys-
tematic comparisons to isolate their incremental predictive value are
scarce. Most previous studies have aggregated diverse clinical variables
into composite models without dissecting domain-specific contribu-
tions, leaving clinicians uncertain as to which assessments offer the best
return on investment in terms of time, training, and resources.’®'" This
gap is particularly important in resource-limited settings, where com-
prehensive assessments may be impractical and efficient screening
protocols are needed. The integration of autonomous mobile robots
with wearable sensors has been promising for engaging older adults in
walking exercises while collecting accurate gait data, suggesting new
possibilities for continuous fall risk monitoring outside traditional
clinical environments.”® Recent studies have demonstrated that com-
bining wearable inertial sensors with clinical tests, such as the TUG and
6-minute walking tests, could improve the accuracy of fall risk pre-
diction in nursing home residents.”* Moreover, the interplay between
simple demographic screening, moderately intensive questionnaire-
based evaluations, and objective testing has not been explored in a
unified analytical framework that considers different machine learning
algorithms and validation strategies. Machine learning approaches,
including XGBoost, random forests (RFs), and neural networks, have
been promising for fall risk prediction, with some studies achieving
classification accuracies exceeding 80% when combining multiple data
sources.”>*® Addressing this gap requires a structured multilevel ana-
lysis that systematically varies the assessment effort while quantifying
the predictive performance across clinically meaningful feature sets and
robust evaluation schemes.
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Table 1
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Baseline demographic and anthropometric characteristics of the G-STRIDE study population by fall history status.

Characteristic Overall Fallers Non-fallers
(N =163) (n = 86) (n=77)
Age (years), mean * SD 82.6 + 6.2 84.2 + 5.5 80.9 + 6.5
Female, n (%) 118 (72.4) 67 (77.9) 51 (66.2)
Weight (kg), mean + SD 64.3 = 13.1 63.1 = 134 65.6 = 12.7
Height (m), mean * SD 1.57 = 0.10 1.52 += 0.08 1.62 + 0.10
BMI (kg/m?), mean *+ SD 26.2 = 5.0 27.2 = 5.6 25.0 = 4.1
Nursing home resident, n (%) 53 (32.5) 31 (36.0) 22 (28.6)

Values are presented as mean * standard deviation or n (%).

This table is descriptive; no between-group hypothesis tests are reported.

Abbreviations: BMI, body mass index; SD, standard deviation.

Beyond comparing predictive accuracy alone, the clinical con-
tribution of the present study lies in quantifying the trade-off between
assessment burden and discriminatory performance across progres-
sively more complex feature sets. This comparative framework allows a
workflow-oriented interpretation: basic demographic information may
support initial low-burden screening, objective mobility tests may serve
as the main second-level assessment because they provide strong dis-
crimination with limited administration time, and more comprehensive
questionnaire-based assessments may be reserved for cases in which
additional clinical characterization is needed. In this way, the study
aims not only to compare models, but also to inform how fall risk
screening protocols may be streamlined in rehabilitation and geriatric
care settings.

The present study addresses these limitations via a comprehensive
comparative analysis of fall risk factors for fall history classification in
older adults. We structured the clinical variables into three distinct
domains and constructed six feature sets corresponding to escalating
levels of assessment effort, ranging from minimal demographic profiles
to comprehensive multidomain evaluations. We trained and evaluated
four standard machine learning classifiers, namely logistic regression
(LR), support vector machine (SVM), RF, and artificial neural network
(ANN), using three internal validation strategies to quantify the influ-
ence of the modeling and evaluation choices. Additionally, we per-
formed an exhaustive search of low-dimensional SVM models to iden-
tify compact feature combinations that approached the performance of
full clinical models. We further employed an evolutionary optimization
procedure for automated feature subset selection to discover parsimo-
nious variable combinations that retained high predictive accuracy
while reducing the clinical assessment burden.

We selected three domains—demographic information (DGI), clin-
ical scales and questionnaires (CSQ), and mobility tests and contexts
(MTC)—because they represent the core components of routine clinical
fall risk assessments, which could be obtained without specialized in-
strumentation. Other potentially relevant factors, such as cognitive
function and medication use, were not available in the dataset and were
acknowledged as limitations.

Based on prior literature and clinical reasoning, we formulated three
hypotheses:

(1) H1: MTC provide a stronger discriminative capacity for fall history
classification than CSQ, given that mobility tests directly measure
functional capacity and are supported by substantial evidence as
objective fall risk indicators.”"'*

(2) H2: Adding DGI to mobility-based models improves classification
performance because demographic factors such as age, sex, and
body composition capture complementary risk dimensions that are
not reflected in test performance alone.’

(3) H3: Combining all three domains—DGI, MTC, and CSQ—will yield
the best overall classification performance, because each domain
captures different dimensions of fall risk.

Through this systematic approach, we aim to clarify how different fall
risk factor domains contribute to fall history discrimination, guide prac-
tical protocol design by quantifying the cost-benefit tradeoffs inherent in
multilevel assessments, and identify efficient screening strategies suitable
for deployment in diverse clinical and community settings.

2. Methods
2.1. Datasets

We analyzed the G-STRIDE dataset, a publicly available cohort of
older adults recruited from two outpatient clinics in public hospitals
and three public nursing homes in Spain.”’** The dataset contains
comprehensive clinical, functional, and gait assessments as well as fall
history status in the year before the recorded visit. A total of 163 par-
ticipants were included in the analysis (mean age [standard deviation]
= 82.6 [6.2] years; range: 70-98 years; 118 females [72.4%]; 86 fallers
[52.8%]).

Participants were labeled as fallers if they self-reported at least one
fall during the previous 12 months, and as nonfallers otherwise. A fall
history was ascertained through structured interviews conducted by
trained clinicians during the assessment visit. Recent work on this da-
taset has demonstrated that machine learning models trained on
wearable-derived gait features can effectively distinguish fallers from
nonfallers, thereby providing a foundation for the present comparative
analysis of fall risk factor domains.>” For the present study, we used
only clinical and questionnaire variables, focusing exclusively on fall
risk factors that could be assessed without specialized instrumentation.

Table 1 presents the baseline characteristics of the study population
stratified by fall history status.

2.2. Fall risk factor domains and feature sets

We considered three clinically meaningful domains of fall risk fac-
tors, representing patient-specific factors that could be assessed through
routine clinical evaluations. Table 2 summarizes the number of vari-
ables and assessment burden for each domain.

DGI represents basic demographic and anthropometric information.
It includes six variables: age, sex, residence in a nursing home, height,

Table 2
Number of variables included in each fall-risk-factor domain and in the com-
bined feature set.

Domain Variables,
n

Demographic Information 6

Clinical Scales and Questionnaires 12

Mobility Tests and Contexts 5

All combined 23
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weight, and BMI. These variables are usually available from medical
records or brief interviews and form the minimum profile required for
low-cost screening.

CSQ provides subjective or clinician-rated information obtained
using standardized instruments. It includes 12 variables: the individual
components of the Fried frailty phenotype (unintentional weight loss,
exhaustion, low activity level, slow gait, and low grip strength), manual
grip strength (in kg), frailty index, SPPB subscores (balance, gait speed,
and chair stand), total score, and short FES-I score."” The term “low
activity level” refers to participants who report engaging in physical
activity less than once per week, based on structured interview re-
sponses. These assessments require questionnaires and scoring proce-
dures but do not require specialized hardware.

MTC represents objective performance-based assessments of mobi-
lity and balance along with contextual testing conditions. This domain
contains five variables: the 4-metre walk test (measured as time in
seconds and derived gait speed in m/s), TUG test duration in seconds,
examination location (categorized as consultation room, nursing home,
or familiar environment, such as the participant’s home), and type of
walking surface (categorized as a plane or varied surface, including
carpets, tiles, or uneven flooring). These categories were predefined in
the original dataset based on clinical documentation. The tests are
simple, fast, and widely recommended in clinical guidelines for mobi-
lity assessment.'?

From these domains, we defined six feature sets:

(1) DGI only (6 variables).

(2) CSQ only (12 variables).

(3) MTC only (5 variables).

(4) DGI combined with CSQ (18 variables).

(5) DGI combined with MTC (11 variables).

(6) All variables: DGI combined with CSQ and MTC (23 variables).

This design enables a direct comparison among pure demographic
screening, moderately intensive questionnaire-based assessments, and
objective testing. It also supports a cost-benefit interpretation of the
amount of predictive gain obtained when moving from one assessment
level to another.

2.3. Preprocessing

Starting with the original spreadsheet, we implemented a re-
producible preprocessing pipeline in Python. We first retained only
variables that belonged to the aforementioned three fall risk factor
domains and removed identifiers, administrative fields, and all external
sensor metrics.

The missing data was minimal for most variables. The manual grip
strength had three missing values (1.8%), the manual force clinical
assessment had three missing values (1.8%), and the short FES-I score
had two missing values (1.2%). The TUG test duration had 16 missing
values (9.8%), which were imputed using linear regression, as de-
scribed below. All other variables had complete data.

For categorical items with values “yes,” “no,” and “incapable,” we
mapped “yes” and “incapable” to one and “no” to zero. This coding
reflects the fact that the inability to perform a test (incapable) typically
indicates severe impairment, similar to a positive finding for fall risk
factors such as slow gait or weak grip strength.” Other non-numeric
entries representing missing information were converted to missing
values.

The duration of the TUG test was sometimes missing for participants
who only completed the 4-metre walk. We fitted a simple linear regression
between the TUG time and 4-metre walk time for the 147 participants who
completed both tests. The resulting regression equation was as follows:
TUG time = 2.30 X 4-metre walk time + 3.08, with coefficient of de-
termination R? = 0.70 (Pearson r = 0.84, P < 0.001). This strong linear
relationship supported the validity of the imputation approach. Fig. 1
shows this relationship, displaying the observed data points together with
the regression line and imputed values.
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Linear Regression for TUG Time Imputation

TUG = 2.30 x 4m Walk Time + 3.08
R? = 0.705, r = 0.840
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Fig. 1. Linear regression between TUG time and 4-metre walk time.

Blue circles represent the 147 observed data points, and the solid line shows the

fitted regression. Orange diamonds indicate the 16 imputed TUG values. The

annotation reports the regression equation and goodness-of-fit statistics.

Abbreviation: TUG , Timed Up and Go.

For continuous variables, missing values were imputed using the
median of the training subset for each validation fold. For binary
variables, missing values were imputed with the most frequent category
(mode) in the training data. We selected mode imputation for binary
variables because it preserved the original distribution and avoided
introducing artificial intermediate values. However, we acknowledge
that this approach may slightly underestimate variance and affect class
balance if missing data are not randomly distributed.

For models requiring standardized inputs (LR, SVM, and ANN), z-
score normalization was applied using the mean and standard deviation
computed from the training partition. The RF was operated at the ori-
ginal scale. All preprocessing steps, including imputation and standar-
dization, were performed separately within each outer training parti-
tion so that information from the test data was never used for
computing the transformation parameters. This procedure prevents
information leakage and yields more realistic performance esti-
mates‘](),iv’().ﬁ%]

2.4. Machine learning models

We evaluated four commonly used binary classifiers spanning a
range of model complexities and interpretabilities. These classifiers
were selected based on their widespread use in clinical prediction
modelling, complementary strengths, and representation in the fall risk
literature.'***! LR provides interpretable coefficients and serves as
the baseline linear model. An SVM with a radial basis function kernel
can capture nonlinear relationships. RF offers robustness against over-
fitting and provides feature importance measures. An ANN is a flexible
nonlinear approach that can model complex interactions.

LR was implemented with an £, penalty and regularization para-
meter C = 1. We used the 1-BFGS optimizer with a maximum of 1000
iterations and applied standardization, as described above. The reg-
ularization parameter was set to the default value, commonly used in
clinical applications.

SVM employed a radial basis function kernel with regularization
parameter C = 1 and gamma equal to the reciprocal of the product of
the number of features and their variance (the “scale” option in scikit-
learn). Probability estimation was enabled, such that posterior prob-
abilities were available for receiver operating characteristic (ROC)
analysis.”’ These default hyperparameters were retained to ensure a fair
comparison across feature sets without introducing additional optimi-
zation bias.
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RF was implemented as an ensemble of 100 decision trees with
bootstrap sampling and the Gini impurity criterion. RF was trained on
the original unstandardized features. The number of trees was set to
100, as this typically provided a stable performance while remaining
computationally efficient.

ANN is a fully connected feedforward network with three hidden
layers of 128 neurons each. The hidden layers use Gaussian error linear
unit (GELU) activations, followed by dropout (0.3) for regularization,
and the output layer uses a sigmoid activation. We adopted this ar-
chitecture as a stable, general-purpose nonlinear baseline that can
capture interactions among demographic, questionnaire, and mobility
variables while retaining a consistent model structure across feature
sets. At the same time, given the modest sample size and tabular clinical
data, we treat ANN as a comparative benchmark rather than a preferred
deployment model, and its results are interpreted with appropriate
caution regarding potential overparameterization and overfitting.

We acknowledge that the hyperparameters are fixed rather than
tuned through cross-validation, which may not yield optimal perfor-
mance for each model. However, this approach ensures a fair compar-
ison across feature sets and avoids the potential overfitting that may
result from an extensive hyperparameter search on a small dataset.

For all models, the decision threshold for computing classification
accuracy was set to 0.4. This value was chosen to provide a slightly
more sensitive operating point for faller identification in this im-
balanced clinical dataset, where the cost of missing at-risk individuals
may be greater than the cost of additional false positives. We therefore
report AUC as the primary threshold-independent discrimination me-
tric, while accuracy at the 0.4 threshold is presented as a secondary
summary of one clinically reasonable operating point rather than a
universally optimal decision rule.

2.5. Validation schemes

Given the limited sample size, we adopted three internal validation
schemes.

Ten-fold cross-validation used stratified splits with similar faller
proportions across folds. For each fold, a model was trained on nine
folds and evaluated on the remaining fold. The performance was ag-
gregated by concatenating the predictions from all folds. This valida-
tion approach is consistent with recent work demonstrating that
transductive learning models can substantially reduce measurement
errors in the ambulatory gait analysis of elderly residents in assisted
living facilities.*

Leave-one-out (LOO) cross validation considered each participant
once as a test case while the remaining participants formed the training
set. This scheme maximizes data use but can be computationally de-
manding.

Single hold-out evaluation used a single stratified split with 80% of
the data for training and 20% for testing. The models were trained only
once on the training subset, and their performance on the hold out test
set provided a single estimate. This strategy is common in clinical
machine learning studies but can yield unstable estimates in small da-
tasets.' "

For each model and feature set, we computed the ROC curves and
corresponding area under the curve, as well as the classification accu-
racy. For the full feature set, we summarized the accuracy distributions
across repeated experiments using box plots.

2.6. Optimization-based feature subset selection

In addition to the exhaustive enumeration of one- and two-variable
models, we sought to identify the optimal feature subsets of arbitrary
size that balanced predictive performance against assessment com-
plexity. We formulated this task as a combinatorial optimization pro-
blem and employed an evolutionary search strategy to efficiently ex-
plore the space of possible variable combinations.
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Specifically, we represent each candidate subset as a binary in-
dicator vector of length P, where P denotes the total number of fall risk
factors in the full pool. A value of one at position i indicates the in-
clusion of the corresponding variable, whereas zero indicates its ex-
clusion. The quality of each subset S is quantified using a fitness
function defined as

1S
F(S) = AUCLR,ﬁve—fold(S) - /l?,

where AUC R, five-fold)(S) represents the mean area under the ROC curve
obtained via stratified 5-fold cross validation using LR on the selected
features, IS| denotes the number of included variables, and 4 = 0.01
serves as a sparsity penalty that discourages excessively large subsets.
This formulation encourages the discovery of parsimonious feature
combinations that can achieve high discrimination while remaining
clinically practical.

The search proceeds through the iterative refinement of a popula-
tion of candidate solutions. We initialized a population of 40 in-
dividuals with random binary vectors and evolved them over 40 gen-
erations. In each generation, individuals were selected for reproduction
based on tournament selection with a tournament size of three.
Offspring were generated through a single-point crossover with a
probability of 0.8, and random bit flip mutations were applied with a
probability of 0.05 per gene. To prevent degenerate solutions with no
selected features, all zero chromosomes were repaired by activating a
randomly chosen variable. Throughout the search, we tracked the best
individual encountered with respect to fitness, and recorded its con-
stituent variables, mean area under the curve, and subset cardinality.

Upon convergence, we extracted the optimal subset and re-eval-
uated it using all four classifiers under the three validation schemes
described previously. This post hoc evaluation confirmed whether the
selected variables were generalized across different modelling choices
and provided a fair comparison against the full feature set and ex-
haustively enumerated low-dimensional models.

2.7. Statistical analysis

All analyses were performed in Python 3.13 using scikit-learn 1.8.0,
SciPy 1.17.0 and PyTorch 2.10.0. Continuous variables were expressed
as mean = standard deviation and categorical variables as counts
(percentages). Classification performance is reported as accuracy and
area under the receiver operating characteristic curve (AUC) with
bootstrap 95% confidence intervals (CI). Pairwise comparisons of AUC
across feature sets were conducted using paired t tests on fold-level AUC
values from ten-fold cross-validation and the DeLong test on pooled
out-of-fold predicted probabilities. All tests were two-sided with a sig-
nificance level of @ = 0.05.

3. Results
3.1. Performance across feature sets in cross-validation

We evaluated the six feature sets and four classifiers using 10-fold
cross-validation. Bootstrap 95% CIs were computed with 1000 re-
samples.

DGI alone already provides predictive power above chance, with LR
achieving an AUC of 0.76 (95% CI: 0.68-0.84). CSQ alone performs at
an intermediate level, with LR reaching an AUC of 0.82 (95% CL:
0.75-0.88). MTC yields the highest performance among single domains,
with LR achieving an AUC of 0.89 (95% CI: 0.83-0.94).

Combining DGI with CSQ improves over either domain alone (AUC
= 0.84, 95% CL: 0.77-0.90 for LR) but does not surpass DGI combined
with MTC (AUC = 0.89, 95% CI: 0.83-0.94). Adding CSQ on top of DGI
and MTC produces similar performance (AUC = 0.87, 95% CL
0.81-0.92 for LR). These trends indicate that objective mobility mea-
sures extract most of the discriminative information, while
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Table 3

Pairwise comparisons of AUC across feature sets for logistic regression under 10-fold cross-validation.
Comparison t-statistic P value Z (DeLong) P (DeLong)
MTC vs. DGI 4.85 < 0.001 1.624 0.104
MTC vs. CSQ 1.95 0.083 1.269 0.205
DGI + MTC vs. DGI 5.73 < 0.001 1.866 0.062
DGI + MTC vs. CSQ 1.63 0.138 1.183 0.237
DGI + MTC vs. DGI + CSQ 2.11 0.064 1.008 0.313
DGI + MTC vs. All variables 0.90 0.394 0.297 0.766
All variables vs. DGI 3.54 0.006 1.569 0.117
CSQ vs. DGI 1.12 0.291 0.438 0.662

P values are from paired t tests on fold-level AUC values from 10-fold cross-validation. Z (DeLong) and P (DeLong) are from the DeLong test for comparing correlated

receiver operating characteristic curves on pooled out-of-fold predictions.

Abbreviations: AUC, area under the receiver operating characteristic curve; DGI, demographic information; MTC, mobility tests and contexts; CSQ, clinical scales and

questionnaires.

demographic variables contribute additional but modest gains.
Questionnaire-based assessments provide limited further improvement
when objective tests are already available.

To assess the statistical significance of these performance differ-
ences, we conducted paired t-tests on the fold-level AUC values from the
10-fold cross-validation procedure. Table 3 summarizes the key com-
parisons using logistic regression (LR), and Table 4 summarizes the
accuracy and AUC values across feature sets and models.

MTC significantly outperformed DGI alone (P < 0.001). DGI plus
MTC showed a marginal advantage over DGI plus CSQ (P = 0.064),
while All Variables significantly outperformed DGI alone (P = 0.006).
The differences between MTC alone and CSQ alone, and between DGI
plus MTC and All Variables were not statistically significant, indicating
that clinical scales provided limited incremental value when mobility
tests were already included.

Table 4
Classification accuracy and AUC for each feature set and model under 10-fold
cross-validation.

Feature set Model Accuracy AUC [95% confidence interval]
DGI LR 0.69 0.76 [0.68-0.84]
DGI SVM 0.63 0.70 [0.61-0.78]
DGI RF 0.64 0.73 [0.65-0.81]
DGI ANN 0.69 0.72 [0.63-0.80]
CSQ LR 0.75 0.82 [0.75-0.88]
CSQ SVM 0.75 0.80 [0.72-0.86]
CSQ RF 0.79 0.83 [0.76-0.89]
CSQ ANN 0.76 0.82 [0.75-0.88]
MTC LR 0.81 0.89 [0.83-0.94]
MTC SVM 0.77 0.85 [0.78-0.91]
MTC RF 0.79 0.86 [0.80-0.92]
MTC ANN 0.80 0.87 [0.81-0.93]
DGI + CSQ LR 0.75 0.84 [0.77-0.90]
DGI + CSQ SVM 0.74 0.82 [0.75-0.88]
DGI + CSQ RF 0.75 0.83 [0.76-0.89]
DGI + CSQ ANN 0.79 0.83 [0.76-0.89]
DGI + MTC LR 0.80 0.89 [0.83-0.94]
DGI + MTC SVM 0.79 0.88 [0.82-0.93]
DGI + MTC RF 0.75 0.85 [0.78-0.91]
DGI + MTC ANN 0.83 0.88 [0.82-0.93]
All variables LR 0.76 0.87 [0.81-0.92]
All variables SVM 0.80 0.88 [0.82-0.93]
All variables RF 0.79 0.87 [0.81-0.92]
All variables ANN 0.80 0.85 [0.78-0.91]

Values in the AUC column are reported as AUC [95% confidence interval].
Abbreviations: ANN, artificial neural network; AUC, area under the receiver
operating characteristic curve; CSQ, clinical scales and questionnaires; DGI,
demographic information; LR, logistic regression; MTC, mobility tests and
contexts; RF, random forest; SVM, support vector machine.

3.2. Receiver operating characteristic curves for the six feature sets

Fig. 2 shows characteristic curves for the six feature sets. Each panel
shows the LR, SVM, RF, and ANN models evaluated under LOO, 10-fold,
and single hold-out validations. Across all feature sets, the three vali-
dation schemes produced consistent trends, but the single hold-out re-
sults exhibited wider variability, especially for ANNs. For the MTC and
DGI plus MTC sets, the curves are consistently shifted towards the upper
left corner, confirming the strong discriminative capacity of these do-
mains.

3.3. Detailed performance of the full clinical feature set

Fig. 3 shows the full clinical feature set that combines all three
domains. Fig. 3(a) shows the ROC curves for the four models and three
validation schemes. Fig. 3(b) shows box plots of the accuracy across
repeated runs on the full feature set. The cross-validation schemes
yielded relatively tight accuracy distributions, with median values of
approximately 80% for all models. Single hold-out results are more
dispersed and occasionally underestimate the achievable performance,
particularly for the ANN. These observations highlight the importance
of robust resampling-based validation using small clinical datasets.'*"'*

3.4. Optimal feature subsets identified by the selection procedure

The optimization-based feature selection procedure converged to a
compact subset of seven variables from the full clinical pool. Table 5
presents the composition of this optimal subset organized by domain.

The selected subset emphasized the mobility test variables, with
four of the seven features belonging to this domain. Gait speed derived
from the 4-metre walk and TUG test duration appeared as expected,
given their established predictive value. Contextual factors, including
examination location and walking surface type, also contribute, likely
reflecting the environmental influences on test performance. From the
CSQ, the low activity level item from the Fried frailty phenotype and
chair stand component of the SPPB were retained; the latter captured
lower extremity strength and power, whereas most other questionnaire-
based items were excluded. Height was the sole demographic variable
selected, potentially serving as a proxy for stride length and overall
body size.

Cross-validated performance for the optimal seven-feature subset
remained strong across all four classifiers: LR achieved an AUC of 0.90
(95% CI: 0.84-0.95) under 10-fold cross-validation, while RF, SVM, and
ANN yielded AUC values of 0.85 (95% CI: 0.78-0.91), 0.87 (95% CI:
0.81-0.93), and 0.89 (95% CI: 0.83-0.94), respectively. These results
demonstrate that the selected seven-variable subset retains nearly all
discriminative information present in the complete clinical pool while
substantially reducing assessment burden.
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Fig. 2. ROC curves for the four classifiers. (a) LR. (b) SVM. (c) RF. (d) ANN. Each panel shows six feature sets (DGI, CSQ, MTC, DGI + CSQ, DGI + MTC, and All)
under LOO, 10-fold cross-validation, and hold-out validation. Abbreviations: ANN, artificial neural network; AUC, area under the receiver operating characteristic
curve; LOO, leave-one-out; LR, logistic regression; RF, random forest; ROC, receiver operating characteristic; SVM, support vector machine.

Fig. 4 shows the ROC curves for the optimal subset for all three
validation schemes. The curves are clustered in the upper left region of
the plot, confirming strong discrimination. The performance remains
stable across the LOO, 10-fold, and hold-out evaluations, suggesting
that the selected features generalize well and are not artifacts of a
particular data partition.

For logistic regression (LR) under 10-fold cross-validation, the op-
timal subset achieved an AUC of 0.90 (95% CI: 0.84-0.95), compared
with 0.87 (95% CI: 0.81-0.92) for the full feature set and 0.82 (95% CI:
0.75-0.88) for CSQ alone. This improvement with fewer variables in-
dicates that removing redundant or noisy features can enhance model
performance while simplifying clinical implementation.

3.5. Feature importance analysis

To ensure the robustness of the feature importance findings, we
employed four complementary methods: the RF mean decrease in im-
purity (MDI), LR absolute coefficients, model-agnostic permutation
importance, and gradient boosting feature importance. All methods
were applied to the full feature set.

Fig. 5 presents a heat map comparing the normalized importance
across all four methods for the top 15 features.

Table 6 reports the LR coefficients for the most important features,
indicating the direction of each feature effect on fall history classifi-
cation.
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Fig. 3. Detailed performance of the four models on the union of DGI, CSQ, and MTC. (a) ROC curves for the full feature set. (b) Accuracy distributions over repeated

runs for the full feature set.

Table 5
Variables included in the optimal seven-feature subset identified by evolu-
tionary optimization.

Domain Selected variables

DGI Height (m)

CSQ Low activity level; chair-stand test (SPPB score)

MTC Gait speed from 4-metre walk (m/s); TUG duration (s);

examination location; walking surface type

Abbreviations: CSQ, clinical scales and questionnaires; DGI, demographic in-
formation; MTC, mobility tests and contexts; SPPB, Short Physical Performance
Battery; TUG, Timed Up and Go.

Across all four methods, the examination location, frailty index, and
short FES-I consistently emerged among the top-ranked predictors. The
mean rank across the methods (Table 7) shows that the examination
location ranks first, followed by the frailty index, short FES-I, test sur-
face type, and height.

This multi-method analysis confirms that mobility-related variables
and clinical frailty indicators dominate feature importance across all
analytical approaches. The convergence across the four independent
methods strengthens the reliability of these findings compared to re-
lying on a single importance metric.
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Fig. 4. ROC curves for the optimal feature subset. The figure shows LR, SVM, RF, and ANN under LOO, 10-fold cross-validation, and hold-out validation.
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Fig. 5. Feature importance heatmap across four methods:
RF (MDI), LR (absolute coefficients), Permutation
Importance, and Gradient Boosting. Values are normalised
to [0, 1] for each method. Darker colours indicate higher
importance. Abbreviations: BMI, body mass index; FES-I,

Frailty Index 0.30 1.0 Falls Efficacy Scale-International; LR, logistic regression;
MDI, mean decrease in impurity; RF, random forest; SPPB,
FES-I 0.27 0.30 Short Physical Performance Battery; TUG, Timed Up and
Go.
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Table 6
Logistic regression coefficients for selected predictors and their direction of
association with fall history classification.

Feature Coefficient Direction of
effect

Examination location -1.20 -

Frailty index +0.79 +

Short FES-I score +0.74 +

Grip strength (kg) +0.84 +

Test surface type -0.80 -

Height (m) -0.57 -

Gait speed (m/s) -0.40 -

Positive coefficients indicate a positive association with fall history classifica-
tion; negative coefficients indicate an inverse association. Abbreviation: FES-I,
falls efficacy scale-international.

Table 7

4. Discussion

The present study builds on the extensive literature on fall risk as-
sessment while addressing a specific gap regarding the relative con-
tributions of different fall risk factor domains. Our results are consistent
with prior studies. The AUC values achieved in this study for mobility-
based models are comparable to those reported by Noh et al. using
XGBoost on gait-derived features,”> and Gonzalez-Castro et al. across
various machine learning approaches for fall risk classification.?* The
slightly higher performance in our study may reflect the clinical po-
pulation, which includes both outpatient clinic and nursing home par-
ticipants, with pronounced functional variability.

Many previous studies have examined machine learning models for
fall history classification using various clinical variables, clinical scales,
or combinations of both.'%?%?!-**> Recent studies using the G-STRIDE
system have demonstrated its effectiveness in assessing fall risk and

Top 10 predictors ranked by mean importance across four feature-importance methods.

Rank Feature RF LR Perm. Gradient Boosting Mean rank
1 Examination location 0.121 1.201 0.081 0.313 1.0
2 Frailty index 0.057 0.785 0.031 0.095 4.2
3 Short FES-I 0.069 0.742 0.022 0.094 4.8
4 Test surface type 0.056 0.797 0.035 0.062 4.8
5 Height 0.073 0.574 0.015 0.059 6.5
6 Gait speed (m/s) 0.086 0.407 0.007 0.061 7.2
7 Grip strength 0.041 0.842 0.023 0.014 7.8
8 TUG time (s) 0.109 0.264 0.003 0.049 8.5
9 BMI (kg/m?) 0.046 0.259 0.003 0.083 10.2
10 Balance test (SPPB) 0.019 0.536 0.017 0.012 10.8

Values are normalized importance scores. Abbreviations: RF, random forest; LR, logistic regression; Perm., permutation importance; BMI, body mass index; FES-I,

falls efficacy scale-international; SPPB, Short Physical Performance Battery; TUG, Timed Up and Go.
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frailty in older adults through comprehensive functional analysis.”®*"
Subsequent research explored the stratification of older adults by frailty
status and falls and showed that functional parameters could effectively
classify participants according to risk.>® Furthermore, machine learning
comparisons have shown that integrating multiple data types improved
the fall history classification accuracy, with models trained on com-
bined datasets achieving superior performance.'’ However, few studies
have systematically separated demographic data, questionnaire-based
assessments, and objective mobility tests, and even fewer have ex-
amined how different fall risk factor domains and validation schemes
jointly influenced model performance. By structuring the variables into
three domains and six feature sets, and analyzing four models under
three validation strategies, we provide a more complete picture of how
multilevel clinical assessments contribute to fall history classification.

Using DGI alone, we observed a moderate yet clinically meaningful
predictive capacity. Data on age, sex, residence in a nursing home,
height, weight, and BMI were readily available and obtained without
additional testing. Although these variables do not capture detailed
functional status, they reflect the overall vulnerability and living con-
text, which explains their ability to distinguish fallers from nonfallers to
some extent. Among the three single-domain feature sets, the MTC
showed the strongest performance, followed by the CSQ and DGI. This
ordering supported our first hypothesis (H1) that mobility tests would
provide a stronger discriminative capacity than clinical scales, with
statistical testing confirming that MTC significantly outperformed DGI
(P < 0.001), although the difference between MTC and CSQ did not
reach significance (P = 0.083).

When demographic data were combined with each of the two
clinical domains, different patterns emerged. DGI plus CSQ is more
complex to administer because it requires detailed questionnaires and
clinician ratings; however, it does not clearly surpass DGI plus MTC in
this dataset. DGI plus MTC achieved strong discrimination, supporting
our second hypothesis (H2) that adding demographics improved per-
formance, as  Demo+ Mobility  significantly = outperformed
Demographics alone (P < 0.001), with a marginal advantage over
Demo + Clinical (P = 0.064). Therefore, MTC appear to offer a favor-
able balance between predictive power and assessment burden.
Objective tests such as the 4-metre walk and TUG are quick, in-
expensive, and can be performed by trained staff without subjective
interpretation, making them particularly attractive for routine
screening.'?

The combination of all three domains does not yield notable gains
over DGI plus MTC despite the increased complexity. The full model
achieved a performance similar to that of the simpler combination with
overlapping CIs and no significant differences (P = 0.394). This ob-
servation provides a more nuanced interpretation of our third hypoth-
esis (H3). Although the full model performed well, it did not sig-
nificantly outperform the simpler DGI + MTC combination, suggesting
that CSQ added limited incremental value once objective mobility
testing was already available in this cohort.

The limited incremental value of CSQ may be explained by several
factors. First, many questionnaire-based items capture the constructs
(frailty and fear of falling) that are already reflected in objective mo-
bility performance. Second, self-reported measures may introduce re-
call bias and subjective variability, which reduce the discriminative
power. Third, the SPPB subscores included in the CSQ domain partially
overlapped with the mobility tests, creating redundancy. Finally, in this
clinical population, objective functional impairment may be more
pronounced and easier to detect through mobility testing than ques-
tionnaires.

From a practical viewpoint, these findings support a tiered screening
strategy. Basic demographic information may serve as a low-burden
first step for broad triage, whereas the addition of mobility testing
appears particularly useful when a more discriminative yet still feasible
evaluation is needed. Comprehensive questionnaire-based assessment
may remain valuable in selected cases, such as when psychosocial
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contributors or multidimensional geriatric concerns require closer
characterization, but the present results suggest that it may not always
be necessary for initial screening. In busy rehabilitation settings, such a
staged workflow could reduce assessment burden while preserving
clinically meaningful discrimination.

Regarding the machine learning models, all four classifiers per-
formed competitively. LR, RF, and SVM have already achieved high
areas under the curve and accuracy on the best feature sets. The ANN
achieved the highest cross-validated performance, especially on DGI
plus MTC; however, it also showed greater variability under the single-
hold-out evaluation. In applications in which interpretability and sta-
bility are essential, simpler models may be preferred, particularly when
they can be combined with feature importance analyses or other ex-
plainable artificial intelligence methods.>® Nevertheless, the neural
network provides a useful upper bound on achievable performance with
the given clinical information.

An exhaustive search for low-dimensional SVM models offers an
additional perspective. Two variable models that combine gait speed or
TUG indices with fear of falling or related questionnaire scores achieve
a performance comparable to that of the full clinical models. This
finding reinforces the central role of mobility and balance in fall risk
and highlights the potential of simple models for rapid screening. Such
compact predictors may be valuable in primary care, community pro-
grammes, or telehealth scenarios, where only a few measurements can
be collected.

The optimization-based feature selection procedure provides further
insight into the variables that contribute the most to fall risk dis-
crimination. The optimal subset of seven variables was dominated by
mobility test measures, with gait speed and TUG test duration retained
alongside the contextual factors. These findings align with the clinical
intuition and existing guidelines that emphasize mobility assessment
for fall risk screening.”-'* Notably, most CSQ items were excluded from
the optimal subset, and only the low-activity level component of the
Fried frailty phenotype and chair stand test from the SPPB were se-
lected. This suggests that although questionnaire-based scales capture
important dimensions, such as frailty and fear of falling, their incre-
mental predictive value beyond objective mobility tests is limited in this
cohort. The inclusion of contextual factors such as examination location
and walking surface type in the optimal subset was noteworthy. These
variables may reflect environmental influences on test performance or
serve as proxies for frailty in participant and care settings. Their se-
lection indicated that even simple contextual information can enhance
the prediction accuracy.

Multi-method feature importance analysis further validated these
conclusions. Examination location emerged as the dominant predictor
across multiple methods, with the highest mean importance rank (1.0),
followed by the frailty index (4.2), and short FES-I (4.8). Gait speed,
although ranked sixth overall (mean rank 7.2), remains consistent with
its well-established role as a sensitive marker of the overall health
status of older adults. The hierarchical ordering of feature importance,
with examination location, frailty index, and short FES-I at the top,
mirrored the composition of the optimization-derived optimal subset,
with mobility-related and contextual variables occupying the top po-
sitions. This convergence across different analytical approaches
strengthens confidence in the robustness of our findings and their
clinical relevance. Recent studies have further demonstrated that in-
strumented footwear combined with machine learning models can ef-
fectively predict the fall risk in institutionalized older adults by lever-
aging stride-to-stride gait data, thus providing additional support for
the importance of objective gait assessment in fall risk stratification.””

The observation that the optimal subset achieved equal or better
discrimination than the full clinical set despite containing fewer than
half of the variables has important practical implications. Clinicians can
potentially streamline fall risk assessments by focusing on a core set of
mobility tests supplemented with minimal demographic and frailty
information. This parsimonious approach reduces assessment time,
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minimizes patient burden, and facilitates implementation in resource-
constrained settings. The consistency of the results across different
classifiers and validation schemes strengthens confidence in the ro-
bustness of the selected features.

From a clinical perspective, these findings support a tiered screening
strategy for fall-risk assessment in older adults. In routine rehabilitation
or community screening, basic demographic information and brief
mobility tests may serve as a practical first-line assessment because they
require less time, less patient effort, and fewer questionnaire-based
responses, while still preserving substantial discriminatory value. More
comprehensive clinical scales and questionnaires may then be reserved
for cases in which the initial screen is inconclusive, for patients with
complex functional or psychosocial presentations, or when a broader
multidimensional rehabilitation plan is being formulated. In this way,
the present results suggest that simplified assessments may improve
clinical efficiency without necessarily compromising the ability to
identify individuals at elevated fall risk.

5. Limitations and future work

Several limitations should be acknowledged. The sample size was
modest (N = 163), participants were recruited within one country, and
fall history was based on retrospective self-report, which may limit
generalizability and introduce recall bias. In addition, some clinically
relevant fall-risk factors, including medication use, cognitive status,
visual function, and comorbidity burden, were not available. Although
we included both internal validation and external testing on the
GAIT2CARE dataset, broader validation in more diverse populations is
still needed because both datasets originated from the same healthcare
system. Accordingly, the present results should be interpreted as com-
parative performance estimates rather than clinically deployable pre-
diction models. In addition, contextual variables such as examination
location and walking surface type may partly encode environment- or
site-specific information, so some contextual bias cannot be excluded.
Calibration assessment, decision-curve analysis, and formal threshold
optimization were beyond the scope of this comparative study and
should be prioritized in future external validation work. Nevertheless,
the consistency of results across models and validation settings supports
the robustness of the main comparative findings and the practical value
of simplified mobility-based screening approaches.

6. Conclusion

We presented a comprehensive analysis of fall risk assessment in older
adults using fall risk factors from the publicly available G-STRIDE dataset
(N = 163; mean age 82.6 years; 52.8% fallers). By organizing the variables
into DGI, CSQ, and MTC domains, we examined six feature sets, four
machine learning models, and three validation schemes. By exploring low-
dimensional SVM models and employing an optimization-based feature
selection procedure, we obtained a nuanced view of how different fall risk
factor domains contributed to classification performance. Objective MTC
emerged as the most informative domain (AUC = 0.89, 95% CIL:
0.83-0.94), significantly outperforming demographic features alone
(P < 0.001), and when combined with basic demographic data, they al-
ready provided high discrimination between fallers and nonfallers. CSQ
contributed additional but modest improvements, with overlapping CIs
and no statistically significant incremental gain (P = 0.394). The optimi-
zation-based selection procedure identified a parsimonious subset of seven
variables dominated by mobility measures that matched the discrimina-
tion of the complete clinical pool. A multi-method feature importance
analysis using four complementary approaches (RF, LR, permutation im-
portance, and gradient boosting) consistently identified examination lo-
cation, frailty index, and short FES-I as the dominant predictors. External
validation on the independent GAIT2CARE dataset (N = 127) demon-
strated good generalizability, with DGI plus MTC features achieving an
AUC of 0.802 (95% CI: 0.675-0.907). These findings support the
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development of practical fall risk assessment tools that rely primarily on
objective mobility assessments combined with basic demographic in-
formation and provide a foundation for future work that integrates mul-
tiple intrinsic and extrinsic risk factors and validates the findings on ex-
ternal cohorts.
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