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Objective: This study aimed to develop and validate a dynamic online nomogram for predicting inpatient fall risk using data from
a Dryad database cohort to strengthen fall prevention strategies and enhance patient safety in hospital settings.

Methods: We analyzed data from a cohort study conducted at Fukushima Medical University Hospital, with external validation using an
independent dataset from Taizhou People’s Hospital (2019-2023, n=2000). Following multiple imputation, 9470 cases were included and
divided into training (n=6631) and validation (n=2839) sets. LASSO regression identified fall-associated factors, leading to development
of two predictive models using binomial logistic regression. Model 1 incorporated all selected variables, while Model 2 emphasized
clinically relevant factors. Discriminatory power, calibration, and clinical decision curve analysis were conducted for both models.
Results: LASSO regression identified 14 key variables, reduced to 11 in Model 1 and 6 clinically relevant variables in Model 2. Both
models demonstrated comparable performance (Z=1.152, p=0.249), with Model 2 selected for clinical applicability. Bootstrap validation
showed strong performance with AUC of 0.801 (training set) and 0.796 (validation set). Calibration was adequate (Hosmer-Lemeshow
test p>0.05). Decision curve analysis indicated potential intervention benefit for predicted probabilities of 1-95.1% (training) and
1-89.2% (validation). External validation in 2000 patients demonstrated robust generalizability (AUC=0.87, 95% CI: 0.80-0.93).
Conclusion: We developed a predictive model for assessing fall risk among hospitalized patients. This model supports individualized
patient evaluations, assists in identifying high-risk patients, and may contribute to reducing fall incidence in hospital settings.
Keywords: dynamic nomogram, fall risk assessment, hospital fall prevention, inpatient falls, patient safety, prediction model

Introduction

Falls can result in physical injuries and adversely affect patients’ quality of life. They are a common issue in both
community and hospital settings, particularly among older adults, with over 50% of individuals aged 80 years and older
experiencing at least one fall annually.' Inpatient falls not only impede recovery but also contribute to avoidable disputes
and diminish patient confidence in healthcare providers.

Falls occurring in hospitals or nursing homes are classified as institution-acquired falls.? In hospital settings, the incidence
of falls is 3% among adults and 7.3% among older adults (> 60 years).® Inpatient falls continue to be a significant challenge in
hospital management.* A retrospective analysis of the NRLS database, which includes adverse event reports from 472 health-
care organizations, indicated that falls accounted for 32.3% of all reported patient safety incidents.” Multiple factors contribute
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to inpatient falls, including patient history, such as dementia, stroke, or prior falls; medication history, including the use of
psychoactive drugs, sedatives, and antidepressants; level of care dependency; and wheelchair use.®”

Several approaches have been developed for fall risk prediction in hospitalized elderly patients, including sensor-based
models using wearable devices,'® EMR-based interventions with automated alerts,'' and population-specific models for
specialized groups such as hemodialysis patients.'> However, these models have limitations hindering clinical adoption:
sensor-based approaches require specialized equipment impractical for routine use, many EMR-based models target
specific populations or require extensive data inputs, and few provide real-time accessibility at the point of care. Recent
systematic reviews have shown that Al-based fall risk prediction models can achieve accuracies exceeding 70%, though
most focus on community-dwelling populations or require specialized sensor equipment, limiting their hospital
applicability.'? This study developed a web-based nomogram using readily available clinical variables selected through
statistical optimization and clinical relevance assessment. We compared comprehensive and simplified versions to balance
accuracy with usability, creating a tool accessible through standard browsers for real-time clinical decision-making.

Effective inpatient fall prevention depends on improving nursing assessments. The use of fall risk assessment tools to
identify high-risk patients, early detection of fall risk factors, and timely nursing interventions can significantly reduce
fall incidence. The Morse Fall Scale is a widely utilized clinical tool for assessing fall risk.'*

A predictive model for inpatient fall risk was developed and presented as a nomogram in this study. Static and dynamic
nomograms are widely utilized in clinical prediction data assessment.'> Among dynamic nomograms, online versions offer
distinct advantages, allowing healthcare providers to efficiently assess patient fall risk using mobile devices or computers.

Materials and Methods

Participants

Data from a cohort study conducted at Fukushima Medical University Hospital in Japan were analyzed in this study.
Hayakawa et al shared and transferred the dataset, along with its associated copyright, to the Dryad public database.'®
Following the terms of service of the Dryad public database, this dataset was available for secondary analysis and novel
research applications. A total of 9957 adult patients hospitalized at Fukushima Medical University Hospital over a one-
year period (August 2008 — September 2009) were included in this study. Informed consent was obtained from all
patients upon admission. Clinical trial number: not applicable. External Validation Dataset: To address generalizability
concerns and validate model performance across different healthcare settings, we conducted external validation using an
independent dataset from Taizhou People’s Hospital (2019-2023, four-year period). The required sample size for external
validation was calculated using the pmsampsize package with the following parameters: C-statistic = 0.79, prevalence =
0.023, and 6 predictor variables. Based on the calculation result of 1878 patients, we selected 2000 hospitalized patients
using stratified random sampling to ensure representativeness across key demographic and clinical variables.

Measurements

Clinical data were collected at admission through a structured questionnaire administered via face-to-face interviews
conducted by nurses and physicians. Variable Definitions: Cognitive dysfunction was defined as any documented history
of cognitive impairment in medical records, including diagnosed conditions such as dementia, mild cognitive impair-
ment, or delirium. This information was obtained through comprehensive medical history review and clinical assessment
during admission. Wheelchair use was recorded as a binary variable (yes/no) based on the patient’s requirement for
wheelchair assistance for mobility at admission, determined through direct clinical observation and assessment of
mobility status. Activities of daily living (ADL) were assessed using seven specific functional activities: standing,
sitting, dressing, eating, toileting, evacuation, and face washing. Each activity was evaluated by trained nursing staff to
determine whether the patient could perform it independently or required assistance. Patients needing help with any
single activity were classified as having “low ADL level”. Manual Muscle Testing (MMT) was performed by qualified
healthcare professionals using standardized manual muscle testing protocols. Lower extremity muscle strength was
assessed bilaterally, with muscle impairment defined as an MMT score below 4.'” Medication use was systematically
documented based on active prescriptions at admission, including laxatives, sedatives, hypnotics, and psychotropic drugs.
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Each medication category was recorded as present or absent based on current prescription status. Fall history was defined
as any documented fall events prior to the current hospitalization, obtained through patient interview and medical record
review. All assessments were conducted using standardized protocols to ensure consistency and reliability of data
collection across all participants.

Statistical Analysis

Data analysis was conducted using R (version R-4.2.1)'"® and RStudio (version 2022.07.1 Build 554)." Descriptive
statistics for categorical data were reported as frequencies (%). Normally distributed continuous variables were presented
as mean * standard deviation (mean + SD), while non-normally distributed continuous variables were expressed as
median (M [P25, P75]). Baseline characteristics between the two groups were compared using statistical tests appropriate
to the variable type and distribution. Independent-samples t-tests were applied to normally distributed data, while the
Mann—Whitney U-test was used for non-normally distributed data. Categorical variables were analyzed using chi-square
tests. A two-sided p < 0.05 was considered statistically significant. Relevant R packages utilized for analysis are specified
in subsequent sections. The analysis followed structured steps to validate the hypotheses.

Following the exclusion of 487 patients due to missing follow-up data and refusal to provide personal information,
the final dataset included 9470 patients. To mitigate potential bias resulting from missing values, multiple imputation was
performed using the MICE (Multivariate Imputation via Chained Equations) package in R. The imputation process was
executed with the following parameters: maximum iterations (maxit) set to 500, predictive mean matching (meth =
“pmm”) as the imputation method, and a random seed (seed) of 50. By generating multiple complete datasets, multiple
imputation reduces the influence of missing data, thereby enhancing the accuracy of subsequent analyses.

After imputing missing values, the 9470 patients were randomly assigned to a training set (70%) and a validation set
(30%). Variable selection for model development was conducted on the training set using LASSO (Least Absolute
Shrinkage and Selection Operator) regression analysis, which regulates the number of included variables by adjusting the
penalty coefficient (1).2° A workflow overview is presented in Figure 1. LASSO coefficient paths and ten-fold cross-
validation plots are shown in Figure 2A, and the optimal cut-off is marked by the black dashed line in Figure 2B. The
optimal A value was determined through a systematic optimization process using the Extended Bayesian Information
Criterion (EBIC).?'** LASSO Parameter Optimization Process: The LASSO regression path was computed across
a sequence of A values ranging from A _max (where all coefficients are zero) to A_min (typically A _max/1000). For
each A value, we calculated the corresponding EBIC using the formula:

EBIC(A)= —2 x log — likelihood + k x log(n)+2 x y x k x log(p)

where k represents the number of non-zero coefficients, n is the sample size (6631 in the training set), p is the total number of
predictors (19 variables), and vy is the EBIC parameter set to 0.5. The y parameter controls the strength of the penalty for model
complexity, with y = 0.5 providing a balance between model fit and sparsity that is particularly suitable for clinical prediction
models. EBIC Threshold Selection Rationale: EBIC was chosen over traditional cross-validation methods for several reasons:
(1) it provides a more stable variable selection in finite samples, (2) it explicitly penalizes model complexity through the y
parameter, reducing the risk of overfitting, and (3) it has been demonstrated to be more effective in high-dimensional settings
where p approaches n. The optimal A value was selected as the one that minimized the EBIC, corresponding to the point
indicated by the black dashed line in Figure 2B. This selection process resulted in 14 variables with non-zero coefficients,
which were subsequently used to construct the logistic regression model through backward stepwise selection.

The shortlisted variables underwent backward stepwise logistic regression analysis to develop Model 1. The
significance of Model 1 variables was ranked using the R package “tornado.” A reduced model, Model 2, was then
constructed by selecting only the most influential variables. A comparison of both models was performed to determine
the optimal model for predicting inpatient fall risk.

The models’ performance was assessed using the receiver operating characteristic (ROC) curve and the area under the
curve (AUC). An AUC value above 0.75 indicates strong discriminative ability, while values between 0.5 and 0.75
indicate moderate performance. The model’s calibration was evaluated through the Hosmer-Lemeshow test, which
divides the dataset into 10 deciles based on predicted probabilities and compares actual event frequencies with predicted
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Figure | Research flowchart.

values. A well-calibrated model should demonstrate a linear relationship with an intercept of 0 and a slope of 1. While
AUC measures overall accuracy, it may not fully capture prognostic performance. To address this limitation, a loss
function was applied to assess statistical inference quality, and decision curve analysis (DCA) was employed to evaluate
clinical utility and decision-making benefits.** The final prediction model was visually represented using a nomogram.**
The model development and reporting of the result adhered to the TRIPOD statement guidelines.?’

External Validation

We performed external validation using data from 2000 patients at Taizhou People’s Hospital, collected between 2019
and 2023. Patients were selected using stratified random sampling to ensure representativeness. Model performance was
assessed using ROC analysis with 1000 bootstrap iterations, confusion matrix analysis, and calibration assessment.

Results
Missing Value Analysis and Baseline Characteristics of the Study Participants After
Multiple Imputation

The results of the missing value analysis are presented in Supplementary Figure 1. Following multiple imputation, the
fitted curves of the imputed data displayed variations. As presented in Supplementary Figure 2, the fitted curve from the
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Figure 2 LASSO regression variable selection and cross-validation for fall risk prediction model. (A) LASSO path diagram. Coefficient trajectories across log()) values.
Numbers at top indicate non-zero coefficients at each A. Variable key: a = ADL total; b = C-Age; cl-c7 = visual acuity (one-hot encoded); d = needs help to move; e = history of
falls; f = hypnotic medication use; g = inhibition; h = laxative medication use; i = MMT left; j = MMT right; k = length of hospital stay; | = planned surgery; m = psychotropic
medication use; nl-n4 = rehabilitation categories (one-hot encoded); ol-06 = remote care system categories (one-hot encoded); p = sedative medication use; q = sex; r =
cognitive dysfunction; s = wheelchair use. (B) Cross-validation plot for optimal X selection using EBIC. Gray bars show 95% confidence intervals. Vertical dashed line indicates
optimal A value. Numbers at top show variables retained at each A, with 14 variables selected in final model.

fifth imputation most closely resembled the original data. Consequently, imputed values with action = 5 were selected to
complete the original dataset. The baseline characteristics of the 9470 patients after multiple imputation are presented in
Table 1. The dataset was partitioned into a training set (n = 6631) and a validation set (n = 2839) in a 7:3 ratio. In the
training set, 6465 patients did not experience a fall, while 166 did. In the validation set, 2775 patients did not experience
a fall, whereas 64 did.
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Table | Baseline Characteristics of Subjects Based on Multiple Interpolation

Characteristics Validation Set (N=2839) Training Set (N=6631)
Name Levels No (N=2775) | Yes (N=64) P No (N=6465) | Yes (N=166) P
Gender Male 1401 (50.5%) 30 (46.9%) 0.656 3237 (50.1%) 80 (48.2%) 0.690
Female 1374 (49.5%) 34 (53.1%) 3228 (49.9%) 86 (51.8%)
C-Age <49 728 (26.2%) I (17.2%) 0.006 1742 (26.9%) 20 (12%) <0.001
50-64 750 (27%) 9 (14.1%) 1753 (27.1%) 27 (16.3%)
65-74 710 (25.6%) 23 (35.9%) 1656 (25.6%) 51 (30.7%)
>75 587 (21.2%) 21 (32.8%) 1314 (20.3%) 68 (41%)
Length of hospital stay | Mean £ SD | 14.64 + 17.03 | 33.53 + 32.53 | <0.001 1452 + 16.40 | 34.80 + 36.27 | <0.001
Planned surgery No 1631 (58.8%) 50 (78.1%) 0.003 3731 (57.7%) 118 (71.1%) | <0.001
Yes 1144 (41.2%) 14 (21.9%) 2734 (42.3%) 48 (28.9%)
History of falls No 2548 (91.8%) 51 (79.7%) 0.001 5924 (91.6%) 119 (71.7%) | <0.001
Yes 227 (8.2%) 13 (20.3%) 541 (8.4%) 47 (28.3%)
Cognitive dysfunction No 2696 (97.2%) 61 (95.3%) 0.431 6326 (97.8%) 148 (89.2%) | <0.001
Yes 79 (2.8%) 3 (4.7%) 139 (2.2%) 18 (10.8%)
Inhibition No 2720 (98%) 60 (93.8%) 0.042 6326 (97.8%) 161 (97%) 0.412
Yes 55 (2%) 4 (6.2%) 139 (2.2%) 5 (3%)
Visual acuity 0 1405 (50.6%) 30 (46.9%) 0.169 3441 (53.2%) 81 (48.8%) 0.106
| 1115 (40.2%) 32 (50%) 2477 (38.3%) 72 (43.4%)
2 163 (5.9%) 0 (0%) 322 (5%) 3 (1.8%)
3 83 (3%) 2 (3.1%) 200 (3.1%) 10 (6%)
4 8 (0.3%) 0 (0%) 17 (0.3%) 0 (0%)
5 1 (0%) 0 (0%) 3 (0%) 0 (0%)
6 0 (0%) 0 (0%) 5 (0.1%) 0 (0%)
ADL total Mean * SD 328 +7.69 9.16 £9.74 | <0.001 321 £755 6.98 + 9.38 | <0.001
MMT Right Mean * SD 4.86 = 0.72 4.64 + 0.86 0.048 4.87 £0.75 4.61 +0.98 0.001
MMT Left Mean * SD 485+ 0.74 4.56 = 0.92 0.017 485 £ 0.76 472 + 0.88 0.050
Wheelchair use No 2248 (81%) 29 (45.3%) <0.001 5236 (81%) 89 (53.6%) <0.001
Yes 527 (19%) 35 (54.7%) 1229 (19%) 77 (46.4%)
Needs help to move No 2412 (86.9%) 33 (51.6%) <0.001 5581 (86.3%) 102 (61.4%) | <0.001
Yes 363 (13.1%) 31 (48.4%) 884 (13.7%) 64 (38.6%)
Rehabilitation 0 2699 (97.3%) 59 (92.2%) 0.017 6301 (97.5%) 158 (95.2%) 0.085
| 18 (0.6%) 3 (4.7%) 34 (0.5%) 3 (1.8%)
2 56 (2%) 2 (3.1%) 129 (2%) 5 (3%)
3 2 (0.1%) 0 (0%) I (0%) 0 (0%)
Laxative No 2281 (82.2%) 43 (67.2%) 0.004 5353 (82.8%) 124 (74.7%) 0.009
Yes 494 (17.8%) 21 (32.8%) 1112 (17.2%) 42 (25.3%)
Sedative No 2721 (98.1%) 60 (93.8%) 0.040 6326 (97.8%) 163 (98.2%) 1.000
Yes 54 (1.9%) 4 (6.2%) 139 (2.2%) 3 (1.8%)
Hypnotic No 2331 (84%) 47 (73.4%) 0.036 5506 (85.2%) 119 (71.7%) | <0.001
Yes 444 (16%) 17 (26.6%) 959 (14.8%) 47 (28.3%)
Psychotropic No 2601 (93.7%) 54 (84.4%) 0.007 6076 (94%) 133 (80.1%) | <0.001
Yes 174 (6.3%) 10 (15.6%) 389 (6%) 33 (19.9%)
Remote caring 0 2752 (99.2%) 62 (96.9%) 0.121 6420 (99.3%) 159 (95.8%) | <0.001
| 1 (0%) 0 (0%) 1 (0%) 0 (0%)
2 11 (0.4%) I (1.6%) 19 (0.3%) 5 (3%)
3 11 (0.4%) I (1.6%) 23 (0.4%) 2 (1.2%)
4 0 (0%) 0 (0%) 2 (0%) 0 (0%)

Notes: No: No in-hospital fall occurred. Yes: An in-hospital fall occurred. Inhibition: physical restrictions or limitations on movement. Rehabilitation:
Rehabilitation therapy.
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LASSO Regression Analysis for Variable Selection and Predictive Model Construction
Nineteen variables listed in Table 1—including gender, C-age, duration of hospital stay, planned surgery, history of falls,
cognitive dysfunction, inhibition, visual acuity, ADL total, MMT right, MMT left, wheelchair use, need for movement
assistance, rehabilitation, laxative use, sedative use, hypnotic use, psychotropic medication, and remote caring—were
incorporated into the model. To meet the requirements of LASSO regression analysis, categorical and multi-categorical
variables were converted into dummy variables before inclusion. LASSO regression analysis paths and cross-validation
plots were generated, and the penalty coefficient was adjusted (Figure 2A). The cutoff point was determined based on the
EBIC, as indicated by the black dashed line on the X-axis in Figure 2B. This selection process resulted in 14 variables
with non-zero coefficients: age, duration of stay in hospital, planned surgery, history of falls, cognitive dysfunction,
inhibition, ADL total, MMT right, MMT left, wheelchair use, need for movement assistance, and use of sedatives,
hypnotics, and psychotropic medications. These variables were subsequently used to construct a logistic regression
analysis model. A backward stepwise regression analysis was then performed, ultimately refining the selection to 11
variables: C-age, duration of stay in hospital, planned surgery, history of falls, cognitive dysfunction, MMT right, MMT
left, wheelchair use, need for movement assistance, and hypnotic and psychotropic medication. These variables formed
the basis for Predictive Model 1 (Figure 3A).

A sensitivity analysis was performed using the Tornado package to identify the most influential variables. The results
were compared with those obtained through backward stepwise selection. A fall prediction model for hospitalized
patients was developed using a minimal set of variables, taking into account clinical applicability and model simplicity.
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Figure 3 (A) Stepwise backward regression-forest map for Model I; (B) Bar chart of the importance of variables; (C) Stepwise backward regression-forest map for Model 2.
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Bootstrap (n=1000)

AUC = 0.801[95%C1 (0761, 0.842)]

Figure 4 (A) Difference analysis of discrimination between model | and model 2; (B) Bootstrap verification of model 2 discrimination; (C) Discriminative power of
prediction model 2 (on the validation set).

The selection was based on the Cumulative Deviance Explained (CDE) and Marginal Deviance Explained (MDE)
metrics, which quantify the contribution of each variable to the model coefficients.”*?” The six variables with the greatest
impact were duration of hospital stay, C-age, history of falls, wheelchair use, psychotropic medication, and cognitive
dysfunction (Figure 3B). Model 2 was developed using these six key variables identified as most influential in the
analysis (Figure 3C).

Evaluating the Discriminative Ability of Model | vs Model 2

A comparative analysis was conducted to evaluate the discriminative ability of Model 1 and Model 2, with the results
displayed in Figure 4A. Model 1 (AIC: 1313.9) demonstrated a discriminative power with an AUC of 0.802 [95% CI
(0.764, 0.841)] (dashed line), whereas Model 2 (AIC: 1316.4) exhibited an AUC of 0.796 [95% CI (0.757, 0.834)] (solid
line). Variance analysis indicated no statistically significant difference between the two models (Z = 1.152, p = 0.249).
Thus, both models demonstrated comparable predictive performance for in-hospital fall events.

Given the comparable discriminative power of both models, Model 2 was selected for nomogram construction due to
its parsimony and reduced number of variables. Bootstrap validation was performed on Model 2 with 1000 iterations,
yielding an AUC of 0.801 [95% CI (0.761, 0.842)] (Figure 4B). Notably, Model 2 also achieved an AUC of 0.796 [95%
CI (0.735, 0.858)] in the validation dataset (Figure 4C).

Evaluating the Calibration of Model 2

The calibration of Model 2 was evaluated using the Hosmer-Lemeshow test in both the training and validation datasets
(Figure 5). Calibration was assessed by determining the calibration slope across 10 deciles of predicted risk, ranging from
the lowest to the highest. In the training dataset (Figure 5A), the Hosmer-Lemeshow test produced a Chi-square statistic
of 12.334 with a p-value of 0.195. Similarly, in the validation dataset (Figure 5B), the test yielded a Chi-square statistic
of 10.692 with a p-value of 0.229. These findings indicate that Model 2 demonstrates good calibration, as the predicted
probabilities closely correspond to the observed fall rates.

Clinical Application and Visualization of a Fall Prediction Model
The clinical utility of the developed prediction model was assessed using DCA (Figure 6). In the training dataset (dashed
line) and validation dataset (solid line), the DCA curves indicated a potential benefit of intervention within predicted
probability ranges of 1% to 95.1% and 1% to 89.2%, respectively. Beyond these thresholds, substantial fluctuations in the
curves may influence predictive probabilities, resulting in the selection of 0.951 and 0.892 as cutoff values.

A nomogram was developed to visually represent and facilitate the application of the fall prediction model. The total
score is determined by summing the scores assigned to each predictive risk factor in the model. Using this total score, the
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curve represents the validation dataset.

probability axis can be referenced to estimate a patient’s likelihood of experiencing an in-hospital fall (Supplementary
Figure 3). To enhance clinical usability, a dynamic nomogram was implemented using the DynNom and shiny packages
in R, enabling interactive visualization of fall risk prediction (Supplementary Figure 4). This dynamic nomogram is

accessible through an online web application.?®

External Validation Results

External validation was conducted using 2000 patients from Taizhou People’s Hospital (2019-2023). The model
demonstrated robust discriminative performance with an AUC of 0.87 (95% CI: 0.80-0.93) based on 1000 bootstrap
iterations (Figure 7A). The confusion matrix analysis revealed an overall accuracy of 98.15%, correctly classifying 1963
out of 2000 patients (Figure 7B). Model performance metrics showed high specificity of 99.85% (1961/1964) and low
sensitivity of 5.56% (2/36), with a positive predictive value of 40.00% (2/5) and negative predictive value of 98.30%
(1961/1995).
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The fall incidence rate in the external validation cohort was 1.8% (36/2000), which closely aligned with the original
development cohort (2.3-2.5%), confirming consistency across different healthcare settings and time periods. While the
model demonstrated excellent specificity in identifying patients at low risk for falls, the low sensitivity indicates limited
ability to capture all patients who would actually experience falls. These findings support the model’s clinical utility for
ruling out fall risk in the majority of patients while highlighting the need for additional clinical judgment in high-risk

assessment.

Discussion
Falls among hospitalized patients represent a critical healthcare concern, contributing to increased morbidity, mortality,
and substantial healthcare expenditures. To address this issue, a dynamic online nomogram was developed and validated
for predicting inpatient fall risk. Our nomogram’s superior performance compared to established tools (AUC
0.62-0.76)*° ! and competitive results with machine learning models can be attributed to LASSO-optimized variable
selection using objective clinical data. Unlike complex algorithms such as random forest, our approach maintains clinical
interpretability while achieving robust discriminative performance, addressing the critical balance between accuracy and
practical usability in hospital settings. This predictive model integrates six key factors: age, duration of stay in hospital,
history of falls, cognitive dysfunction, wheelchair use, and psychotropic medication use. The association between
advanced age and fall risk has been well-established in the literature. A systematic review and meta-analysis by
Deandrea et al consistently demonstrated a correlation between increasing age and heightened fall risk across diverse
healthcare settings.*” The present findings further quantify this relationship within hospital environments, indicating that
patients over 75 years of age have a significantly higher fall risk (OR = 1.89, 95% CI 1.34-2.67, p < 0.001). These results
align with recent investigations by Toye et al, which detail the impact of age-related physiological changes on fall
susceptibility.>*

Beyond age, the duration of hospitalization emerged as a significant predictor in this analysis. This finding expands on
the work of Najafpour et al, whose prospective nested case-control study identified a strong association between
prolonged hospital stays and increased fall risk.** These findings are refined by the present study by offering precise
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temporal risk estimates, demonstrating that each additional week of hospitalization is associated with an approximate 8%
increase in fall risk (OR = 1.08, 95% CI 1.04—-1.12, p < 0.001). Notably, the influence of prior falls on subsequent fall risk
was particularly pronounced. The analysis indicated that patients with a history of falls faced a 2.20-fold increased risk of
recurrence (95% CI 1.48-3.25, p < 0.001). This observation is consistent with the meta-analysis by Deandrea et al, which
reported comparable risk ratios in acute care settings.’* Such consistency underscores the necessity of incorporating fall
history into initial patient assessments to enhance fall prevention strategies.

Cognitive dysfunction was identified as a significant predictor, expanding on the foundational work of Tinetti et al.*
The analysis indicated that cognitive impairment nearly doubled the risk of falls (OR = 1.98, 95% CI 1.11-3.53, p =
0.021). Additional support for these findings is provided in the systematic review by Kropelin et al, which identified
cognitive impairment as a major risk factor in institutional settings.*® The impact of wheelchair use on mobility
limitations was also highlighted in this study. While the WHO Quality of Life Assessment previously documented the
effects of pain and discomfort on posture and transfer efficiency among wheelchair users, the present study quantified this
risk specifically in the hospital setting.’” Findings indicated that individuals using wheelchairs experienced a 2.15-fold
increase in fall risk (95% CI 1.42-3.26, p < 0.001). Furthermore, psychotropic medication use was confirmed as
a significant risk factor, reinforcing previous research in this domain. A systematic review by Harlein et al established
a strong association between psychotropic medications and falls, and the present study demonstrated that patients who
had been prescribed these medications had a 2.64-fold increased fall risk (95% CI 1.66—4.22, p < 0.001).>® These findings

emphasize the necessity of comprehensive medication review as a critical component of fall prevention strategies.

Limitations of the Study

Despite the promising performance of the predictive model, several key limitations must be considered. First, this study
was conducted at a single medical center in Japan, potentially restricting the generalizability of the findings to healthcare
settings with different demographic characteristics and clinical practices. The homogeneity of the study population may
not fully capture the diversity observed in other medical environments. Second, although the model incorporates six
essential predictive factors, certain relevant variables were not included due to data limitations. Unmeasured factors, such
as environmental conditions (eg, room lighting, flooring conditions, bed height), staffing patterns, daily fluctuations in
patient condition, temporal variations in mobility status and specific medication changes, may also influence fall risk. The
exclusion of these factors may potentially lead to underestimation of fall risk, particularly in patients whose risk profile
changes significantly during their hospital stay. Future research should prioritize systematic collection of environmental
assessments and real-time monitoring of dynamic risk factors to develop more comprehensive prediction models.
Additionally, our retrospective data lacked subjective assessment components required for established fall risk assess-
ment tools (eg, mental status, gait evaluation), preventing direct head-to-head comparison with instruments like
STRATIFY, Morse Fall Scale, or Hendrich II Fall Risk Model. Nevertheless, our nomogram’s performance (AUC:
0.801 in training, 0.796 in validation) compares favorably to these conventional tools, which typically demonstrate AUC
values of 0.62-0.76 in hospitalized patients.”” ' Future prospective studies should incorporate comprehensive data
collection to enable rigorous comparisons with established assessment instruments. Third, our study introduced potential
selection bias through exclusion of 487 patients due to missing data and reliance on admission-time structured
questionnaires, which may not capture dynamic risk changes during hospitalization. While multiple imputation was
employed to address missing data, systematic differences between included and excluded patients may affect the
generalizability of our findings. The retrospective study design may have introduced selection bias and restricted the
ability to assess dynamic risk factors that fluctuate during hospitalization. Furthermore, temporal variations in fall risk
throughout the day and across different hospitalization phases were not comprehensively examined in the current model.
Although originally developed using Japanese data (2008-2009), external validation with contemporary Chinese data
from Taizhou People’s Hospital (2019-2023) demonstrated robust cross-cultural and temporal generalizability. However,
broader multi-center validation across diverse populations and healthcare systems remains necessary to establish global
applicability.
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Future Perspectives

Expanding upon these findings while recognizing the outlined limitations, several promising research directions
warrant further exploration. First, multi-center validation studies conducted across various healthcare systems and
geographical regions are necessary to establish the broader applicability of the predictive model. Incorporating
diverse patient populations and clinical environments in these studies would enhance the model’s generalizability.
Second, future investigations should explore additional risk factors, particularly those associated with environmental
conditions, staffing patterns, and temporal fluctuations in fall risk. The integration of real-time monitoring systems
and wearable technologies could provide valuable data for refining predictive accuracy. Third, prospective studies
assessing the application of the nomogram in clinical practice would be instrumental in evaluating its influence on
fall prevention strategies and healthcare resource utilization. Additionally, cost-effectiveness analyses of implement-
ing this predictive tool across different healthcare settings would offer critical insights for healthcare administrators
and policymakers. The development of automated risk assessment systems integrated with electronic health records
offers a promising approach, potentially improving the efficiency and accuracy of fall risk prediction in clinical
practice.

Conclusion

A predictive model incorporating six variables—duration of stay in hospital, C-age, history of falls, wheelchair use,
psychotropic medication use, and cognitive dysfunction—was developed and presented as a dynamic nomogram for
estimating in-hospital fall risk. As a decision-support tool accessible via mobile devices, this nomogram facilitates early
risk identification and informs targeted interventions. Prospective clinical trials are needed to evaluate its effectiveness in

reducing fall rates and improving patient safety outcomes.
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