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Abstract
Background Early detection of patients at risk of falling is crucial. This study was designed to develop and internally 
validate a novel risk score to classify patients at risk of falls.

Methods A total of 334 older people from a fall clinic in a medical center were selected. Least absolute shrinkage and 
selection operator (LASSO) regression was used to minimize the potential concatenation of variables measured from 
the same patient and the overfitting of variables. A logistic regression model for 1-year fall prediction was developed 
for the entire dataset using newly identified relevant variables. Model performance was evaluated using the bootstrap 
method, which included measures of overall predictive performance, discrimination, and calibration. To streamline 
the assessment process, a scoring system for predicting 1-year fall risk was created.

Results We developed a new model for predicting 1-year falls, which included the FRQ-Q1, FRQ-Q3, and single-leg 
standing time (left foot). After internal validation, the model showed good discrimination (C statistic, 0.803 [95% CI 
0.749–0.857]) and overall accuracy (Brier score, 0.146). Compared to another model that used the total FRQ score 
instead, the new model showed better continuous net reclassification improvement (NRI) [0.468 (0.314–0.622), 
P < 0.01], categorical NRI [0.507 (0.291–0.724), P < 0.01; cutoff: 0.200–0.800], and integrated discrimination [0.205 
(0.147–0.262), P < 0.01]. The variables in the new model were subsequently incorporated into a risk score. The 
discriminatory ability of the scoring system was similar (C statistic, 0.809; 95% CI, 0.756–0.861; optimism-corrected C 
statistic, 0.808) to that of the logistic regression model at internal bootstrap validation.

Conclusions This study resulted in the development and internal verification of a scoring system to classify 334 
patients at risk for falls. The newly developed score demonstrated greater accuracy in predicting falls in elderly people 
than did the Timed Up and Go test and the 30-Second Chair Sit-Stand test. Additionally, the scale demonstrated 
superior clinical validity for identifying fall risk.
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Introduction
Falls and fall-related injuries are leading causes of mor-
bidity and mortality in older people [1, 2]. Approximately 
30% of people aged more than 65 years experience a fall 
once every year, and approximately 32,000 deaths among 
older adults result from fall-related injuries [3–5]. A fall 
is defined as an event (including syncopal events) that 
results in a person coming to rest inadvertently on the 
ground or floor or at another lower level [6]. Given that 
many falls can be prevented, a short, easy-to-administer, 
multifactorial fall risk assessment is crucial for develop-
ing targeted interventions [7–10].

Hence, several reports have evaluated the accuracy of 
fall risk assessment tools, which are recommended for 
elderly people [11, 12]. The self-rated Fall Risk Question-
naire (self-rated FRQ) is a fall risk screening component 
of the Stopping Elderly Accidents, Deaths, and Injuries 
(STEADI) toolkit and is widely used in many centers 
[13, 14]. The Cronbach’s α of the self-rated FRQ was 
slightly lower (0.670) in Chinese community-dwelling 
older adults, implying that less irrelevant items need to 
be removed and more relevant items need to be added 
to the questionnaire [15]. The FRQ assessment com-
pletely depends on patient complaints and lacks objec-
tive assessment data; therefore, information bias is likely 
to occur. In practice, most fall risk assessments are usu-
ally collected through patient interviews, questionnaires, 
and simple physical performance tests. However, these 
assessments have relatively high false-positive rates when 
used in isolation. A single tool still faces the problem of 
one-sided evaluation, which focuses on certain risk fac-
tors. Worldwide guidelines for fall prevention and man-
agement for older adults propose considering objective 
factors, such as balance abilities, as well as subjective risk 
factors, which include the level of concern older adults 
have about falling [6]. In addition, researchers recom-
mend that fall risk assessment tools should not be used 
in isolation to identify older people at high risk of falls 
[16]. Therefore, it is important to explore a quick and 
reproducible score that covers the subjective history and 
objective data to ensure that the measured results more 
truly reflect the patient’s state. Moreover, fall risk levels 
can be evaluated to facilitate fall prevention management 
programs for individuals with low, medium and high risk 
of falls. This study was designed to develop and internally 
validate a novel risk score to classify patients at risk for 
falls.

Data collection methods
A total of 334 individuals aged > 60 years who attended 
the fall clinic from January 01, 2019, to January 01, 2021, 
were selected for the questionnaire survey and evalua-
tion. The exclusion criteria were as follows: (1) aged < 60 
years; (2) incomplete questionnaire and evaluation data 
or missing relevant information records; and (3) stroke, 
Alzheimer’s disease, or other medical diseases that 
affected activity.

Outcome measures
The follow-up ended on December 12, 2021. The out-
come was whether the participant fell again within one 
year of the follow-up period. The older individuals were 
followed up by telephone interviews with designated 
persons.

Statistical methods
Evaluation of predictors and variable selection
Least absolute shrinkage and selection operator (LASSO) 
regression was used to minimize the potential concat-
enation of variables measured from the same patient to 
identify the key variables associated with 1-year falls. We 
conducted 5-fold cross-validation to screen for the most 
useful predictive variables using the “glmnet” R package. 
The absolute magnitude of the coefficients of the regres-
sion model was penalized according to the value of λ. The 
most predictive covariate was selected using the mini-
mum value, lambda.min (λmin).

Development of the prediction model and nomogram 
construction
We included either the individual items FRQ-Q1 through 
FRQ-Q12, or the total FRQ score as independent vari-
ables for variable selection by employing lasso regression. 
Subsequently, two logistic regression models were devel-
oped to predict 1-year falls using these variables. Model 1 
utilized FRQ-Q1 to FRQ-Q12 as predictors, while Model 
2 employed the total FRQ score for this purpose. Back-
ward stepwise logistic regression based on the likelihood 
ratio test with the Akaike information criterion (AIC) 
were applied to select the optimal models. The nomo-
gram was subsequently drawn using R 4.1.3.

To elucidate the differences in C-statistics between 
Model 1 and Model 2, we also developed two univariate 
models for further comparison: Model 3, which utilized 
the Time Up and Go (TUG) test, and Model 4, which 
employed the number of chair sit-to-stand tests com-
pleted in 30 s.
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Internal validation
The model performances in terms of overall accuracy 
(e.g., Brier score), discrimination ability (e.g., C sta-
tistic), and calibration ability (e.g., calibration curves) 
were evaluated for internal validation via the bootstrap 
method (1000 repetitions). For each bootstrap iteration, 
we implemented a LASSO regression model to select 
features, followed by fitting a logistic regression model. 
The clinical usefulness and net benefit were estimated via 
decision curve analysis. Risk stratification models were 
also compared using continuous/category net reclassifi-
cation improvement (NRI) and integrated discrimination 
improvement (IDI) methods [17].

Development of the scoring system
A point system to estimate the risk of 1-year falls was 
developed to simplify the evaluation. We established 
independent risk factors (i) for falls within a 1-year fall 
and their regression coefficients (Bi) using the optimal 
logistic regression model. The risk factors were cat-
egorized, and the base category with the lowest risk for 
each factor was used as the reference value (WiREF, 0 
points). Higher-risk categories were assigned progres-
sively increasing reference values (Wij), which reflect 
increased risk. The reference values for binary variables 
were assigned 0 for “no” and 1 for “yes.” The continuous 
variables (e.g., single-leg standing time) were grouped. 
The median value of each group was used as the refer-
ence value. A constant (B) reflecting a 1-point increase in 
the score was established. The number of points for each 
categorical change was calculated by dividing the number 
of regression units for that categorical change (Distance 
from WiREF) by the constant, after which the results 
were rounded to the nearest integer.

 Points = D (DistancefromWiREF ) /B (constant)

 

EstimatedRisk =

1(
1 + exp(−(B(score) +

∑n
(i=1) (βi ∗WiREF ) + ′the intercept′))

)

The estimate of risk for each point total was calculated 
using exponentiation of the linear predictor of the opti-
mal model; moreover, the intercept, the total score, and 
the constant (B) and base values for the continuous risk 
factors were also considered.

SPSS 25.0 and R 4.1.3 software were used for statisti-
cal analysis. The categorical variables were expressed as 
the frequency and constituent ratio, and the continuous 
data, which did not follow a normal distribution, were 
expressed as M (P25–P75). The chi-square test was used 
for the univariate analysis of qualitative data, and the 
nonparametric test was used for continuous data.

Results
Basic information about the participants
A total of 334 older people were categorized into a fall 
group (119 people) and a nonfall group (215 people) 
based on whether they had fallen within 1 year. The basic 
characteristics of the two groups are shown in eTable 1 
(Supplementary Files).

LASSO regression feature selection
Two LASSO regression models were established for vari-
able screening, taking the occurrence of falls within 1 
year of follow-up as the dependent variable and the col-
lected indicators as the independent variables. Model 1 
included the FRQ-Q1 to FRQ-Q12(First statement of 
FRQ- twentieth statement of FRQ), whereas Model 2 
included the total FRQ score; the remaining variables 
were the same. The results are shown in Fig. 1. Model 1 
included five variables and the λmin: history of hypoten-
sion, FRQ-Q1 (I have fallen in the past year), FRQ-Q3 
(Sometimes I feel unsteady when I am walking), FRQ-
Q5 (I am worried about falling), and single-leg stand-
ing duration (left foot); the largest area under the curve 
(AUC) is shown in Fig. 1A. Model 2 included fifteen vari-
ables, namely, sex, BMI, history of hypotension, osteo-
porosis, fracture, anemia, abnormal vision, abnormal 
hearing, abnormal foot sensation, use of a walking aid, 
total FRQ score, time between instep and toe contact 
(front of the left foot), time between instep and toe con-
tact (front of the right foot), time between heel and toe 
contact (front of the left foot), and single-leg standing 
duration (left foot) (Fig. 1B).

Logistic regression model
The variables selected by LASSO regression were used 
as independent variables, and falls within 1 year of fol-
low-up was used as the dependent variable in the logistic 
regression model. Backward stepwise regression was per-
formed based on the likelihood ratio test with the AIC. 
The results are shown in Table 1. Model 1 corresponded 
to the FRQ subscore, and Model 2 corresponded to the 
total FRQ score.

Model 1 included FRQ-Q1, FRQ-Q3, and single-leg 
standing duration (left foot). Among these factors, FRQ-
Q1 and FRQ-Q3 were positively correlated with fall risk, 
but single-leg standing duration (left foot) time was nega-
tively correlated with fall risk. Model 2 included history 
of hypotension, total FRQ score, and time between instep 
and toe contact (the front of the left foot). A history of 
hypotension and total FRQ score were positively corre-
lated with fall risk, but the duration of contact with the 
toes (the front of the left foot) was negatively correlated 
with fall risk. A fall risk prediction nomogram was estab-
lished for participants based on the logistic regression 
model. The results are shown in Fig. 2.
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Validation of the fall risk prediction nomogram model
The bootstrap internal validation method was used 
for internal validation, and the calibration curve and 
receiver-operating characteristic (ROC) curve were 
obtained, as shown in Fig. 3. The abscissa and the ordi-
nate of the calibration curve were used to predict the 
incidence of the event and the actual occurrence propor-
tion of the event, respectively. The closer the point is to 
the diagonal dashed line, the better the calibration of the 
model. Figure  3A shows that the calibration of Model 
1 was better. Model 1 showed better overall accuracy 

(optimism-corrected Brier score) than Model 2 (0.181 
vs. 0.230) according to internal bootstrap validation 
(Table 2). Furthermore, Model 1 also showed better dis-
crimination (Table 2).

C statistics of 0.803 (95% CI 0.749–0.857) and 0.752 
(95% CI 0.698–0.806) were obtained for Model 1 and 
Model 2, respectively. The minimal overfitting (opti-
mism-corrected C statistic) was 0.735 in Model 1 and 
0.671 in Model 2 with internal bootstrap validation. The 
variables in Models 3 and 4 were the time required for 
the TUG (Time up and go test) and the number of chair 
sit-to-stand tests in 30s. The C statistic of Models 3 and 4 
were close to 0.5, which represented poor classification.

Model 1 performed better than Model 2 for the con-
tinuous NRI [0.468 (0.314–0.622)], categorical NRI 
[0.507 (0.291–0.724); cutoff: 0.200–0.800], and IDI [0.205 
(0.147–0.262)]. Decision curve analysis was used to com-
pare the full and simple models. As shown in Fig.  3C, 
both Models 1 and 2 had net benefits above the extreme 
reference line; moreover, Model 1 provided better net 
benefits than Model 2.

A scoring system was produced based on Model 1 for 
better predictive performance (Table 3). The associations 
between the total point score and the predicted mortality 
are shown in Table 4. The scoring system showed similar 
discrimination (C statistic, 0.809 95% CI, 0.756–0.861); 
optimism-corrected C statistic, 0.808) and overall accu-
racy (optimism-corrected Brier score, 0.159) to those of 
the logistic regression model at internal bootstrap vali-
dation (Table  2). Figure  4 shows the observed and pre-
dicted probabilities according to the numerical risk score 

Table 1 Logistic regression analysis of fall risk prediction for the 
study participants

β SE OR (95% CI) P
Model 1
FRQ-Q1 3.709 0.467 40.790 

(16.350–101.800)
< 0.001

FRQ-Q3 0.667 0.295 1.950 (1.090–3.470) 0.024
Single-leg standing time 
(left foot), s

–0.353 0.146 0.700(0.530–0.940) 0.016

Model 2
History of hypotension 0.999 0.452 2.710 (1.120–6.580) 0.027
Total FRQ score 0.432 0.063 1.540 (1.360–1.740) < 0.001
Instep touch the toes
(front of left foot), s

–0.207 0.092 0.810 (0.680–0.970) 0.024

Table 1 presents odds ratios associated with fall risk and predictive variables in 
Model 1 and Model 2 providing coefficient values (β), standard errors (SE), and 
significance levels (P. value). Odds ratios are offered, along with 95% confidence 
intervals (95% C.I. for Exp (B)) for each model. The significance level is denoted 
at p < 0.05. FRQ-Q1 = I have fallen in the past year; FRQ-Q3= Sometimes I feel 
unsteady when I am walking; Total FRQ score = The total score of self-rated Fall 
Risk Questionnaire

Fig. 1 Texture feature selection using the least absolute shrinkage and selection operator (LASSO) binary logistic regression model. A, Tuning parameter 
(λ) selection in the LASSO model used 10-fold cross-validation via minimum criteria. The area under the receiver-operating characteristic curve (AUROC) 
was plotted versus log(λ) in Model 1. B, Tuning parameter (λ) selection in the LASSO model used 10-fold cross-validation via minimum criteria. The AUROC 
was plotted versus log(λ) in Model 2
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(Table  3). When the scores were 8 or 13, the observed 
and predicted risk both apparently increased. Thus, we 
categorized the fall scores into three groups: low risk 
(scores 0–7), medium risk (scores 8–12), and high risk 
(scores 13–19).

Discussion
In this study, we developed and internally validated a 
simple, fast-screening and reproducible fall risk assess-
ment model that covers subjective history and objective 
data to assess fall risk in healthy older adults living in the 
community. The potential risk factors for falls were inte-
grated through logistic regression analysis. We assigned 
a score to the level of each risk factor based on its impact 

on the risk of falling and subsequently summed all the 
scores to derive a total score. Finally, the risk of falling 
was calculated using the total score. That score could 
not only predict the probability of falls individually and 
accurately but could also summarize all the results on a 
scoring axis, helping clinicians obtain information more 
quickly and intuitively. The novel model revealed a C 
statistic of 0.803, which indicates that 80.3% of the older 
persons were classified correctly by using this score. 
Additionally, we used other fall risk assessment tools, 
including the TUG and 30-s chair sit-stand test score, 
but the C-statistic value of the TUG and 30-s chair sit-
stand test score was close to 0.5, indicating poor classi-
fication. These results are consistent with those of other 

Fig. 2 Nomogram for the prediction of falls (A) A nomogram was constructed based on the data in Model 1 (B) A nomogram was constructed based 
on the data in Model 2 The points of each feature were added to obtain the total points, and a vertical line was drawn on the total points to obtain the 
corresponding ‘risk of fall’. FRQ-Q1 = I have fallen in the past year; FRQ-Q3 = Sometimes I feel unsteady when I am walking; FR-Total = The total score of the 
self-rated Fall Risk Questionnaire
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researchers [18]. Fall risk assessment tools should not be 
used in isolation to identify older people at high risk of 
falls.

Single-leg standing time was the strongest predictor of 
fall risk in the new model consisting of three simple pre-
dictors. Moreover, single-leg standing time is a method 
of quantifying static balance ability that has low require-
ments in terms of space, equipment, resources, time, 
familiarity and training. A growing number of studies 
have demonstrated that this approach should be imple-
mented in primary care to help identify individuals at 
greater risk of falling [19–22]. Falls were directly associ-
ated with balance test abnormalities. Research has shown 
that people who cannot complete a 5-s single-leg stand-
ing have a 2.2 times greater risk of falling than do those 
who can [23]. Moreover, Muir reported that people with 
single-leg standing times greater than 10  s have a 1.58-
fold greater risk of falling after a 12-month follow-up 

Table 2 Predictive Performance for the Model1, Model2, and 
Score System by Development and Internal Validation Settings
Model Performance Predicting in community-

dwelling older people
Model1 Model2 Score 

System
C statistic 0.803

(0.749–0.857)
0.752
(0.698–
0.806)

0.809
(0.756–
0.861)

P value 0.068 NA
IDI 0.205

(0.147–0.262)
Ref. NA

P value < 0.01 NA
Continuous NRI 0.468

(0.314–0.622)
Ref. NA

P value < 0.01 NA
Categorical NRI 0.507

(0.291– 0.724)
Ref.

P value < 0.01
Internal
Validation

C statistic
(Optimism-corrected)

0.735 0.671 0.808

Brier score
(Optimism-corrected)

0.181 0.230 0.159

IDI: Integrated discrimination improvement; NRI: Net Reclassification Index. The 
significance level is denoted at p < 0.01

Table 3 Scoring table for the new model
Predictors Categories Refer-

ence 
value

Beta D Points

Single leg (left 
foot)

–0.357

26–30 28 0 0
21–25 23 1.787 3
16–20 18 3.574 5
11–15 13 5.361 8
6–10 8 7.148 10
0–5 2.5 9.114 13

FRQ-Q1 3.720
No 0 0 0
Yes 1 3.720 5

FRQ-Q3 0.694
No 0 0 0
Yes 1 0.694 1

Beta = Regression coefficients, D = Distance from WiREF

Table 4 Total point and estimated risk table
Total point Estimated risk Total point Estimated risk
0 0.0005 10 0.3380
1 0.0010 11 0.5054
2 0.0020 12 0.6716
3 0.0040 13 0.8036
4 0.0079 14 0.8912
5 0.0157 15 0.9425
6 0.0309 16 0.9704
7 0.0599 17 0.9850
8 0.1131 18 0.9924
9 0.2033 19 0.9962

Fig. 3 (A) Calibration curves of the nomogram prediction in Model 1 and Model 2. (B) The test result variable(s) C-statistics of Model 1 (0.803), Model2 
(0.752), the TUG test (0.530) and 30s’chair sit-to-stand test were 0.512; C-statistics = Area Under Curve. (C) Decision curve analysis (DCA) of the nomogram 
prediction in Model 1 and Model 2
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[24]. The evaluation of balance with the single-leg stand-
ing test is a logical and functional approach since tran-
sient balancing of a single limb is essential for individuals 
with a normal gait and is critical for activities of daily liv-
ing, such as turning, stair climbing, and dressing [25].

Several studies have shown that balance training pro-
grams reduce the risk of falls in elderly individuals [26–
29]. Compared with several intrinsic factors, such as age, 
balance function can be improved by exercise interven-
tion [8]. Moreover, the single-leg standing test has been 
found to be associated with the risk of all-cause death 

in middle-aged and older people who cannot complete 
the 10-s single-leg standing test; these individuals have 
a greater risk of all-cause death and a shorter life expec-
tancy [30–32].

The single-leg standing test has been proven to be a 
challenging test that can be used to screen people for 
falls < 1.02  s, with a sensitivity of 0.67 and a specificity 
of 0.89 [33]. However, single-leg standing times are not 
recommended as a stand-alone indicator for fall risk 
screening because of their high specificity and rather low 
sensitivity. Recently, it has been suggested that at least 

Fig. 4 Observed vs. Estimated Fall Risk According to the Numerical Risk Score. 1: Estimated risk; 2: Observed risk
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two screening tools should be used together to maximize 
the advantages of each for predicting the occurrence of 
falls [34, 35].

According to this new assessment model, in addition to 
single-leg standing times (left foot), fall history contrib-
uted the most to fall risk prediction, followed by the feel-
ing of walking unsteadily at times. Studies show that older 
people with a history of falls often reduce their activities 
because of fear of falling [36, 37]. Older people who are 
highly concerned about falls and who are restricted from 
daily living activities may even walk less than 1.2 h a day, 
which may eventually lead to further declines in physical 
function and falls [38, 39].

This study showed that the new prediction model, the 
calibration curve, and the standard line were highly con-
sistent. The results suggested that the fall risk predicted 
using the model was highly consistent with the actual 
fall risk. A history of falls together with balance or gait 
disturbances was considered a strong predictor of falls. 
Therefore, the new model might improve discrimina-
tion between individuals who fall and those who do not 
fall. For better clinical application of the new prediction 
model, the scoring system was produced based on Model 
1, which showed similar discrimination to that of the 
logistic regression model at internal bootstrap validation. 
In the new scoring system, single-leg standing times were 
assigned a score of five points. Most studies recorded a 
cutoff point of 5 s for one-leg standing [22], and the most 
common length of the continuous trials was 30  s [4]. 
This might be due to a rapid decrease in force variabil-
ity amplitude, as the subjects made postural adjustments 
to regain standing balance after transferring weight to a 
single leg. Moreover, the change in the force amplitude 
occurred within the first 5s of testing. Furthermore, 
the novel scoring system can be used to evaluate fall 
risk levels to facilitate fall prevention management pro-
grams for individuals with low, medium and high risk of 
falls. According to risk stratification, a person-centered 
approach to designing an individualized intervention was 
recommended. The ‘low risk’ group should be reassessed 
annually. Older adults in the ‘intermediate risk’ group 
should perform strength and balance exercise interven-
tions since evidence shows that this type of exercise is 
effective at reducing fall risk [40]. Finally, a comprehen-
sive fall risk assessment should be offered for those in the 
‘high risk’ group.

Conclusions
A score for predicting the fall risk of elderly people 
was developed and internally verified; this score exhib-
ited greater accuracy in predicting falls than traditional 
assessments such as the Timed Up and Go test and the 
30-Second Chair Sit-Stand test scores. Additionally, the 

scale demonstrated superior clinical validity for identify-
ing fall risk.

Strengths and limitations
A simple scoring system for predicting the risk of falls 
was developed that could help accurately identify older 
patients at risk of falls. Fall risk levels can be evaluated 
to facilitate the development of fall prevention manage-
ment programs for individuals at low, medium and high 
risk of falls. The main limitations of this study were that 
the sample size was small and that the nomogram model 
was only internally validated. Multicenter and large-sam-
ple studies are needed for external validation to reduce 
bias and to continuously calibrate the model in clinical 
practice. Furthermore, using existing data to train mul-
tiple prediction models (neural network, gradient boost-
ing, support vector machine, and decision forest), we can 
analyze the difference in prediction accuracy between 
models, find the optimal solution of data modeling in the 
current dimension, and avoid overfitting and underfit-
ting. The strong adaptability of the model will be ensured 
when it is applied to the real world.

Supplementary Information
The online version contains supplementary material available at https://doi.
org/10.1186/s12877-024-05064-4.

Supplementary Material 1

Author contributions
MZ and GZZ participated in the design of this study, and they both performed 
the statistical analysis and manuscript preparation. GZZ and TSZ performed 
the statistical analysis and manuscript preparation. NAW, YXXL, and YHG 
collected important background information and drafted the manuscript. JLZ, 
NINGW and MZ carried out the literature search, data acquisition, and data 
analysis. LPH and NP participated in the data acquisition. All authors approved 
the final manuscript as submitted and agree to be accountable for all aspects 
of the work.

Funding
This work was supported by the National Key Research and Development 
Program of China (No. 2022YFB4703200).

Data availability
The original contributions presented in this study are included in the 
article/supplementary material, and further inquiries can be directed to the 
corresponding author.

Declarations

Ethics approval and consent to participate
This study was approved by the Ethics Committee of the General Hospital of 
the People’s Liberation Army (S2022-469), and all methods were carried out in 
accordance with relevant guidelines and regulations. This study was carried 
out in compliance with the Declaration of Helsinki. Informed consent was 
obtained from all subjects and/or their legal guardians.

Consent for publication
Not applicable.

Competing interests
The authors declare no competing interests.

https://doi.org/10.1186/s12877-024-05064-4
https://doi.org/10.1186/s12877-024-05064-4


Page 9 of 9Zhou et al. BMC Geriatrics          (2024) 24:491 

Author details
1Department of Rehabilitation Medicine, The First Medical Center of 
Chinese PLA General Hospital, Beijing, China
2Department of Rehabilitation Medicine, The Second Medical Center 
& National Clinical Research Center for Geriatric Diseases, Chinese PLA 
General Hospital, Beijing, China
3Medical School of Chinese PLA, Beijing, China

Received: 14 November 2023 / Accepted: 9 May 2024

References
1. Kim J, Lee W, Lee SH. A systematic review of the guidelines and Delphi Study 

for the multifactorial fall Risk Assessment of Community-Dwelling Elderly. Int 
J Environ Res Public Health. 2020;17(17).

2. Stuckenschneider T, Koschate J, Dunker E, Reeck N, Hackbarth M, Hellmers 
S, et al. Sentinel fall presenting to the emergency department (SeFallED) - 
protocol of a complex study including long-term observation of functional 
trajectories after a fall, exploration of specific fall risk factors, and patients’ 
views on falls prevention. BMC Geriatr. 2022;22(1):594.

3. Moreland B, Kakara R, Henry A. Trends in Nonfatal Falls and fall-related injuries 
among adults aged ≥ 65 years - United States, 2012–2018. MMWR Morb 
Mortal Wkly Rep. 2020;69(27):875–81.

4. Blodgett JM, Ventre JP, Mills R, Hardy R, Cooper R. A systematic review of one-
legged balance performance and falls risk in community-dwelling adults. 
Ageing Res Rev. 2022;73:101501.

5. Tinetti ME, Kumar C. The patient who falls: it’s always a trade-off. JAMA. 
2010;303(3):258–66.

6. Montero-Odasso M, van der Velde N, Martin FC, Petrovic M, Tan MP, Ryg J et 
al. World guidelines for falls prevention and management for older adults: a 
global initiative. Age Ageing. 2022;51(9).

7. Dykes PC, Burns Z, Adelman J, Benneyan J, Bogaisky M, Carter E, et al. Evalua-
tion of a patient-centered fall-Prevention Tool Kit to Reduce Falls and injuries: 
a Nonrandomized Controlled Trial. JAMA Netw Open. 2020;3(11):e2025889.

8. Sherrington C, Fairhall NJ, Wallbank GK, Tiedemann A, Michaleff ZA, Howard 
K, et al. Exercise for preventing falls in older people living in the community. 
Cochrane Database Syst Rev. 2019;1(1):CD012424.

9. Liu-Ambrose T, Davis JC, Best JR, Dian L, Madden K, Cook W, et al. Effect of 
a home-based Exercise Program on subsequent falls among Community-
Dwelling High-Risk older adults after a fall: a Randomized Clinical Trial. JAMA. 
2019;321(21):2092–100.

10. Bjerk M, Brovold T, Skelton DA, Liu-Ambrose T, Bergland A. Effects of a 
falls prevention exercise programme on health-related quality of life in 
older home care recipients: a randomised controlled trial. Age Ageing. 
2019;48(2):213–9.

11. Wang Z, Rong Y, Gu L, Yang Y, Du X, Zhou M. Reliability and validity of the fall 
risk self-assessment scale for community-dwelling older people in China: a 
pilot study. BMC Geriatr. 2022;22(1):272.

12. Beck Jepsen D, Robinson K, Ogliari G, Montero-Odasso M, Kamkar N, Ryg J, et 
al. Predicting falls in older adults: an umbrella review of instruments assessing 
gait, balance, and functional mobility. BMC Geriatr. 2022;22(1):615.

13. Stevens JA, Phelan EA. Development of STEADI: a fall prevention resource for 
health care providers. Health Promot Pract. 2013;14(5):706–14.

14. Kitcharanant N, Vanitcharoenkul E, Unnanuntana A. Validity and reliability of 
the self-rated fall risk questionnaire in older adults with osteoporosis. BMC 
Musculoskelet Disord. 2020;21(1):757.

15. SONG -J-m. WAN -D-t, ZHENG -Z-m. - reliability and validity of US CDC 
Self-rated fall risk questionnaire among Chinese community-dwelling older 
adults. - Chin J Public Health. 2020;- 36(– 4):- 592.

16. Bravo J, Rosado H, Tomas-Carus P, Carrasco C, Batalha N, Folgado H, et al. 
Development and validation of a continuous fall risk score in community-
dwelling older people: an ecological approach. BMC Public Health. 
2021;21(Suppl 2):808.

17. Pencina MJ, D’Agostino RB, D’Agostino RB, Vasan RS. Evaluating the added 
predictive ability of a new marker: from area under the ROC curve to reclas-
sification and beyond. Stat Med. 2008;27(2):157–72.

18. Bibi R, Yan Z, Ilyas M, Shaheen M, Singh SN, Zeb A. Assessment of fall-associ-
ated risk factors in the muslim community-dwelling older adults of Peshawar, 
Khyber Pakhtunkhwa, Pakistan. BMC Geriatr. 2023;23(1):623.

19. Mancini M, Horak FB. The relevance of clinical balance assessment tools to 
differentiate balance deficits. Eur J Phys Rehabil Med. 2010;46(2):239–48.

20. Michikawa T, Nishiwaki Y, Takebayashi T, Toyama Y. One-leg standing test for 
elderly populations. J Orthop Science: Official J Japanese Orthop Association. 
2009;14(5):675–85.

21. Springer BA, Marin R, Cyhan T, Roberts H, Gill NW. Normative values for the 
unipedal stance test with eyes open and closed. Journal of Geriatric Physical 
Therapy (2001). 2007;30(1).

22. Kozinc Ž, Löfler S, Hofer C, Carraro U, Šarabon N. Diagnostic balance tests for 
assessing risk of falls and distinguishing older adult fallers and non-fallers: a 
systematic review with Meta-analysis. Diagnostics (Basel). 2020;10(9).

23. Vellas BJ, Wayne SJ, Romero L, Baumgartner RN, Rubenstein LZ, Garry PJ. One-
leg balance is an important predictor of injurious falls in older persons. J Am 
Geriatr Soc. 1997;45(6):735–8.

24. Muir SW, Berg K, Chesworth B, Klar N, Speechley M. Balance impairment 
as a risk factor for falls in community-dwelling older adults who are high 
functioning: a prospective study. Phys Ther. 2010;90(3):338–47.

25. Oliveira MR, Vieira ER, Gil AWO, Fernandes KBP, Teixeira DC, Amorim CF, et al. 
One-legged stance sway of older adults with and without falls. PLoS ONE. 
2018;13(9):e0203887.

26. Campbell AJ, Robertson MC, Gardner MM, Norton RN, Buchner DM. Falls 
prevention over 2 years: a randomized controlled trial in women 80 years and 
older. Age Ageing. 1999;28(6):513–8.

27. Campbell AJ, Robertson MC, Gardner MM, Norton RN, Tilyard MW, 
Buchner DM. Randomised controlled trial of a general practice pro-
gramme of home based exercise to prevent falls in elderly women. BMJ. 
1997;315(7115):1065–9.

28. Robertson MC, Devlin N, Gardner MM, Campbell AJ. Effectiveness and eco-
nomic evaluation of a nurse delivered home exercise programme to prevent 
falls. 1: Randomised controlled trial. BMJ. 2001;322(7288):697–701.

29. Delbaere K, Valenzuela T, Lord SR, Clemson L, Zijlstra GAR, Close JCT, et al. 
E-health StandingTall balance exercise for fall prevention in older people: 
results of a two year randomised controlled trial. BMJ. 2021;373:n740.

30. Araujo CG, de Souza E, Silva CG, Laukkanen JA, Fiatarone Singh M, Kunutsor 
SK, Myers J, et al. Successful 10-second one-legged stance performance 
predicts survival in middle-aged and older individuals. Br J Sports Med. 
2022;56(17):975–80.

31. Blodgett JM, Cooper R, Davis DHJ, Kuh D, Hardy R. Associations between 
factors across life and one-Legged Balance performance in Mid and later 
life: evidence from a British birth Cohort Study. Front Sports Act Living. 
2020;2020:00028.

32. Chittrakul J, Siviroj P, Sungkarat S, Sapbamrer R. Multi-system physical Exercise 
intervention for Fall Prevention and Quality of Life in Pre-frail older adults: a 
Randomized Controlled Trial. Int J Environ Res Public Health. 2020;17(9).

33. Thomas JI, Lane JV. A pilot study to explore the predictive validity of 
4 measures of falls risk in frail elderly patients. Arch Phys Med Rehabil. 
2005;86(8):1636–40.

34. Palese A, Gonella S, Lant A, Guarnier A, Barelli P, Zambiasi P, et al. Post-hoc 
validation of the Conley Scale in predicting the risk of falling with older 
in-hospital medical patients: findings from a multicentre longitudinal study. 
Aging Clin Exp Res. 2016;28(1):139–46.

35. Park S-H. Tools for assessing fall risk in the elderly: a systematic review and 
meta-analysis. Aging Clin Exp Res. 2018;30(1).

36. van de Rijt LJM, Stoop CC, Weijenberg RAF, de Vries R, Feast AR, Sampson EL, 
et al. The influence of oral health factors on the quality of life in older people: 
a systematic review. Gerontologist. 2020;60(5):e378–94.

37. Kong KS-w, Lee Fk F-k, Mackenzie AE, Lee DTF. Psychosocial consequences of 
falling: the perspective of older Hong Kong Chinese who had experienced 
recent falls. J Adv Nurs. 2002;37(3):234–42.

38. Goh JW, Singh DKA, Mesbah N, Hanafi AAM, Azwan AF. Fall awareness behav-
iour and its associated factors among community dwelling older adults. BMC 
Geriatr. 2021;21(1):226.

39. Lim ML, van Schooten KS, Radford KA, Menant J, Lord SR, Sachdev PS, et al. 
The Iconographical Falls Efficacy Scale (IconFES) in community-dwelling 
older people-a longitudinal validation study. Age Ageing. 2021;50(3):822–9.

40. Ganz DA, Latham NK. Prevention of Falls in Community-Dwelling older 
adults. N Engl J Med. 2020;382(8):734–43.

Publisher’s Note
Springer Nature remains neutral with regard to jurisdictional claims in 
published maps and institutional affiliations. 


	A novel score for predicting falls in community-dwelling older people: a derivation and validation study
	Abstract
	Introduction
	Data collection methods
	Outcome measures
	Statistical methods
	Evaluation of predictors and variable selection
	Development of the prediction model and nomogram construction
	Internal validation
	Development of the scoring system

	Results
	Basic information about the participants
	LASSO regression feature selection
	Logistic regression model
	Validation of the fall risk prediction nomogram model

	Discussion
	Conclusions
	Strengths and limitations

	References


