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Abstract

Objective: To compare the performance of the diagnostic model for fall risk based on the short physical performance battery
(SPPB) developed using commercial machine learning software (MLS) and binomial logistic regression analysis (BLRA).

Methods: We enrolled 797 out of 850 outpatients who visited the clinic between March 2016 and November 2021. Patients
were categorized into the development (n= 642) and validation (n= 155) datasets. Age, sex, number of comorbidities, num-
ber of medications, body mass index (BMI), calf circumference (left–right average), handgrip strength (left–right average),
total SPPB score, and history of falls were determined. We defined fall risk by an SPPB score of ≤6 in men and ≤9 in women.
The main metrics used for evaluating the machine learning model and BLRA were the area under the curve (AUC), accuracy,
precision, recall (sensitivity), specificity, and F-measure. The commercial MLS automatically calculates the parameter range
of the highest contribution.

Results: The participants included 797 outpatients (mean age, 76.3 years; interquartile range, 73.0–81.0; 288 men). The
metrics of the current diagnostic model in the commercial MLS were as follows: AUC= 0.78, accuracy= 0.74, precision=
0.46, recall (sensitivity)= 0.81, specificity= 0.71, F-measure= 0.59. The metrics of the current diagnostic model in the
BLRA were as follows: AUC= 0.77, accuracy= 0.75, precision= 0.47, recall (sensitivity)= 0.67, specificity= 0.77, F-meas-
ure= 0.55. The risk factors for falls in older adult outpatients were handgrip strength, female sex, experience of falls,
BMI, and calf circumference in the commercial MLS.

Conclusions: The diagnostic model for fall risk based on SPPB scores constructed using commercial MLS is noninferior to
BLRA.
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Introduction
More than 95% of hip fractures are caused by falls.1 Falls in
the older population are associated with high morbidity and
mortality rates.2 The incidence of falls increases with age,
and in Japan, the annual incidence rate of falls in older
adults is approximately 20%.3

In a Japanese study, a receiver operating curve analysis
revealed that the consumption of five or more drugs is a sig-
nificant risk factor for falls in older patients.4 Although
polypharmacy, as an independent variable, has been
linked to falls in older adults, there appears to be a stronger
link between falls and the type of medications taken (e.g.,
medications known to increase the risk of falls) than
between falls and polypharmacy itself.5 In older adults,
falls mostly occur due to medication and multiple other
causes, such as muscle weakness, age-related decline in
balance, gait stability, and cardiovascular function, acute
illness, mild cognitive impairment, and environmental
changes.3 Therefore, the diagnosis of fall risk in older
adults is difficult due to the multifactorial etiology of
falls.

However, the diagnosis of fall risk is essential in older
adults, especially for healthcare professionals caring for
such individuals.6 Many diagnostic tools for fall risk have
been proposed for hospitalized patients, including the
Morse Fall, STRATIFY, and Hendrich Scales.6

Furthermore, the accuracy of fall risk assessment in older
adults is reportedly comparable between conventional
models based on biomechanical features and models that
adopt machine learning of accelerometer data acquired in
the home environment.7 In a Taiwanese study, researchers
adopted a machine learning approach based on electronic
health records with comprehensive geriatric assessment
(CGA) to develop a fall risk diagnostic model for older
adults.6 The short physical performance battery (SPPB),
which is one of the CGAs, is a performance measure with
clinical utility for fall risk stratification among older
adults.8 SPPB is one of the most commonly used tools
for assessing the strength of the lower extremities in older
adults. It consists of three simple motor tests (tandem
tests, five-timed chair stands, and gait speed measurement)
that provide information on several motor domains, such as
static and dynamic balance, coordination, as well as
strength of the lower limbs.9 SPPB scores of ≤6 are asso-
ciated with a higher fall rate in older adults of both sexes;
moreover, an SPPB score of 7–9 identifies women at a
higher risk of recurrent falls.9 However, a model for exam-
ining predictive factors for falls has not been established
based on SPPB. Fall risk diagnosis using SPPB would
enable effective management of older outpatients.
However, the diagnosis of fall risk is limited by problems,
such as increasing the workloads of healthcare professionals
in terms of data collection and analysis,6 differences among
evaluators, as well as the need for additional equipment.

Furthermore, only a few studies on diagnostic models for
fall risk have focused on outpatients in Japan.10,11

Logistic analysis may be useful for establishing a diag-
nostic model for fall risk based on SPPB scores.
However, although a diagnostic model based on logistic
analysis is relatively easy to use and interpret, there are
some drawbacks.12 First, the usual assumption for logistic
regression analysis is that there is a linear relation
between the independent and dependent variables.12

Second, predictors are usually chosen using backward
selection, which has some problems, such as being unable
to reenter once a variable has been eliminated.12

Meanwhile, machine learning has seen a rise in popularity
in healthcare environments.13 One of the biggest distin-
guishing factors between binomial logistic regression ana-
lysis and machine learning is that the former emphasizes
inference (i.e., infer the process of data generation),
whereas the latter emphasizes prediction.14 In recent
years, machine learning has become more readily available.
Okawa et al. have reported that Prediction One, a commer-
cial machine-learning software, is useful for the establish-
ment of a diagnostic model for cisplatin-induced acute
kidney injury.15 Prediction One can build an ensemble
model consisting of neural networks and gradient-boosting
decision trees using all predictors. Meanwhile, there is deep
learning, which is a multilayered neural network in machine
learning. Furthermore, there are various methods, such as
XGBoost, as a framework for gradient-boosting decision
trees. However, Prediction One cannot select these detailed
methods, although it is easy to use. In the present study, we
employed Prediction One to assess the difference in the
diagnostic performance between user-friendly commercial
machine learning software and statistical methods. The
primary aim of this present study was to compare the pre-
dictive performance of the diagnostic model for fall risk
based on SPPB developed using commercial machine
learning software (Prediction One) and binomial logistic
regression analysis.

Methods

Definition of participants

All patient details were de-identified in this cross-sectional
study. Patients who visited the frailty clinic at the National
Center for Geriatrics and Gerontology between March
2016 and November 2021 were included during their first
visit. Patients lacking data were excluded. To establish a
machine learning-based diagnostic model, the patients
were classified into the development and validation datasets
with no differences between each dataset in clinical charac-
teristics. All participants provided written informed
consent for routine medical care and registration in this
study. This study was approved by the ethics review board
of the National Center for Geriatrics and Gerontology
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(approval no.: 881–13; 2 February 2022). This study
was conducted in accordance with the World Medical
Association Declaration of Helsinki. Furthermore, the
study was conducted in accordance with the Strengthening
the Reporting of Observational Studies in Epidemiology
guidelines.16

SPPB scores for fall risk

SPPB includes tandem score (side-by-side, semi-tandem,
and full tandem balance for up to 10 s each), five-timed
chair stands score (ability and time required to stand five
times as quickly as possible with arms folded across the
chest from a straight-backed chair), and gait speed measure-
ment score (timed 4-m walk at a self-selected pace).17 SPPB
tandem score (range, 0–4), SPPB five-timed chair stands
score (range, 0–4), SPPB gait speed measurement score
(range, 0–4), and total SPPB score (range, 0–12) were
assessed by physical therapists.18 Higher total SPPB
scores indicate better physical performance.18 The SPPB
scores for fall risk were obtained from a previous study9

that revealed an association between SPPB scores of ≤6
and a higher fall rate among older adults of both sexes. In
women, an SPPB score of 7–9 identified those at a higher
risk of recurrent falls. Thus, fall risk was defined by an
SPPB score of ≤6 in men and ≤9 in women.

Measurement and data collection

Data on age, sex, number of comorbidities, medications
taken, body mass index (BMI), calf circumference (left
−right average), handgrip strength (left−right average),
total SPPB score, and history of falls in the past 1 year
were collected at the first visit. We defined fall risk based
on SPPB score= 1, sex (male)= 1, and history of falls
(experience of falls)= 1 in the machine learning and bino-
mial logistic regression analysis. Medications identified as
risk factors for falls were measured in accordance with
the Guidance on Appropriate Medication for Elderly
Patients proposed by Japan’s Ministry of Health, Labor
and Welfare,19 including antihypertensive drugs, sleeping
pills, antianxiety drugs, antidepressant drugs, antiepileptic
drugs, antipsychotic drugs, drugs for Parkinson’s disease,
antihistamines (including H2 receptor antagonists), and
memantine (eTable 1).

Machine learning methods

Machine learning was performed as described previously15

using Prediction One version 3.0.1.3 (Sony Corporation,
Tokyo, Japan). In Prediction One, all predictors were used
to build an ensemble model consisting of neural networks
and gradient-boosting decision trees. Neural networks can
learn representations of both key factors and their interac-
tions from data while gradient-boosting decision trees

support decision-making, similar to a flowchart estimating
the risk of an outcome. Prediction One automatically deter-
mines the hyperparameters of models to improve the
models’ predictive performance using validation datasets.
Moreover, Prediction One can identify the rank of contribu-
tion as a predictive factor based on the analysis of sensitivity
using development data. Prediction One automatically cal-
culates the range of parameters with the highest contribution
using development data, as well as accuracy, precision,
recall (sensitivity), and specificity at the maximum value
of F-measure by using validation data. The main metrics
used for evaluating the machine learning model was the
area under the curve (AUC), accuracy, precision, recall (sen-
sitivity), specificity, and F-measure.

Statistical analyses

Variables were expressed as median with interquartile
range (IQR) or as prevalence for each data set. To determine
the differences between the development and validation
datasets with respect to participants’ characteristics at the
first visit, the Wilcoxon rank-sum test was performed for
continuous variables after checking for nonnormal distribu-
tion using D’Agostino’s K-squared test. Additionally, a chi-
square test was performed to compare categorical variables.
Contributions as a predictive factor in development data
were calculated by binomial logistic regression analysis.
The AUC, accuracy, precision, recall (sensitivity), and spe-
cificity at the maximum value of F-measure in the valid-
ation data (eTable 1) were calculated using regression
coefficients. The above statistical analysis was performed
using BellCurve for Excel (Social Survey Research
Information Co., Ltd, Tokyo, Japan), and statistical signifi-
cance was set at p < 0.05.

Results

Participant enrollment

This study included 797 of the 850 outpatients who visited
the frailty clinic at the National Center for Geriatrics and
Gerontology between March 2016 and November 2021.
Participants were categorized into the development (n=
642) and validation (n= 155) datasets (Figure 1), with a
median age (IQR) of 76.3 (73.0–81.0) years (Figure 1).

Characteristics of participants at the first visit

At the first visit, there were no significant differences
between the development and validation datasets in terms
of age, sex, number of comorbidities, number of medica-
tions, number of medications as risk factors for falls,
BMI, calf circumference, handgrip strength, total SPPB
scores, and experience of fall (Table 1). The top 10 most
common comorbidities are also shown in eTable 2.
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Table 1. Characteristics of participants at the first visit.

Development (n= 642) Validation (n= 155) p-value

Age (years old), median (IQR) 77.0 (73.0–81.0) 77.0 (73.0–81) 0.94*

Sex

Male (n) 238 50 0.26#

Female (n) 404 105

Number of comorbidities, median (IQR) 4.0 (2.0–5.0) 4.0 (2.0–5.0) 0.95*

Number of medications, median (IQR) 5.0 (3.0–7.0) 5.0 (3.0–8.0) 0.80*

Number of medications as risk factors for falls, median (IQR) 1.0 (0.0–2.75) 2.0 (0.5–3.0) 0.29*

BMI (kg/m2), median (IQR) 23.6 (21.3–26.3) 23.5 (21.2–25.6) 0.50*

Calf circumference (cm), median (IQR) 34.3 (31.8–36.5) 33.5 (32.0–35.5) 0.08*

Handgrip strength (kg), median (IQR) 22.8 (18.0–28.6) 22.0 (17.7–26.1) 0.14*

Total SPBB scores, median (IQR) 11.0 (9.0–12.0) 11.0 (9.0–12.0) 0.35*

History of falls

Falls (n) 207 49 0.88#

Nonfalls (n) 435 106

*Wilcoxon rank-sum test (vs validation dataset), #Chi-square test. BMI: body mass index, SPPB: short physical performance battery.

Figure 1. Enrollment of the participants.
SPPB: short physical performance battery.
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Prediction One vs. binomial logistic regression
analysis in the model performance of SPPB scores
for fall risk using validation data

The receiver operating characteristic curve in Prediction
One is shown in Figure 2A. The metrics of the current
diagnostic model in Prediction One were as follows:
AUC= 0.78, accuracy= 0.74, precision= 0.46, recall
(sensitivity)= 0.81, specificity= 0.71, and F-measure=
0.59 (Table 2). Table 3 lists the rank of contribution
as a predictive factor based on SPPB scores for fall
risk. Handgrip strength, sex, history of falls, BMI,
and calf circumference contributed the most to fall
risk based on SPPB scores (Table 3). The receiver oper-
ating characteristic curve in the binomial logistic

regression analysis is shown in Figure 2B. The metrics
of the current diagnostic model in the binomial logistic
regression analysis were as follows: AUC= 0.77, accur-
acy= 0.75, precision= 0.47, recall (sensitivity)= 0.67,
specificity= 0.77, and F-measure= 0.55 (Table 2).
Handgrip strength, sex, history of falls, BMI, and calf cir-
cumference were significantly associated with greater fall
risk based on SPPB scores (Table 3). Table 4 presents the
range of parameters with the highest contribution as a
predictive factor based on SPPB scores for fall risk
related to each parameter in Prediction One. Handgrip
strength (6.75–14.4 kg), female sex, experience of falls,
BMI (27.5–30.0 kg/m2), and calf circumference (21.4–
30.0 cm) were risk factors associated with fall risk
(Table 4).

Table 2. Prediction One versus binomial logistic regression analysis in the model performance of SPPB scores for falls risk using validation
data.

Falls risk (actual
measurements)

AUC Accuracy Precision
Sensitivity
(Recall) Specificity F-measureRisk Nonrisk

Prediction One Falls risk
(diagnostic
model)

Risk 29 34 0.78 0.74 0.46 0.81 0.71 0.59

Nonrisk 7 85

Binomial logistic
regression

Falls risk
(diagnostic
model)

Risk 24 27 0.77 0.75 0.47 0.67 0.77 0.55

Nonrisk 12 92

SPPB: short physical performance battery, AUC: area under the curve.

Figure 2. Model performance for diagnostic model for fall risk based on SPPB scores. Receiver operating characteristic curve of (A)
Prediction One and (B) Binomial logistic regression analysis.
SPPB: short physical performance battery.
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Discussion
The metrics of the current diagnostic model in the binomial
logistic regression analysis were as follows: AUC= 0.77,
accuracy= 0.75, precision= 0.47, recall (sensitivity)=
0.67, specificity= 0.77, and F-measure= 0.55. Meanwhile,
Prediction One showed a similar performance to binomial
logistic regression analysis, with AUC= 0.78, accuracy=
0.74, precision= 0.46, recall (sensitivity)= 0.82, specificity
= 0.71, and F-measure= 0.59. In this study, the precision
of the diagnostic model in Prediction One was low (0.46),
which is expected to result in many false positives.
However, a lower number of false negatives is required to
prevent falls. Moreover, the recall was 0.81, suggesting
that the number of false negatives was low. In a preliminary
study of binomial logistic regression analysis, a recall of 0.81
was found when the F-value was 0.48 (data not shown). This
F-value in the logistic analysis was also similar to the F-value
in machine learning (0.59). These findings suggest that a
diagnostic model for fall risk based on SPPB scores in
Prediction One is noninferior to binomial logistic regression
analysis. In the preliminary study, in the binary logistic
regression analysis, the AUC (0.78) in the development
dataset was similar to that in the validation dataset (data
not shown). Meanwhile, in Prediction One, the AUC
(0.93) in the development dataset was higher than that in
the validation dataset (data not shown). Therefore, although
the diagnostic model based on Prediction One tends to
overfit, there is a possibility that the performance of the diag-
nostic model will improve when the sample size is increased.
In the future, studies with more participants are required to
achieve better precision in Prediction One.

In the present study, we established a fall risk diagnostic
model based on the SPPB score according to a previous
study.9 In that study, the mean age of participants was
75.1 years for men and 75.8 years for women; however,
in the current study, the mean age was 77 years. The
mean age of participants in the present study is consistentTa
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Table 4. The parameter of highest contribution as a diagnostic
model for fall risk based on SPPB scores using Prediction One in
the development data.

Characteristics Parameter

Handgrip strength (kg) 6.75–14.4

Sex Female

History of falls Experience of falls

BMI (kg/m2) 27.5–30.0

Calf circumference (cm) 21.4–30.0

SPPB: short physical performance battery; BMI: body mass index.
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with that in the previous study,9 and the setting of a cut-off
value for fall risk based on the SPPB score is reasonable.
Meanwhile, the cut-off value for fall risk based on
the SPPB score was an index of recurrent falls. In the
present study, the number of participants who had multiple
experiences of falls was small, making it difficult to build a
predictive model focusing on recurrent falls. Therefore, we
aimed to build a model that could identify patients poten-
tially at risk of recurrent falls and promote vigilance.
Further studies with a larger sample size are required to
establish a fall risk diagnostic model based on the SPPB
score focusing on recurrent falls.

Toba et al. reported on the Fall Risk Index (FRI), which
is a self-administered questionnaire comprising 22 ques-
tions with yes/no responses and a question on the number
of falls over the past 12 months.10,11 The Instrumental
Activities of Daily Living Scale (IADL) score, Activities
of Daily Living (ADL), age, and systolic pressure are
important factors that must be assessed by a diagnostic
model developed using machine learning for falls.6 It may
be difficult for participants with cognitive dysfunction to
self-assess the FRI, ADL, and IADL scores using question-
naires.11,20,21 Therefore, objective diagnostic systems for
fall risk are required to prevent the occurrence of falls.
The SPPB has been used extensively to assess the physical
and functional health of community-dwelling older
adults.22 Poor performance on the SPPB is associated
with adverse health outcomes, such as nursing home place-
ment, increased need for caregiver support, functional
decline, and mortality.22 A Taiwanese study revealed that
electronic health records with CGA were useful for the con-
struction of a diagnostic model for fall risk using machine
learning.6 However, it is often difficult to implement elec-
tronic health records and CGA with the SPPB in the diag-
nosis of fall risk in older adult outpatients. Thus, we
aimed to establish a simple diagnostic model for SPPB to
prevent falls based on a previous study,9 with simple
factors, such as sex, age, and handgrip strength. Our diag-
nostic model in Prediction One indicated that handgrip
strength (6.75–14.4 kg), female sex, experience of falls,
BMI (27.5–30.0 kg/m2), and calf circumference (21.4–
30.0 cm) were risk factors for falls based on SPPB scores,
which were consistent with the results of binomial logistic
regression analysis. Furthermore, these findings are also
mostly in line with those of previous studies, which
revealed handgrip strength, female sex, experience of
falls, and BMI as predictors of falls.23–25 Sarcopenia is posi-
tively correlated with falls.25 In a Japanese study of 526 par-
ticipants, calf circumference was positively correlated with
appendicular skeletal muscle mass and skeletal muscle
index and was associated with the diagnosis of sarcope-
nia.26 Therefore, these factors may be useful for the
simple and objective prevention of falls in medical institu-
tions, such as community pharmacies, and even outside of
hospitals. Further studies are required to determine if

these risk factors are useful for predicting falls, with a
focus on participants with cognitive dysfunction.

The contribution of the number of medications as a risk
factor for falls was low in each diagnostic model. One
reason for this may be changes in the prescription tendency.
The prescription of benzodiazepine receptor agonists, ben-
zodiazepines, and nonbenzodiazepines, which are risk
factors for falls, has decreased in patients aged ≥75 years
in Japan.27 The use of potentially inappropriate medica-
tions, as defined by the 2003 Beers criteria, decreased
between 1988 and 2010.28 Therefore, due to the decreased
tendency in prescription, the number of medications as a
risk factor for falls was associated with a low contribution
in this diagnostic model. Further investigation is required
to validate whether drugs other than those previously
reported to be associated with a fall risk are truly involved
in falls because orexin receptor antagonists (which tend to
be replaced by benzodiazepines) are associated with the
same level of fall risk as nonbenzodiazepines.29

Previous research has proposed a fall risk diagnostic
model using logistic regression analysis. Although their
target patients and study plans were not consistent with
our study, the AUCs of a fall risk diagnostic model based
on logistic regression analysis using factors, including
handgrip strength, were reported to be 0.7930 and 0.71.31

It may be noninferior to previous models that also diagnos-
tic models for fall risk because the AUC of the machine
learning model in our study was 0.78. Meanwhile, the limi-
tation of our study is that we did not build a model that dir-
ectly predicted falls. The AUC of the diagnostic model for
fall risk based on SPPB scores using binomial logistic
regression analysis was found to be between 0.6 and
0.7.32–34 Therefore, it is necessary to construct a model
that directly predicts falls. Prediction One has a function
of time-series forecasting, and participants in the present
study are being followed long-term. The World Health
Organization (WHO) has categorized fall risk into four
dimensions: biological (such as physical decline), behav-
ioral (such as multiple medication use), environmental
(such as slippery floors and stairs), and socioeconomic
(such as lack of community resources) factors.35 Based
on these four dimensions, WHO also recommends the fol-
lowing for a comprehensive assessment of fall risk:
history of falls; gait, balance, mobility, and muscle weak-
ness; osteoporosis risk; fear of falling, vision impairment,
cognitive impairment, and neurological examination;
urinary incontinence; home hazards; cardiovascular exam-
ination; and medication review.36 In the present study, the
fall diagnostic model focused on some of the biological
factors among these four dimensions. Therefore, we plan
to develop this research and conduct further studies on
building a model that predicts future falls, focusing on
other dimensions, using Prediction One.

Furthermore, in the dataset used in this study, we were
only able to ascertain a history of falls in the past 1 year.
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Therefore, the cut-off for SPPB scores was based on a pre-
vious report on recurrent falls,9 with no clarity on the first
fall. Further studies are required to establish a diagnostic
model based on the history of falls. Although systolic pres-
sure has been reported to be a useful predictor of falls,6 it
was difficult to examine as a factor because resting blood
pressure was not measured in our study.18 Thus, further
investigations involving the measurement of resting blood
pressure are necessary.18 The diagnostic criteria for sarco-
penia,37 which is positively correlated with falls,25

include sex-based reference values for handgrip strength
(male: 28 kg, female: 18 kg) and calf circumference
(male: 34 cm, female: 33 cm). In a preliminary machine
learning study, we observed no differences in predictive
performance parameters, such as AUC and recall, when
adding risk factors based on sex-specific sarcopenia
cut-off values for handgrip strength and calf circumference
(data not shown). It was difficult to predict falls for men and
women separately due to the small sample sizes. Further
studies involving larger sample sizes are required to estab-
lish a sex-based diagnostic model for falls.

Conclusions
The diagnostic model for fall risk based on SPPB scores
constructed using commercial machine learning software
is noninferior to binomial logistic regression analysis. We
plan to conduct further studies on building a model that pre-
dicts future falls using this software.
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