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Introduction
Fall is defined as an accident where subjects come into 
contact with the ground, floor, or a lower level [1], pos-
ing a significant threat to life and health of the aged. The 
primary injuries resulting from falls include brain contu-
sions, dural hematomas, joint dislocations, and tears [2, 
3]. Additionally, 5-10% of falls result in major injuries 
such as fractures or traumatic brain injuries. Falls among 
the elderly have become a global public health issue, with 
over one-third of elderly individuals experiencing falls 
annually worldwide [4]. In China, the incidence of falls 
among individuals over 80 years old is as high as 27.3%, 
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Abstract
Introduction Early screening and identification are crucial for fall prevention, and developing a new method to 
predict fall risk in the elderly can address the current lack of objectivity in assessment tools.

Methods A total of 132 elderly individuals over 80 years old residing in some nursing homes in Shanghai were 
selected using a convenient sampling method. Fall history information was collected, and gait data during a 10-meter 
walk were recorded. Logistic regression was employed to establish the prediction model, and a nomogram was used 
to assess the importance of the indicators. The Bootstrap method was utilized for internal validation of the model, 
while the verification set was used for external validation. The predictive performance of the model was evaluated 
using the area under the ROC curve, calibration curve, and decision curve analysis (DCA) to assess clinical benefits.

Results The incidence of falls in the sample population was 36.4%. The Tinetti Gait and Balance Test (TGBT) score 
(OR = 0.832, 95% CI: 0.734,0.944), stride length (OR = 0.007, 95% CI: 0.000,0.104), difference in standing time (OR = 0.001, 
95% CI: 0.000,0.742), and mean stride time (OR = 0.992, 95% CI:0.984,1.000) were identified as significant factors. The 
area under the ROC curve was 0.878 (95% CI: 0.805, 0.952), with a sensitivity of 0.935 and specificity of 0.726. The Brier 
score was 0.135, and the Hosmer-Lemeshow test (χ2 = 10.650, P = 0.222) indicated a good fit and calibration of the 
model.

Conclusion The TGBT score, stride length, difference in standing time, and stride time are all protective factors 
associated with fall risk among the elderly. The developed risk prediction model demonstrates good discrimination 
and calibration, providing valuable insights for early screening and intervention in fall risk among older adults.
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with 22.49% of them requiring hospitalization for further 
treatment and 0.92% succumbing to their injuries, plac-
ing a substantial burden on families and society [5, 6].

As individuals aging, there are changes in muscle func-
tion, balance ability, proprioception, and vestibular stabil-
ity of the lower limbs [7]. The walking mobility decreases 
with age, consequently increasing the risk of falling. To 
predict fall risk, scholars have developed various assess-
ment scales, including the Morse Fall Risk Assessment 
Scale (MFS), the Berg Balance Scale, the Fall Risk Assess-
ment Scale for the Elderly, and other subjective or semi-
subjective rating tools [8, 9]. Gait impairment has been 
identified as a significant risk factor for falls [10]. Gait 
analysis can be used to predict the likelihood of falls [11], 
and examining gait from the perspective of kinematics 
provides a quantitative and objective assessment of fall 
risk factors [12, 13].

Current research on gait assessment employs semi-
quantitative methods, such as the Tinetti Gait and Bal-
ance Test (TGBT) and the Timed Up and Go test (TUG), 
as well as quantitative parameters, such as 3  m walking 
speed. The assessment tools mentioned above possess a 
certain degree of reliability and validity, but they do have 
some limitations. On the one hand, its results are greatly 
influenced by the subjective factors of the researcher, and 
on the other hand, the simple quantitative parameters 
are difficult to comprehensively and accurately reflect 
the dynamic walking status of the subjects and are not 
sensitive enough for the elderly. Studies have also dem-
onstrated that action mode adopted when walking could 
influence fall incidents in the elderly [14], and meta-
analyses have indicated that interventions targeting gait 
characteristics can reduce fall rates [15]. Studies utilizing 
three-dimensional motion capture systems have revealed 
that as walking speed increases, gait variability in the 
sagittal and horizontal planes of the lower limbs in the 
elderly also increases, leading to decreased stability [16]. 
Analysis using the Ariel performance analysis system 
(APAS)sports video analysis system has demonstrated 
that the moving speed of the hip joint across the leg and 
the acceleration of the ankle joint of the swinging leg are 
significantly reduced during obstacle crossing, thereby 
elevating the risk of falling [17].

The onset of falls is typically sudden, and these age-
related declines in musculoskeletal and neuromuscu-
lar function are not always detectable through clinical 
assessments due to their subclinical nature and the limi-
tations of assessment tools [18]. Identifying individuals 
at higher risk of falling before an injurious fall occurs 
is critical to fall prevention, particularly in seemingly 
asymptomatic populations such as older adults living in 
the community or nursing homes. Previous studies have 
primarily diagnosed falls in problematic populations, 
such as postoperative, hospitalized, and demented older 

adults. However, predicting falls is crucial at every stage 
of the ‘no fall - fall - fall prognosis’ process. Early detec-
tion and intervention before a fall occurs can significantly 
reduce the incidence of falls, improve life safety, and even 
lower mortality.

According to the literature review, Early screening and 
identification are crucial for fall prevention, and develop-
ing a new method to predict fall risk in the elderly can 
address the current lack of objectivity in assessment 
tools. Previous studies have effectively evaluated fall 
risk in the elderly by assessing their static and dynamic 
balance abilities and muscle strength. However, rely-
ing solely on these indicators may not accurately reflect 
the actual condition of the elderly [14]. The gait instabil-
ity during walking has more reference significance [19], 
and abnormal gait patterns, such as stride variability [20], 
pace [21], and gait [22], have been shown to be indica-
tive of fall risk. In order to further study the effects of 
gait changes, we hope to quantitatively characterize the 
gait features by means of more accurate instrumentation, 
which relies on the extraction of temporal and spatial gait 
parameters in the walking cycle, including step length, 
step length, step frequency, step speed, etc. and quantita-
tively analyzes the cadence, temporal phase, asymmetry, 
variability, posture, etc., in the gait features, based on the 
characteristics reflected by the various parameters. This 
may require a new type of objective assessment tool.

Consequently,, it is crucial to establish a specific fall 
prediction model based on daily walking activities to 
identify elderly individuals at high risk of falling and 
implement appropriate preventative treatment strategies. 
This study collects gait data and fall history information 
from the elderly population and employs the Logistic 
regression method to develop a risk prediction model, 
thereby facilitating early identification and prevention of 
falls among the elderly.

Research objects and methods
Subject recruitment
A total of 132 elderly individuals aged over 80 years were 
recruited from Shanghai Yinkang Nursing Home, Shang-
hai Xinqiao Service Center for the Aged, and Zhong-
fuhui Nursing Home in Qingpu District of Shanghai. This 
study was conducted in August 2023 for completion. The 
recruitment process involved administering the Mon-
treal Cognitive Assessment Test (MOCA), Activity of 
Daily Living Scale (ADL), ACSM’s Guidelines for Exer-
cise Testing and Prescription, and collecting basic infor-
mation. The participants were randomly divided into a 
modeling group and a verification group in a 7:3 ratio. 
The modeling group consisted of 93 individuals (31 falls), 
while the verification group included 39 individuals (17 
falls). There was no significant difference in the incidence 
of falls between the modeling and verification groups 
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(χ2 = 1.249, P > 0.05). All participants provided informed 
consent.

Inclusion criteria

1 Age ≥ 80 years old and in good health;
2 Normal cognitive function and ability for daily living 

(ADL scale score < 26);
3 No contraindication to exercise based on ACSM’s 

Guidelines for Exercise Testing and Prescription, no 
regular physical exercise, and capable of completing 
walking activities under exercise monitoring;

4 No bad habits such as drinking or smoking 
excessively, and no major organic diseases;

5 Normal binocular vision or corrected vision, 
conscious, able to communicate, and understand 
experimenters’ instructions;

6 Signed informed consent form.

Exclusion criteria

1 Severe cardiovascular diseases;
2 Severe myopathy, lumbar dysfunction or injury, 

severe osteoporosis, or other diseases unsuitable for 
prolonged standing;

3 Undergoing invasive treatment within the past 6 
weeks or planned for such treatment within the next 
10 weeks;

4 Severe cognitive impairment, mental illness or other 
neurodegenerative diseases;

5 Long-term or recent use of psychotropic drugs, 
drugs affecting physical activity, cholinesterase 
inhibitors, or other relevant medications.

Test Flow
The tests were conducted at Shanghai Yinkang Nurs-
ing Home, Shanghai Xinqiao Service Center for the 
Aged, and Zhongfuhui Nursing Home in Qingpu Dis-
trict, Shanghai. During the testing period, the subjects 
remained indoors within the nursing homes and received 

care from professional caregivers. The tests, including 
questionnaire surveys, gait information collection, and 
lower limb muscle strength evaluation, were conducted 
between 2:00 pm and 5:00 pm. Refer to Fig.  1 for the 
detailed test flow.

Questionnaire survey

1 ACSM’s Guidelines for Exercise Testing and 
Prescription: The ACSM questionnaire encompasses 
9 medical histories such as one-time heart attack 
and heart surgery, 9 symptoms including chest 
discomfort during exertion, dyspnea with unknown 
reasons, and 7 other health problems such as 
diabetes, asthma, or other lung diseases. This tool, 
jointly developed by the American College of Sports 
Medicine and the American Heart Association, 
serves to assess individuals’ disease or health risks 
before undergoing exercise tests [23].

2 Montreal Cognitive Assessment (MoCA): MoCA 
encompasses eight specific cognitive function 
evaluations, yielding a total score of 30 points. A 
higher score indicates superior overall cognitive 
function. The scale exhibits a sensitivity and 
specificity of 92.4% and 88.4%, respectively, in 
evaluating the overall cognitive function of the 
elderly, with a Cronbach’s α coefficient of 0.933 [24].

3 Activities of Daily Living Scale (ADL): ADL evaluates 
the tester’s daily living abilities and comprises 14 
items categorized into 2 dimensions (IADL and 
BADL). Scores range from 1 to 4, with higher scores 
indicating greater difficulty in mobility for the 
elderly. A higher total score reflects worse daily living 
abilities among the elderly. The α coefficients for 
the 14 items in the questionnaire are 0.93, IADL (8 
items) exhibit a Cronbach’s α of 0.94, and BADL (6 
items) demonstrate a Cronbach’s α of 0.85. All scale 
and subscale items exhibit α coefficients exceeding 
0.80, indicating robust internal consistency [25].

4 International Physical Activity Questionnaire-
Chinese Version (IPAQ): This questionnaire 
investigates the physical activities of elderly 

Fig. 1 Test flow
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individuals in nursing homes over the past week, 
encompassing daily work and life, transportation, 
physical exercise, and leisure activities. By assigning 
intensity levels to physical activities, the data analysis 
and guidelines categorize physical activity intensity 
into low, medium, and high levels. Higher scores 
indicate higher physical activity levels. IPAQ is an 
internationally accepted and effective adult physical 
activity level measurement questionnaire, exhibiting 
a Cronbach’s α of 0.90 [26].

5 The Tinetti Gait and Balance Test (TGBT): TGBT 
primarily predicts the fall risk of the elderly by 
evaluating their balance ability and gait. The scale 
comprises 16 tests, including sitting balance, 
standing balance, and standing with eyes closed, of 
which 9 are balance tests with a maximum score of 
16, and 7 are gait tests with a maximum score of 12. 
The internal consistency Cronbach’s α of the Tinetti 
total scale is 0.887, while the balance and gait tests 
exhibit Cronbach’s α coefficients of 0.872 and 0.718, 
respectively [13].

Testing

1 Evaluation of Lower Limb Muscle Strength: Five 
Times Sit to Stand Test (FTST). The subjects were 
instructed to perform five consecutive sit-to-stand 
movements, and the time taken to complete the 
action was recorded by the researchers. The test 
was conducted three times, and the average of the 
three tests was considered the final score. During 
the test, the subjects sat on a chair with a height of 
approximately 42 cm, crossed their hands on the 
abdomen, maintained an upright posture with the 
abdomen tucked in and the back close to the chair, 
and positioned their feet shoulder-width apart. The 
subjects were required to fully straighten their knees 
when standing up.

2 Gait Feature Collection: The gait analysis was 
conducted using the whole-body motion capture 
and three-dimensional gait analysis system provided 
by Shanghai Nuocheng Electric Co., Ltd. The 
research subjects wore wearable devices equipped 
with motion sensors, which transmitted gait 
information to a computer for analysis. During the 
test, the subjects were instructed to maintain their 
normal walking speed and posture for a 10-meter 
walking test. Data collection started after the second 
step, and it was completed before the subjects 
stopped walking, minimizing data errors caused by 
acceleration during the start and stop phases. Gait 
test data included total steps, stride uniformity, left-
right uniformity, stride time, standing time, swinging 

time, stride length, stride frequency, stride speed, 
and stride width. Two researchers were involved in 
the process, with one responsible for timing records 
and the other ensuring the safety of the elderly 
subjects by following them from the right rear side.

Collection and assessment of information on falls
During the baseline falls history survey, falls were evalu-
ated through face-to-face interviews. The test subjects 
were interviewed about any falls they experienced in the 
past year, and the patients underwent detailed standard-
ized interviews. Each subject was contacted by a trained 
interviewer or caregiver. The survey aimed to record falls, 
including the location and impact on the subjects’ health 
and healthcare system. It also collected data on soft tissue 
injuries, fractures, and head trauma, as well as patients’ 
use of general practitioners and emergency services, and 
the need for further surgery or hospitalization after a fall. 
For this study, a history of falls was defined as experienc-
ing at least one fall within the past year during the base-
line survey. Additionally, at least one fall within the past 
year was used as a regression outcome in the follow-up 
survey.

Statistical methods
SPSS 24.0 software was used for random grouping, and 
data distribution was assessed using frequency histo-
grams. Normally distributed or approximately normally 
distributed measurement data were described using 
mean and standard deviation (x ± SD), and the indepen-
dent sample t-tests were used for group comparisons. 
Measurement data with a significantly skewed distribu-
tion were described using median (Interquartile Range) 
[M (P25, P75)], and Mann-Whitney U nonparametric 
tests were used for group comparisons. Counting data 
were presented as n (%) and compared between groups 
using the χ2 test.

Data analysis was performed using R 4.2.1 software. 
This study utilizes the gait asymmetry index for calcula-
tions, defined by the formula: (left foot swing phase dura-
tion - right foot swing phase duration) / (left foot swing 
phase duration + right foot swing phase duration). All 
data were standardised prior to regression analysis. The 
severity of multicollinearity in the model was quanti-
fied using the eigenroot value method. Variables with 
maximum variance explained ratios greater than 40% 
and any variables with root eigenvalues less than 0.01 
were excluded. We also used gender, height, and weight 
as control variables. Binary logistic stepwise regres-
sion analysis was used to establish prediction models, 
and nomograms were created. Internal model validation 
was conducted using bootstrap resampling (1000 times), 
while the validation group data were used for external 
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validation. The discrimination and consistency of the 
model were assessed using Receiver Operating Char-
acteristic (ROC) curves and calibration curves. Model 
calibration was evaluated using the calibration curve and 
Brier score (less than 0.25 indicates appropriate calibra-
tion). The goodness of fit of the model was tested using 
the Hosmer-Lemeshow test, with P > 0.05 indicating a 
good fit, and Decision Curve Analysis (DCA) was per-
formed to evaluate the clinical benefit.

Results
Baseline characteristics
The subjects were randomly grouped into three groups. 
Among them, 48 (36.4%) had a history of falling, with 
31 (33.3%) in the modeling group and 17 (43.6%) in the 
verification group. After random grouping, there were 
no significant differences in all indexes between the two 
groups (P > 0.05) (Table 1).

Evaluation of test efficiency of the elderly fall risk 
prediction model
In the modeling group, the area under the ROC curve 
was 0.878 (95% CI: 0.805, 0.952), with a Youden index of 
0.661, sensitivity of 0.935, and specificity of 0.726, indi-
cating high discrimination of the model. In the validation 
group, the area under the ROC curve was 0.845 (95% CI: 
0.707, 0.983), with a Youden index of 0.661, sensitivity of 
0.706, and specificity of 0.955, indicating high discrimi-
nation of the validation model (Fig. 2).

Internal verification using the bootstrap method with 
1000 resamples in the modeling group showed that the 
predicted fall risk by the model was consistent with the 
actual situation, with a Brier score of 0.135. External 
verification using 39 cases in the validation group dem-
onstrated good calibration of the model in predicting 
fall risk, and the predicted risks are in good agreement 
with the actual situation. with a Brier score of 0.148. The 
Hosmer-Lemeshow test revealed a good fit of the predic-
tion model, with P-values of 0.222 in the modeling group 

Table 1 Comparison of differences between modeling group and verification group
Item Modeling group(N = 93) Verification group(N = 39) Difference test
Gender Man 30(32.3%) 11(28.2%) χ2 = 0.211, P = 0.646(0.381,1.982)

Woman 63(67.7%) 28(71.8%)
Age(years) 86.430 ± 6.19 87.670 ± 6.437 t=-1.005, P = 0.317(-3.595,1.173)
Height(cm) 159.04 ± 7.361 158.05 ± 8.157 t = 0.678, P = 0.499(-1.899,3.879)
Weight(kg) 58.02 ± 9.806 61.34 ± 12.465 t=-1.625, P = 0.107(-7.364,0.722)
Years of education (years) 12.747 ± 3.447 12.238 ± 3.963 t = 0.714, P = 0.477(-0.876,1.866)
History of falls Yes 31(33.33%) 17(43.6%) χ2 = 1.249, P = 0.264(0.761,3.556)

No 62(66.7%) 22(56.4%)
Muscle strength of lower limbs(s) 17.573 ± 8.610 18.301 ± 7.299 t=-0.601, P = 0.549(-4.434,2.807)
Physical activity level(MET-min/week) 1462.025 ± 1054.783 1696.594 ± 1482.899 t=-1.204, P = 0.231(-730.606,177.651)
ADL(score) 16.00(14.38,16.92) 15.60(14.0,17.00) Z=-0.742, P = 0.458(-0.897,1.321)
MOCA(score) 20.779 ± 4.204 21.791 ± 4.381 t=-1.125, P = 0.262(-2.542,0.699)
Gait TGBT(score) 20.667 ± 4.992 20.870 ± 4.703 t=-0.445, P = 0.657(-2.286,1.416)

Left-right uniformity -2.034 ± 8.427 -0.818 ± 8.277 t=-0.393, P = 0.695(-3.827,2.559)
Total steps 15.00(12.25,19.00) 16.00(13.00,20.00) Z=-0.490, P = 0.624(-1.825,2.108)
Stride length(m) 1.036 ± 0.319 1.021 ± 0.270 t = 0.038, P = 0.973(-0.114,0.118)
Stride time(ms) 1178.923 ± 191.476 1225.636 ± 227.557 t=-0.974, P = 0.332(-115.245,39.226)
Stride frequency (step/minute) 105.102 ± 13.185 102.269 ± 15.808 t = 0.727, P = 0.469(-3.376,7.299)
Pace(m/s) 0.881 ± 0.289 0.873 ± 0.310 t=-0.100, P = 0.920(-0.118,0.107)
Step width(m) -0.102 ± 0.153 -0.095 ± 0.161 t=-0.163, P = 0.871(-0.064,0.054)
Supporting phase 0.608 ± 0.040 0.619 ± 0.049 t=-1.077, P = 0.284(-0.025,0.008)
Swing phase 0.389 ± 0.033 0.381 ± 0.049 t = 0.915, P = 0.362(-0.008, 0.021)
Stride average 9.130 ± 4.073 10.521 ± 6.375 t=-0.889, P = 0.376(-2.694,1.024)
Stride difference -0.188 ± 0.300 0.029 ± 0.343 t=-0.812, P = 0.418(-0.168,0.070)
Mean standing time (ms) 718.960 ± 133.527 765.446 ± 220.192 t=-1.194, P = 0.235(-100.112,24.758)
Standing time difference -0.193 ± 0.109 -0.028 ± 0.116 t = 0.697, P = 0.487(-0.027,0.057)
Mean swing time (ms) 446.450 ± 52.246 450.252 ± 58.774 t=-0.164, P = 0.870(-22.345,18.925)
Swing time difference 0.014 ± 0.092 0.014 ± 0.091 t=-0.369, P = 0.713(-0.041,0.028)
Step average (m) 0.515 ± 0.149 0.519 ± 0.130 t=-0.328, P = 0.744(-0.064,0.046)
Step size difference -0.385 ± 0.183 -0.013 ± 0.222 t=-0.731, P = 0.466(-0.102,0.047)
Time average of step size (ms) 590.008 ± 83.432 617.175 ± 145.919 t=-1.025, P = 0.307(-61.142,19.411)
Step time difference -0.008 ± 0.088 0.008 ± 0.118 t=-0.854, P = 0.395(-0.053,0.021)
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(χ2 = 10.650), and 0.398 in the validation group (χ2 = 8.371) 
(Fig. 3).

Binary logistic regression analysis of elderly falls
An exploratory factor analysis based on gender, height 
and weight, and gait characteristics of older adults was 
performed using the root eigenvalue test. The variance 
explained by the first factor was 26.858%, which was 
less than the critical value of 40%, while the root eigen-
value of the smallest factor component was > 0.01, so the 
effect of multicollinearity was within acceptable limits. 
Binary logistic analyses were conducted using the history 
of falls in the past year (July 2022 to July 2023) of older 
adults as the dependent variable, categorizing the occur-
rence of falls into “yes” and “no” responses, and gait data 
as the independent variable. The results demonstrate 
that TGBT (OR = 0.832), Stride Length (OR = 0.007), 

Standing Time Difference (OR = 0.001), and Stride Time 
Mean (OR = 0.992) have a negative impact on the likeli-
hood of falls. Specifically, an increase of one unit in these 
variables corresponds to a reduction in fall risk by fac-
tors of 0.832, 0.007, 0.001, and 0.992, respectively. The 
results indicated that TGBT (score), stride length (m), 
and standing time difference are protective factors that 
significantly reduce fall risk among the elderly. (Table 2).

Construction of the elderly fall risk prediction model
Based on the logistic regression model: 
log(1 − P(Y = 1)/P(Y = 1) ) = 12.334 − 0.184*TGBT-4.932* 
stride length(m)-7.056* standing time difference (ms) 
-0.008* stride length time mean (ms), a nomogram for 
predicting falls in the elderly was developed using the 
above protective factors (Fig.  4). Each predictor is pro-
jected upwards to an exact point and the sum of all points 

Fig. 3 Calibration curve of fall risk model for the elderly

 

Fig. 2 Area under ROC curve of fall risk model for the elderly
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in the nomogram model is transformed and converted 
into an individual’s risk of falling, further determining the 
patient’s level of fall risk.

Clinical benefit analysis of the elderly fall risk prediction 
model
The results indicated that the model provided high clini-
cal benefit for elderly individuals at risk of falling when 
the threshold was set at a large range (modeling group: 
18% ~ 92%; verification group: 0% ~ 80%). This suggests 
significant clinical significance of the model (Fig. 5).

Discussion
This study provides evidence that gait data is a superior 
predictor of fall risk compared to the scale, which is con-
sistent with previous research findings [12, 27, 28]. Falls 
in the elderly are typically caused by multiple factors, and 
subtle changes in gait can significantly increase the risk of 
falling. However, the subjective evaluation of movement 
and balance provided by the Tinetti scale fails to capture 
these gait changes and lacks objective data support [29, 
30].

Our research highlights the importance of stride length 
and stride time in predicting falls among the elderly. 
Smaller strides and shorter stride times are associ-
ated with a higher risk of falling [31–33]. Research has 

Table 2 Multi-factor analysis of the fall risk of the elderly
Explanatory Term β Standard Error Waldχ2 P OR 95% CI
Constant 12.334 3.700 11.112 0.001
TGBT(score) -0.184 0.064 8.207 0.004 0.832 (0.734,0.944)
Stride length(m) -4.932 1.363 13.099 < 0.001 0.007 (0.000.0.104)
Standing time difference(ms) -7.056 3.448 4.188 0.041 0.001 (0.000,0.742)
stride time mean(ms) -0.008 0.004 3.726 0.054 0.992 (0.984,1.000)

Fig. 5 The decision curve analysis of the fall risk prediction model for the 
elderly

 

Fig. 4 The nomogram of the fall risk prediction model for the elderly
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demonstrated that advancing age is associated with a 
decline in the regulatory capacity of both the central and 
peripheral nervous systems [34, 35], asymmetric input 
of proprioception information [36, 37], reduced muscle 
strength, osteoporosis, and unstable gait, all of which 
collectively contribute to alterations in stride length and 
stride time among the elderly [32, 38–41]. This research 
suggests that targeting joint force, moment, and muscle 
activation patterns as specific intervention goals may 
help modify gait and reduce the risk of falling. Previ-
ous studies have also shown that the fall group exhibits 
higher stride variation coefficients compared to the con-
trol group [37, 42]. Additionally, individuals at high risk 
of falling demonstrate increased variability in stride-
trunk during daily walking, leading to a higher fall rate 
[12, 31]. Fallers also exhibit greater time variability in step 
size compared to non-fallers [43]. These findings high-
light the importance of monitoring stride and stride time 
for medical staff or guardians in daily life, as decreases in 
these parameters may indicate early signs of falling.

Furthermore, our study reveals that a smaller asym-
metry index of standing time is associated with a higher 
risk of falling. Specifically, a shorter standing time of the 
left foot is correlated with an increased risk of falling. 
This observation may be attributed to the prevalence of 
right-handedness in the middle-aged and elderly popula-
tion. As muscle strength decreases with age, it may affect 
dominant lower limb standing phase and the stability 
of standing posture [30]. Throughout the walking cycle, 
the stance phase accounted for an average of 63% of the 
entire gait cycle, while the two double-limbed weight-
bearing phases combined accounted for 26% of the full 
cycle. During the stance phase, the ground-following 
phase was shortened mainly due to the decreased regres-
sive contractility of the tibialis anterior muscle. Addition-
ally, the function of the calf triceps and platysma muscles 
declined, resulting in a significant lengthening of the 
mid-stance phase and a shortening of the acceleration 
phase. Due to aging, the lower limb muscles experience 
functional decline, resulting in shorter step length, lower 
foot lift, and poor joint stability, leading to imbalance 
issues in the elderly while walking [44]. There is also an 
effect of the overall steering strategy between the head 
and trunk, as well as between the head and pelvis, when 
controlling balance [45, 46].

Moreover, Motor performance, including balance and 
gait, is a complex process that requires the integration 
of sensory-motor and cognitive systems. Short standing 
times also involve cognitive processes, as individuals need 
to make quick and accurate decisions using executive 
function when encountering uneven ground, obstacles, 
or stairs [27]. In older adults, slowed cognitive processing 
can lead to compensation for damage to the sensorimo-
tor system and impaired motor planning. Responses to 

maintaining balance in challenging environments may be 
associated with an increased risk of falls [47]. Research 
has demonstrated a strong correlation between impaired 
cognitive function and fall risk assessment, specifically 
the 10-meter walk test (10-MWT), which includes tem-
poral orientation, attention/concentration, and verbal/
visuospatial structure [48]. This association may also 
explain why individuals with dementia are at a higher 
risk for falls. However, it is important to note that the 
test population in this experiment was exclusively com-
prised of individuals over the age of 80. As cognitive 
decline is known to occur with increasing age, it is crucial 
to emphasize the potential effects of falls resulting from 
cognitive decline. Impaired cognitive function is strongly 
associated with decreased ability to make decisions, solve 
problems, and perform motor tasks, all of which may 
increase asymmetry index of standing time.

Finally, while the cost of implementing our model may 
be slightly higher than that of traditional clinical assess-
ments, the use of wearable sensors can provide more 
objective and accurate data for fall risk prediction [49]. 
The collection of objective data is facilitated by the use 
of wearable devices. During our testing process, we were 
able to calibrate the sensor system and provide a predic-
tion report in just 5 to 10 min. During gait analysis, it is 
possible to provide more objective data instead of rely-
ing solely on walking speed to assess falls. Furthermore, 
wearable exercise systems have the potential to be uti-
lized in clinical practice and research due to their porta-
bility and user-friendliness.

It is important to acknowledge the limitations of this 
study. This study aims to construct a predictive model 
for assessing the fall risk among the elderly based on gait 
analysis and evaluate the effectiveness of the model in 
predicting fall risk. However, the results are limited and 
may require validation in other age groups in future stud-
ies. The study included elderly nursing home residents, a 
unique population that may pose challenges to general-
izing the findings. The use of fall history as the predicted 
variable and gait data as the predictor variable creates the 
inconsistency over time, as falls occur before the develop-
ment of the gait analysis-based prediction model. Future 
research should consider conducting cohort studies to 
further validate the association between gait parameters 
and fall risk, thereby improving the efficiency of fall risk 
prediction.

Conclusion
Gait serves as a sensitive indicator for predicting falls, as 
even subtle changes in the constituent systems that con-
tribute to gait decline can reveal increased instability. The 
predictive model developed in this study plays a crucial 
role in assessing fall risk among the elderly. The TGBT 
score, stride length, difference in standing time, and 
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stride time all emerge as protective factors for prevent-
ing falls among the elderly. This model not only identifies, 
prevents, and manages the elderly at risk of falling but 
also assists clinical medical staff in making timely clinical 
decisions and formulating necessary preventive measures 
for high-risk fallers.
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