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Purpose: Hip fractures are often associated with deep vein thrombosis (DVT). This study aimed to develop machine learning models 
to predict preoperative DVT risk using basic clinical data from elderly patients with hip fractures.
Methods: Clinical data were retrospectively collected from 538 elderly hip fracture patients hospitalized at Beijing Shijitan Hospital. 
Eighteen clinical parameters were assessed. Patients from October 2021 to September 2024 (n=405) formed the development cohort, 
randomly divided into training and test sets (7:3). Patients from October 2024 to September 2025 (n=133) constituted the temporal 
validation set. Following Least Absolute Shrinkage and Selection Operator (LASSO) regression for feature selection, three models— 
logistic regression, light-gradient boosting machine, and support vector machine (SVM)—were developed. Performance was assessed 
using the area under the receiver operating characteristic curve (AUC), sensitivity, Brier score, calibration curves, and decision curve 
analysis (DCA). SHapley additive explanations (SHAP) were used for interpretability.
Results: LASSO selected seven features: fracture type, time from injury to admission, white blood cell count, red blood cell count, C- 
reactive protein, D-dimer, and prothrombin time. The SVM model demonstrated the best overall performance. In the test set, it 
achieved an AUC of 0.8525 (95% CI: 0.7624–0.9426), sensitivity of 0.7200, and Brier score of 0.1231. Performance remained stable 
in the temporal validation set with an AUC of 0.8360 (95% CI: 0.7470–0.9260), sensitivity of 0.6562, and Brier score of 0.1328. 
Calibration curves and DCA indicated reliable probability predictions and clinical net benefit. SHAP identified prothrombin time as the 
most important predictor. A web-based calculator was developed based on the SVM model.
Conclusion: The developed SVM model shows potential as a dynamic, interpretable risk assessment tool for preoperative DVT in 
elderly hip fracture patients. It may provide a helpful quantitative reference to assist clinicians with perioperative DVT monitoring and 
early warning.
Keywords: hip fracture, DVT, machine learning, support vector machine, SHAP, temporal validation

Introduction
Hip fractures are the most severe complication of osteoporosis.1 By 2050, the global number of hip fracture patients is 
projected to reach 4.5–6.3 million, and postoperative complications are likely to occur, with a mortality rate of 15–30% 
within one year post-fracture.2 Deep vein thrombosis (DVT) is the third most common cause of cardiovascular deaths 
worldwide. It not only carries the risk of pulmonary embolism but also leads to post-thrombotic syndrome in approxi
mately one-third of the affected individuals, manifesting as pain, swelling, and ulceration.3 A close relationship exists 
between hip fractures and DVT, underpinned by Virchow’s triad: fractures can cause vascular endothelial injury; bed rest 
and immobilization lead to slow, stagnant blood flow; and traumatic stress induces a hypercoagulable state. These three 
factors elucidate the high incidence of DVT in hip fracture patients.4 The elderly hip fracture population often presents 
with multiple chronic comorbidities such as diabetes, cardiovascular disease, and cognitive impairment.5 Postinjury 
physical frailty poses significant challenges for subsequent diagnosis and treatment. Furthermore, the healthcare burden 
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associated with hip fractures in the elderly population in China is expected to increase substantially over the next 30 
years.6–8

The incidence of preoperative DVT in elderly patients with hip fractures ranges from 9% to 39% and significantly 
affects the surgical timing, anticoagulation strategies, postoperative recovery, and functional rehabilitation.9 Currently, 
the Caprini risk assessment model is frequently used to clinically evaluate DVT risk. However, this population has 
specific characteristics that are not fully captured by such general tools, including the time from injury to hospital 
admission, and changes in laboratory parameters induced by stress following a traumatic fracture. A 10-year retro
spective study involving 1114 elderly patients with hip fracture conducted by Guo et al found that the Caprini score 
had limited predictive efficacy (AUC = 0.614).10 Ge et al applied machine learning to a cohort of 637 elderly hip 
fracture patients with hypertension, revealing that age, time from injury to hospital admission, and atrial fibrillation 
were significant predictors.11 These studies predominantly utilized random internal validation through data splitting 
and lacked temporal or external validation, limiting their clinical applicability. The diagnosis and exclusion of lower- 
extremity DVT primarily rely on vascular ultrasonography. Ultrasound results merely reflect the instantaneous state of 
the vessel and cannot assess the dynamic risk of DVT. Thus, they are insufficient to guide anticoagulation decisions. 
Conducting DVT research that specifically focuses on elderly patients with hip fractures is essential. Machine learning 
plays a significant role in developing clinical risk prediction models and has established standardized operational 
procedures.12,13

Therefore, we developed machine-learning models to predict the risk of lower-extremity DVT in elderly patients with 
hip fractures. This study incorporated common clinical indicators, such as fracture type, time from injury to hospital 
admission, and medical history, without incurring additional medical expenses for patients. Given the evidence suggest
ing that DVT is a process driven by inflammation and involves coagulation factors,14 we included inflammatory markers 
such as C-reactive protein (CRP) and white blood cell count alongside coagulation parameters to explore the relationship 
between inflammation and DVT from a clinical perspective. The data were partitioned to establish a temporal validation 
set, allowing the assessment of the generalizability of the model over time. Furthermore, SHapley additive explanation 
(SHAP) analysis was employed for visual interpretation to address the limitation of poor interpretability often associated 
with “black box” machine learning models.15 This study aimed to develop a preoperative DVT assessment tool for 
elderly patients with hip fractures that balances clinical interpretability and predictive accuracy, thereby providing 
a scientific basis for personalized anticoagulation strategies and dynamic perioperative DVT risk monitoring.

Materials and Methods
Patients and Data Collection
This study retrospectively enrolled elderly patients with hip fractures who were hospitalized at Beijing Shijitan Hospital, 
Capital Medical University, between October 2021 and September 2025. After screening based on predefined inclusion 
and exclusion criteria, 538 patients met the eligibility criteria for this study. The cohort comprised 160 males and 378 
females, 135 of whom were diagnosed with lower-extremity DVT. This retrospective study was approved by the Ethics 
Committee of Beijing Shijitan Hospital, Capital Medical University (No. IIT2025-124-001).

The inclusion criteria were as follows: (1) patients diagnosed with femoral neck fracture or intertrochanteric fracture, 
and (2) age > 60 years. The exclusion criteria were as follows: (1) history of pre-existing lower-extremity DVT, (2) end- 
stage malignant tumors, (3) multiple fractures, (4) inability to cooperate with lower-extremity vascular ultrasound 
examination, (5) time from injury to hospital admission exceeding 7 days, and (6) requirement for long-term bed rest 
and inability to perform activities of daily living independently prior to injury.

Diagnostic criteria for preoperative lower-extremity DVT: The diagnosis of preoperative lower-extremity DVT was 
established based on vascular ultrasound examination performed within 24 h of hospitalization for hip fracture and prior 
to hip surgery. Patients diagnosed with lower extremity DVT, including both proximal and distal DVT, were included in 
the DVT group.
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Data Collection
The following variables were collected for each patient:

Demographic and Clinical Characteristics: Fracture type and hip fractures in this study included femoral neck and 
intertrochanteric fractures, confirmed by Computed Tomography (CT) examination. Sex, age, diabetes mellitus, hyper
tension, and time from injury to hospital admission.

Laboratory Parameters included white blood cell count (WBC), neutrophil count (NE), platelet count (PLT), red blood 
cell count (RBC), hemoglobin (HGB), total cholesterol (TC), C-reactive protein (CRP), D-dimer, prothrombin time (PT- 
S), activated partial thromboplastin time (APTT), myoglobin (Mb), and creatine kinase-MB (CK-MB).

Data Preprocessing
Outlier Handling: Outliers were initially identified through box plot analysis. In accordance with clinical contextual 
considerations, identified outliers were removed and subsequently converted into missing values to maintain data 
integrity.

Missing Value Imputation: Missing data originating from two sources. First, for patients with stable vital signs upon 
admission, myoglobin and CK-MB tests were not performed to avoid unnecessary examinations, resulting in a small 
proportion of missing values. Second, missing values were generated following the removal of outliers, as described 
above. A random seed was established to ensure reproducibility of the results. Missing value imputation was performed 
using the MissForest random forest imputation method, which utilizes non-missing values as the training set to predict 
missing values. After ten iterations, the predicted values for the missing entries were obtained. Imputation demonstrated 
minimal impact on subsequent data analysis, and the imputed dataset was employed for all downstream analyses. 
A complete-case analysis was avoided to prevent potential selection bias, as the missing values predominantly corre
sponded to clinically stable patients for whom specific tests were routinely omitted. Considering the low rate of 
missingness, the MissForest algorithm was utilized, as it is methodologically recognized for preserving underlying 
data distributions and mitigating imputation-related bias.

Feature Variable Selection
Data were standardized using the Z-score method to ensure comparability across different features, while preserving the 
underlying data distribution characteristics, thereby enhancing model accuracy and accelerating model convergence. 
Categorical variables were factorized. Feature variable selection was performed using the Least Absolute Shrinkage and 
Selection Operator (Lasso) regression with L1 regularization to mitigate the model overfitting risk. The optimal penalty 
parameter λ was determined through 10-fold cross-validation, and the selected features were utilized for subsequent 
machine learning model development (Figure 1).

Model Development, Evaluation, Validation, and SHAP-Based Interpretability
A total of 405 patients, admitted between October 2021 and September 2024, were included in the model development 
cohort. To ensure reproducibility, a random seed was established and the data were partitioned into a training set (n=284) 
and a test set (n=121) using stratified sampling with a 7:3 ratio, facilitating model construction and internal validation. 
The patients admitted between October 2024 and September 2025 (n=133) were designated as the temporal validation 
set. Variable selection via Lasso regression was performed exclusively within the development cohort.

Given the relatively low proportion of patients with DVT, a synthetic minority oversampling technique (SMOTE) was 
applied to address class imbalance. This approach enhances the sample diversity and mitigates the overfitting risk. 
Notably, class imbalance handling was applied solely to the training set, whereas the test and temporal validation sets 
remained unchanged to preserve real-world prevalence distributions.

Three predictive models: logistic regression, light gradient boosting machine (LightGBM), and support vector 
machine (SVM) were constructed using the variables selected by LASSO regression. The performances and stabilities 
of the models were systematically compared. Hyperparameter tuning was conducted through 10-fold cross-validation 
coupled with a hyperparameter grid search to define optimal parameter ranges, thereby enhancing the model stability and 
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preventing overfitting. Detailed information regarding the grid search ranges and the final optimal parameters for each 
model is provided in Supplementary Tables 1 and 2.

Model performance was assessed using multiple metrics derived from confusion matrices, including the area under 
the receiver operating characteristic curve (AUC), accuracy, sensitivity, specificity, precision, F1 score, and Brier score, 
for both the training and test sets. Calibration and decision curve analyses were performed to evaluate the probability 
predictions and clinical utility, respectively, enabling the identification of the optimal model.

The selected optimal machine learning model was subsequently applied to the temporal validation set to assess its 
performance and temporal generalizability. Finally, the SHAP analysis was employed to elucidate the model predictions 
and characterize the feature contributions, enhancing the interpretability of the optimal predictive model.

Elderly patients with hip fractures admitted to Beijing Shijitan Hospital from October 2021 to September 2025

A total of 538 patients were included in this study

History of DVT
Multiple fractures
Injury to hospital admission >7 days, etc

The model development cohort comprised 405
patients from October 2021 to September 2024

The 133 patients between October 2024 and
September 2025 as temporal validation

Feature selection Lasso regression (L1
regularization, 10-fold CV)

70% training set(n=284) 30% test set(n=121)

Model development:with 3 ML
algorithms(LR,lightGBM,SVM), hyperparameter tuning

(hyperparameter grid search,10-fold CV )

Data preprocess: Outlier Handling,
MissForest method imputation for

missing data

Model evaluation AUC,accuracy, sensitivity,
Brier score, DCA, ect

SHAP method for model
explanation

Z-score standardization
SMOTE for class imbalance

Optimal model

Data
standardization

Performance evaluation in the
temporal validation set

Exclude

shiny web calculator

Figure 1 Flow chart. 
Abbreviations: CV, cross-validation; DVT, Deep vein thrombosis; ML, machine learning; LR, Logistic regression; LightGBM, light gradient boosting machine; SVM, support 
vector machine; DCA, Decision curve analysis; AUC, area under the receiver operating characteristic curve; SHAP, SHapley additive explanations; SMOTE, Synthetic 
Minority Over-sampling Technique.
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Shiny Web Calculator
To facilitate clinical utility and accessibility, we developed an interactive web-based calculator using the Shiny frame
work, based on the SVM prediction model. This tool allows clinicians to input patient-specific clinical information and 
subsequently generate an individualized predicted risk of DVT along with corresponding evidence-based treatment 
recommendations to assist clinical decision-making.

Statistical Analysis
All statistical analyses were performed using R software (version 4.4.3). Continuous variables with normal distribution 
are expressed as mean ± standard deviation, and comparisons between groups were conducted using an independent 
sample t-test. Non-normally distributed continuous variables were presented as medians with interquartile ranges, and 
differences were assessed using the Mann–Whitney U-test. Categorical variables are reported as frequencies with 
percentages, and group comparisons were performed using the chi-square test.

Missing values resulting from small-sample omissions were addressed through multiple imputations using the 
MissForest random forest algorithm. Feature selection was subsequently performed using LASSO regression to identify 
variables for inclusion in machine learning model development. Three distinct modeling approaches were employed for 
the prediction: logistic regression, SVM, and light gradient boosting machine (LightGBM).

Model performance was comprehensively evaluated using multiple metrics, including AUC, accuracy, sensitivity, 
specificity, precision, F1 score, and Brier score. To enhance clinical interpretability, a SHAP analysis was conducted to 
elucidate the contribution of features to model predictions. Statistical significance was defined as a two-tailed P-value of 
< 0.05.

Results
Patient Characteristics
The baseline characteristics of patients in the model development cohort are shown in Table 1. Among the 405 patients, 
statistically significant differences were observed between the DVT and non-DVT groups for fracture type, sex, age, time 
from injury to hospital admission, white blood cell count, neutrophil count, red blood cell count, hemoglobin, total 
cholesterol, CRP, D-Dimer, prothrombin time, and CK-MB (P < 0.05). No significant differences were detected between 
the training and test sets for these variables (P > 0.05), confirming the randomness and balance of the data partitioning.

The patient characteristics in the training and temporal validation sets are detailed in Table 2. Further analysis 
revealed statistically significant differences between the training and temporal validation sets for fracture type, age, time 
from injury to hospital admission, CRP level, D-dimer level, prothrombin time, and Mb level (P < 0.05).

Machine Learning Model Performance and Evaluation
LASSO regression identified seven predictive variables for model development: fracture type, time from injury to 
hospital admission, white blood cell count, red blood cell count, CRP level, D-dimer level, and prothrombin time. 
Using these variables, three machine learning models (logistic regression, LightGBM, and SVM) were constructed.

In the training set, all three models demonstrated satisfactory discriminative ability (Figure 2A and Table 3). 
LightGBM exhibited the best performance (AUC=0.9653, accuracy= 0.9061, specificity=0.9563, F1 score=0.8513) 
(Figure 2B), followed by SVM (AUC=0.9406, accuracy=0.8803, specificity=0.9515, F1 score=0.8042). Logistic regres
sion showed comparatively modest performance (AUC=0.8708, accuracy=0.7961, specificity= 0.8786, F1 score=0.6736).

However, model performance varied considerably in the test set, revealing differences in generalizability (Figure 2D 
and Table 3). Despite its superior training set performance, LightGBM demonstrated substantial performance degradation 
in the test set, with AUC decreasing to 0.8575 (ΔAUC = 0.1078) (Figure 2E), specificity to 0.8854, and F1 score 
decreasing from 0.8513 to 0.5882. The sensitivity decreased from 0.8058 to 0.6000, and the precision decreased from 
0.9022 to 0.5769, indicating marked overfitting and limited generalizability. Logistic regression maintained a relatively 
stable performance in the test set (AUC=0.8358, accuracy=0.7934), although the precision decreased from 0.7222 to 
0.5000, with the F1 score declining to 0.5763. The SVM demonstrated robust performance in the test set, achieving an 
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Table 1 Univariate Analysis of the Model Development Cohort

Variables Total (n=405) Non-DVT (n=302) DVT (n=103) P value Training Set (n=284) Test Set (n=121) P value

DVT, n(%) 0.189

No 302 (74.57) 206 (72.54) 96 (79.34)

Yes 103 (25.43) 78 (27.46) 25 (20.66)

Fracture type, n(%) <0.001 0.063

Femoral neck fracture 214 (52.84) 181 (59.93) 33 (30.04) 141 (49.65) 73 (60.33)

Intertrochanteric fracture 191 (47.16) 121 (40.07) 70 (67.96) 143 (50.35) 48 (39.67)

Sex, n(%) <0.001 0.550

Female 278 (68.64) 192 (63.58) 86 (83.50) 198 (69.72) 80 (66.12)

Male 127 (31.36) 110 (36.42) 17 (16.50) 86 (30.28) 41 (33.88)

Diabetes, n(%) 0.903 1.000

No 295 (72.84) 219 (72.52) 76 (73.79) 207 (72.89) 88 (72.72)

Yes 110 (27.16) 83 (27.48) 27 (26.21) 77 (27.11) 33 (27.27)

Hypertension, n(%) 1.000 0.626

No 165 (40.74) 123 (40.73) 42 (40.78) 113 (39.79) 52 (42.98)

Yes 240 (59.26) 179 (59.27) 61 (59.22) 171 (60.21) 69 (57.02)

Age (year) 82.19 (7.96) 81.48 (8.03) 84.26 (7.43) 0.002 82.24 (7.58) 82.05 (8.83) 0.823

Time (day) 1.89 (1.72) 1.64 (1.45) 2.60 (2.19) <0.001 1.81 (1.63) 2.06 (1.89) 0.190

WBC (109/L) 9.27 (2.89) 9.63 (2.91) 8.22 (2.59) <0.001 9.25 (2.97) 9.33 (2.73) 0.792

NE (109/L) 7.55 (2.67) 7.74 (2.67) 7.00 (2.59) 0.016 7.59 (2.71) 7.45 (2.58) 0.646

PLT (109/L) 197.73 (69.11) 197.88 (64.73) 197.29 (80.95) 0.940 195.95 (70.50) 201.92 (65.82) 0.427

RBC (1012/L) 3.79 (0.61) 3.87 (0.57) 3.55 (0.68) <0.001 3.80 (0.61) 3.77 (0.62) 0.609

HGB (g/L) 114.70 (17.38) 116.66 (16.71) 108.97 (18.10) <0.001 115.43 (17.07) 112.99 (18.03) 0.197

TC (mmol/L) 4.12 (0.92) 4.23 (0.87) 3.80 (1.00) <0.001 4.09 (0.89) 4.18 (0.99) 0.349

CRP (mg/L) 40.00 (30.35) 42.66 (31.71) 32.17 (24.46) 0.002 39.57 (28.98) 40.99 (33.43) 0.667

D-Dimer (ng/mL) 4297.64 (2891.53) 3826.94 (2587.92) 5677.78 (3282.19) <0.001 4410.36 (3020.18) 4033.09 (2556.63) 0.230

PT-S (s) 12.78 (1.49) 12.98 (1.51) 12.17 (1.26) <0.001 12.76 (1.44) 12.80 (1.63) 0.817

APTT (s) 29.68 (2.61) 29.69 (2.52) 29.66 (2.89) 0.915 29.83 (2.64) 29.33 (2.53) 0.075

Mb (ng/mL) 89.28 (98.48) 88.66 (99.58) 91.08 (95.63) 0.830 88.62 (97.45) 90.83 (101.24) 0.836

CK-MB (ng/mL) 1.93 (1.28) 1.84 (1.29) 2.19 (1.24) 0.018 1.95 (1.29) 1.90 (1.27) 0.711

Note: Data were presented as mean (SD) and n. 
Abbreviations: DVT, deep vein thrombosis; Time, time from injury to hospital admission; WBC, white blood cell count; NE, neutrophil count; PLT, platelet count; RBC, red blood cell count; HGB, hemoglobin; TC, total cholesterol; 
CRP, C-reactive protein; PT-S, prothrombin time; APTT, activated partial thromboplastin time; Mb, myoglobin; CK-MB, creatine kinase-MB.
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AUC of 0.8525 (ΔAUC = 0.0881), an accuracy of 0.8512, and an F1 score of 0.6667. Despite some performance 
attenuation relative to the training set, the SVM maintained overall stability and exhibited the highest sensitivity (0.7200) 
among all models in the test set, indicating its superior capability in identifying positive cases.

Evaluation of Model Calibration and Predictive Accuracy
Brier scores and calibration curves were used to evaluate the probabilistic prediction accuracies of the three models. The 
Brier score serves as a comprehensive metric for assessing the overall accuracy of probabilistic predictions, reflecting the 

Table 2 Univariate Analysis of Training Set and Temporal Validation Set

Variables Total (n=417) Training Set (n=284) Temporal Validation (n=133) P value

DVT, n(%) 0.538
No 307 (73.62) 206 (72.54) 101 (75.94)

Yes 110 (26.4) 78 (27.46) 32 (24.06)

Fracture type, n(%) 185 (44.4) <0.001

Femoral neck fracture 141 (49.65) 91 (68.42)
Intertrochanteric fracture 143 (50.35) 42 (31.58)

Sex, n(%) 298 (71.5) 0.300
Female 198 (69.72) 100 (75.19)

Male 86 (30.28) 33 (24.81)

Diabetes, n(%) 123 (29.5) 0.149

No 207 (72.89) 87 (65.41)

Yes 77 (27.11) 46 (34.59)

Hypertension, n(%) 253 (60.7) 0.862

No 113 (39.79) 51 (38.35)
Yes 171 (60.21) 82 (61.65)

Age (year) 81.74 (7.94) 82.24 (7.58) 80.68 (8.58) 0.060

Time (day) 1.97 (1.76) 1.81 (1.63) 2.31 (1.98) 0.007

WBC (109/L) 9.15 (2.71) 9.25 (2.97) 8.94 (2.07) 0.290

NE (109/L) 7.47 (2.65) 7.59 (2.71) 7.20 (2.49) 0.176

PLT (109/L) 194.86 (67.88) 195.95 (70.50) 192.53 (62.09) 0.632

RBC (1012/L) 3.84 (0.66) 3.80 (0.61) 3.96 (0.68) 0.098

HGB (g/L) 115.95 (17.48) 115.43 (17.07) 117.06 (18.34) 0.375

TC (mmol/L) 4.05 (0.95) 4.09 (0.89) 3.97 (0.99) 0.267

CRP (mg/l) 36.79 (28.45) 39.57 (28.98) 30.84 (26.43) 0.003

D-Dimer (ng/mL) 4162.23 (2893.96) 4410.36 (3020.18) 3632.38 (2534.31) 0.010

PT-S (s) 12.68 (1.28) 12.76 (1.44) 12.56 (0.81) 0.040

APTT (s) 29.71 (2.66) 29.83 (2.64) 29.47 (2.68) 0.178

Mb (ng/mL) 97.18 (113.79) 88.62 (97.45) 115.45 (141.26) 0.025

CK-MB (ng/mL) 2.01 (1.38) 1.95 (1.29) 2.16 (1.54) 0.150

Note: Data were presented as mean (SD) and n. 
Abbreviations: DVT, deep vein thrombosis; Time, time from injury to hospital admission; WBC, white blood cell count; NE, neutrophil count; 
PLT, platelet count; RBC, red blood cell count; HGB, hemoglobin; TC, total cholesterol; CRP, C-reactive protein; PT-S, prothrombin time; APTT, 
activated partial thromboplastin time; Mb, myoglobin; CK-MB, creatine kinase-MB.
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magnitude of prediction errors, with lower scores indicating a superior predictive performance. Calibration curves 
provide a visual representation of the concordance between predicted probabilities and observed outcomes, where 
a closer alignment with the diagonal line signifies better model calibration.

In the training set, the calibration curves for all three models closely approximated a diagonal line (Figure 2C). Brier 
scores quantified these observations: logistic regression demonstrated a Brier score of 0.1339, SVM achieved 0.0937, and 
LightGBM attained 0.0796. Notably, while logistic regression exhibited calibration curves closest to the diagonal, 
followed by SVM, the Brier scores favored LightGBM, with SVM ranking intermediately.

G H

FD

A

E

B C

Figure 2 Performance comparison of three machine learning models in the training and test sets. (A) Comparative performance metrics including AUC (area under the 
receiver operating characteristic curve), accuracy, and Brier score for the three models in the training set. (B) Receiver operating characteristic (ROC) curves for the 
training set. The colored lines represent different models: red for Logistic Regression, Orange for Support Vector Machine (SVM), and cyan for Light Gradient Boosting 
Machine (LightGBM). The diagonal grey line indicates random chance. (C) Calibration curves evaluating concordance between predicted probabilities and observed 
outcomes in the training set. The diagonal dashed black line represents a perfect calibration model. (D) Comparative performance metrics including AUC, accuracy, and 
Brier score for the three models in the test set. (E) Receiver operating characteristic (ROC) curves for the test set. (F) Calibration curves evaluating concordance between 
predicted probabilities and observed outcomes in the test set. (G) Decision curve analysis (DCA) demonstrating clinical utility and net clinical benefit of the models in the 
training set. The horizontal black line at the bottom represents “treat-none”, the thin diagonal grey line represents “treat-all”. (H) Decision curve analysis (DCA) 
demonstrating clinical utility and net clinical benefit of the models in the test set.
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In the test set, the calibration curves diverged substantially between models (Figure 2F). LightGBM demonstrated the 
closest alignment with the diagonal, followed by SVM, whereas logistic regression deviated most markedly from the 
ideal calibration. The corresponding Brier scores for the logistic regression, 0.1231 for SVM, and LightGBM were 
0.1375, 0.1231, and 0.1245, respectively. Despite modest attenuation in AUC, SVM maintained favorable Brier scores in 
the test set, indicating robust probabilistic prediction.

Decision Curve Analysis
Decision curve analysis (DCA) was performed to evaluate clinical utility by quantifying the net clinical benefit derived 
from model-guided decision-making across various threshold probabilities. In the training set, all three models demon
strated superior net benefit compared to both “treat-all” and “treat-none” strategies across clinically relevant threshold 
ranges, indicating substantial clinical utility (Figure 2G).

However, clinical utility varied considerably in the test set (Figure 2H). The SVM exhibited the superior and most 
stable net clinical benefit across a broad range of threshold probabilities (approximately 0.2 to 0.6), outperforming both 
logistic regression and LightGBM. This suggests that the SVM provides optimal benefit-risk ratios for real-world clinical 
applications. LightGBM demonstrated the most pronounced decline in clinical utility. Despite exceptional training set 
performance, substantial overfitting severely constrained its potential for clinical deployment. Logistic regression 
consistently maintained a modest clinical utility throughout the study.

Model Selection
Based on a comprehensive evaluation encompassing AUC, accuracy, F1 score, Brier score, calibration curves, and 
decision curve analysis, SVM emerged as the optimal model, demonstrating balanced performance, robust calibration, 
and sustained clinical utility across both the training and test sets.

Temporal Validation of the Optimal Model
Temporal validation serves as a critical reference for assessing the generalizability of the model. The performance of the 
SVM model was further evaluated using an independent temporal validation cohort comprising of patients admitted 
between October 2024 and September 2025. The SVM model achieved an AUC of 0.8360 (95% CI: 0.7470–0.9260) in 
the temporal validation set, closely approximating the performance of the internal test set (AUC 0.8525; 95% CI: 

Table 3 Performance Metrics of Machine Learning Models

Model Groups AUC (95% CI) Accuracy (95% CI) Sensitivity Specificity Precision F1 
Score

Brier 
Score

LightGBM Training set 0.9653 (0.9479, 0.9827) 0.9061 (0.8680, 0.9362) 0.8058 0.9563 0.9022 0.8513 0.0796

LightGBM Test set 0.8575 (0.7798, 0.9352) 0.8264 (0.7470, 0.8892) 0.6000 0.8854 0.5769 0.5882 0.1245

LR Training set 0.8708 (0.8301, 0.9116) 0.7961 (0.7468, 0.8396) 0.6311 0.8786 0.7222 0.6736 0.1339

LR Test set 0.8358 (0.7402, 0.9314) 0.7934 (0.7103, 0.8616) 0.6800 0.8229 0.5000 0.5763 0.1375

SVM Training set 0.9406 (0.9126, 0.9686) 0.8803 (0.8387, 0.9143) 0.7379 0.9515 0.8837 0.8042 0.0937

SVM Test set 0.8525 (0.7624, 0.9426) 0.8512 (0.7751, 0.9094) 0.7200 0.8854 0.6207 0.6667 0.1231

SVM Temporal 
validation set

0.8360 (0.7470, 0.9260) 0.8271 (0.7519, 0.8871) 0.6562 0.8812 0.6364 0.6462 0.1328

Notes: Brier score: The comprehensive metric for assessing the overall accuracy of probabilistic predictions, reflecting the magnitude of prediction errors; Accuracy: The 
overall proportion of correct predictions out of all cases; Sensitivity: The proportion of actual positive cases correctly identified by the model; Specificity: The proportion of 
actual negative cases correctly identified; Precision: The proportion of predicted positive cases that are actually positive; F1 score: The harmonic mean of precision and 
sensitivity, providing a balanced measure of model performance. 
Abbreviations: LR, logistic regression; SVM, support vector machine; LightGBM, light gradient boosting machine; AUC, area under the receiver operating characteristic 
curve.

Clinical Interventions in Aging 2026:21                                                                                             https://doi.org/10.2147/CIA.S614064                                                                                                                                                                                                                                                                                                                                                                                                       9

Zhang et al

Powered by TCPDF (www.tcpdf.org)Powered by TCPDF (www.tcpdf.org)



0.7624–0.9426), with only modest attenuation observed (Figure 3B). The overall accuracy was 0.8271 (95% CI: 0.7519– 
0.8871), comparable to that observed in the internal test set (0.8512; 95% CI: 0.7751–0.9094) (Figure 3A and Table 3).

In the temporal validation cohort, the SVM model demonstrated a sensitivity of 0.6562, specificity of 0.8812, and an 
F1 score of 0.6462. Despite evidence of clinical characteristic drift between the development and temporal validation 
populations, the SVM model maintained satisfactory discriminative performance. Calibration analysis revealed that the 
calibration curve of the SVM model generally remained aligned with the diagonal line across the risk spectrum, 
indicating well-calibrated probability estimates throughout the observed risk range (Figure 3C). This finding, corrobo
rated by a Brier score of 0.1328, confirmed that the SVM model preserved satisfactory accuracy in probabilistic 
predictions when applied to a temporal validation cohort. Decision curve analysis demonstrated that the SVM model 
provided superior net benefit compared to both “treat-all” and “treat-none” strategies across a broad range of clinically 
relevant threshold probabilities (0.1–0.6) in the temporal validation set (Figure 3D). Relative to the test set performance, 
the net benefit curves exhibited modest attenuation at higher threshold probabilities (>0.6) while remaining stable within 
the most clinically relevant threshold range (0.2–0.5), suggesting that the model can reliably inform routine clinical 
decision-making.

Collectively, these findings demonstrate that the SVM model exhibits robust generalizability in terms of temporal 
validation, thus providing essential evidence supporting its potential for clinical translation.

C D

A B

Figure 3 Performance evaluation of the SVM model in the temporal validation set. (A) Performance metrics demonstrating satisfactory generalizability of the SVM model in 
the temporal validation cohort. (B) Receiver operating characteristic (ROC) curve. (C) Calibration curve showing close alignment with the diagonal line. (D) Decision curve 
analysis revealing substantial net benefit across threshold probabilities of 0.1–0.6, confirming clinical utility.

https://doi.org/10.2147/CIA.S614064                                                                                                                                                                                                                                                                                                                                                                                                                                                                Clinical Interventions in Aging 2026:21 10

Zhang et al                                                                                                                                                                           

Powered by TCPDF (www.tcpdf.org)Powered by TCPDF (www.tcpdf.org)



Interpretability of the Optimal Model and SHAP-Based Feature Analysis
Feature importance ranking based on absolute SHAP values revealed that prothrombin time was the most influential 
variable in model prediction, followed by time from injury to hospital admission and CRP as the second and third most 
important contributors, respectively. D-dimer level, fracture type, white blood cell count, and red blood cell count were 
ranked subsequently in descending order of importance (Figure 4A).

The SHAP summary plot (bee swarm plot) illustrates the direction and magnitude of the impact of each feature on the 
DVT prediction. In this visualization, each point represents an individual patient sample, with yellow indicating high 
feature values and blue indicating low feature values. The horizontal axis represents SHAP values, where positive values 
indicate an increased DVT risk and negative values indicate a decreased DVT risk.

Notably, low prothrombin time values (blue) were predominantly clustered in the positive SHAP region, whereas high 
prothrombin time values (yellow) were concentrated in the negative SHAP region. This pattern indicates that prolonged 
prothrombin time suggests a hypocoagulable state, while shortened prothrombin time indicates a hypercoagulable state, 
consistent with the clinical coagulation physiology. High values of the time from injury to hospital admission (yellow) 
were primarily distributed in the positive region, indicating that delayed admission increased the risk of DVT. High CRP 
values were predominantly localized in the negative SHAP region, suggesting that acute inflammatory activity following 
hip fracture may paradoxically reduce DVT risk, an observation warranting further clinical investigation.

Elevated D-dimer levels are associated with an increased DVT risk, aligning with its established role as a marker of 
thrombus formation and fibrinolysis. Intertrochanteric fractures (yellow, indicating a high feature value) demonstrated 
a greater DVT risk than femoral neck fractures. White and red blood cell counts exhibited relatively limited and dispersed 
contributions to DVT prediction, suggesting that their role in clinical prediction may be modest (Figure 4B).

Individual prediction force plots illustrate the decomposition of predictions for single patients, with yellow arrows 
promoting DVT and red arrows inhibiting DVT (Figure 4C). Individual feature contribution plots displayed the specific 

D

CBA

Figure 4 SHAP-based interpretability analysis of the SVM model. (A) Global feature importance ranking based on mean absolute SHAP values. (B) Beeswarm plot 
illustrating the direction and magnitude of each feature’s impact on DVT prediction. Each point represents an individual patient sample; yellow indicates high feature values, 
blue indicates low feature values. The horizontal axis represents SHAP values, with positive values indicating increased DVT risk and negative values indicating decreased 
DVT risk. (C) Individual prediction force plot demonstrating decomposition of prediction for a single patient; yellow arrows indicate factors promoting DVT, red arrows 
indicate factors inhibiting DVT. (D) Individual feature contribution plot displaying the magnitude and direction of each feature’s contribution to the individual prediction. 
Abbreviations: PT-S, prothrombin time; time, time from injury to hospital admission; CRP, C-reactive protein; fracture, fracture type; WBC, white blood cell count; RBC, 
red blood cell count.
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Figure 5 Web-based DVT risk calculator developed based on the SVM prediction model. By entering seven patient characteristics: fracture type, time from injury to hospital admission, white blood cell count, red blood cell count, C- 
reactive protein, D-Dimer, and prothrombin time, the calculator provides the predicted DVT risk and corresponding management recommendations.
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contribution magnitude and direction of each feature in the prediction (Figure 4D). Together, these visualizations 
demonstrate the value of the SHAP methodology in enabling individualized prediction interpretation. In the exemplified 
case, the baseline expected value E[f(x)] = 0.309, whereas the patient’s final predicted value f(x) = 0.229 fell below the 
baseline.

Development of the Web Calculator
Finally, the SVM prediction model is deployed as an interactive Shiny web-based calculator. Clinicians can input seven 
patient characteristics to obtain individualized DVT risk estimates and corresponding clinical recommendations for 
reference purposes. The web-based calculator is presented in Figure 5 and can be accessed via the following link: https:// 
sdz-2026.shinyapps.io/thrombosis-risk-calculator.

Discussion
Artificial intelligence (AI) is rapidly advancing within the medical domain, offering substantial potential to assist in 
clinical decision-making and improve diagnostic accuracy. AI-driven tools, through continuous monitoring and multi
scale predictive analytics, hold promise for enabling proactive and personalized healthcare delivery.16 The increasing 
integration of artificial intelligence and machine learning into clinical medicine contributes meaningfully to advancing 
medical knowledge, improving patient outcomes, optimizing diagnostic and therapeutic strategies, and reducing health
care expenditures.17,18

The present study systematically compared the performance of three machine learning models in predicting pre
operative DVT risk in elderly patients with hip fractures, and evaluated the generalizability of the optimal model through 
temporal validation. The SVM demonstrated superior overall performance relative to the LightGBM and logistic 
regression. Compared with LightGBM, SVM exhibited less pronounced overfitting (AUC decline of 0.0881 vs 
0.1078) and a higher test set sensitivity (0.7200 vs 0.6000). Relative to logistic regression, the SVM achieved marginally 
better discriminative ability in the test set (AUC 0.8525 vs 0.8358), with substantially higher sensitivity (0.7200 vs 
0.6800).

Calibration curves and Brier scores confirmed that SVM provided reliable probability estimates with satisfactory 
predictive accuracy. Decision curve analysis demonstrated a stable net clinical benefit across the clinically relevant 
threshold ranges. SHAP analysis elucidated the decision-making logic of the model, identifying prothrombin time as the 
most important predictor with effect directions consistent with established coagulation mechanisms, thereby enhancing 
the credibility of the model. The SVM’s capacity to capture nonlinear relationships through kernel functions enables it to 
identify complex clinical patterns while maintaining robust generalizability, rendering it particularly suitable for multi
factorial clinical scenarios, such as elderly hip fracture assessment.19 Temporal validation is a rigorous standard to assess 
the generalizability of a model. The performance of the SVM model in the temporal validation cohort (AUC=0.8360, 
Brier score=0.1328) closely approximated that observed in the internal test set, confirming its stability despite the data 
drift encountered in real-world clinical practice. Relative to the test set performance, the calibration curves demonstrated 
a modest downward deviation in the moderate-to-high-risk range, suggesting a slight tendency toward risk under
estimation. Decision curve analysis confirmed a sustained net benefit within the clinically relevant threshold intervals, 
supporting the model’s potential for clinical translation. This multidimensional evaluation contributes to the reliability of 
the conclusions. To evaluate the potential influence of imputation, we performed a sensitivity analysis by excluding 
myoglobin and CK-MB and repeating the model development process. Neither variable was selected by LASSO, and 
their exclusion did not materially affect model performance, suggesting that imputation had minimal influence on the 
final model.

Virchow’s triad, comprising venous stasis, vascular endothelial injury, and hypercoagulability, constitutes the funda
mental pathophysiological basis for DVT. Under conditions of restricted venous flow, inflammasome activation and 
subsequent interleukin-1β secretion position DVT at the critical intersection of inflammatory dysregulation and coagula
tion disturbance.20 Following thrombus development, plasminogen activation initiates the fibrinolytic cascade, degrading 
fibrin clots into soluble fibrin degradation products, with D-dimer demonstrating a particularly high sensitivity for 
detecting these events.21 D-dimer level constitutes an integral component of contemporary DVT diagnostic algorithms 
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and is widely employed for both the prediction and exclusion of venous thromboembolism.22 Our findings corroborate 
these observations, identifying D-dimer, CRP, and prothrombin time as significant contributors to the preoperative DVT 
risk in elderly patients with hip fractures. Higher CRP values showed a negative contribution to model-predicted DVT 
risk in this cohort. However, this model-derived finding should be interpreted cautiously and should not be considered 
evidence of a protective effect, as systemic inflammation is generally regarded as prothrombotic; residual confounding, 
timing of CRP measurement, and trauma-related inflammatory responses may partly explain this unexpected pattern.

The present study identified the time from injury to hospital admission as a critical predictor, with prolonged intervals 
correlating with increased DVT risk. Delayed surgical intervention and extended preoperative waiting periods represent 
substantial challenges for the management of elderly patients with hip fractures in China. Current evidence indicates that 
optimizing preoperative preparation within 24–48 hours significantly reduces preoperative complication rates and 
mortality. Surgical delay exceeding 48 hours in this population is associated with markedly elevated 30-day and 1- 
year all-cause mortality, reaching 32% and 41%, respectively. Furthermore, such delays increase the incidence of 
postoperative complications (including DVT, pneumonia, and urinary tract infections) approximately twofold.23 These 
findings underscore the need for prompt medical attention following injury and minimization of preoperative delays to 
optimize patient outcomes and reduce postoperative morbidities.

Erythrocyte indices and fracture type also substantially contributed to DVT prediction in this population. Blood cells 
influence both hemorrhagic and thrombotic propensities through quantitative and qualitative alterations mediated by 
diverse underlying mechanisms.24 The present study further demonstrated that intertrochanteric fractures are associated 
with a significantly higher DVT risk than femoral neck fractures, a finding that was statistically significant. This disparity 
likely reflects anatomical and pathophysiological differences; femoral neck fractures represent intracapsular injuries, 
whereas intertrochanteric fractures are extracapsular and are typically associated with more substantial blood loss and 
extensive soft tissue damage. These observations warrant further dedicated investigation. Emerging evidence has 
explored the association between sleep patterns and thrombotic risks. In a prospective cohort study of 314,077 
participants, Li et al demonstrated that short sleep duration and poor sleep quality are associated with an elevated risk 
of venous thromboembolism.25

Color Doppler ultrasonography remains the gold standard for DVT diagnosis; however, it captures only instantaneous 
thrombus status at the time of examination. The present model addresses these limitations by incorporating fracture- 
specific variables, including fracture type and time from injury to hospital admission, to achieve more precise risk 
stratification. Furthermore, by leveraging routinely available laboratory parameters, such as CRP and prothrombin time, 
the model enables dynamic DVT risk assessment and early warning without incurring additional healthcare expenditure. 
When integrated with established diagnostic modalities such as ultrasonography, this approach serves as a valuable 
complement to existing diagnostic and risk assessment strategies.

Elderly hip fractures are associated with substantial morbidity and mortality. Therefore, effective prevention, 
diagnosis, and treatment are essential to alleviate patient suffering and improve clinical outcomes. Xu et al conducted 
a multicenter, randomized controlled trial to investigate management models for elderly hip fracture patients.26 Their 
findings demonstrated that multidisciplinary management (integrating orthopedics, geriatrics and relevant specialties) 
facilitates complementary expertise, accelerates the continuum from admission through surgery to rehabilitation, and 
reduces mortality risk in this vulnerable population. Perioperative neurocognitive disorder is a common complication 
following elderly hip fracture surgery. Wei et al constructed a dynamic nomogram using a multicenter cohort, which 
proves valuable for early risk stratification and guiding targeted perioperative interventions.27 Novel preventive strategies 
are emerging, such as the clinical trial investigating repetitive transcranial magnetic stimulation to prevent postoperative 
delirium in elderly patients undergoing lower limb arthroplasty.28 Because elderly hip fracture patients are prone to 
multiple complications, combining accurate risk prediction with such comprehensive interventions is ultimately required 
to facilitate successful recovery.

Limitations
The present study had several limitations that warrant consideration. First, owing to its retrospective and single-center 
design, this study is inherently susceptible to selection and information biases. Furthermore, the proposed model currently 
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lacks external validation, which limits its generalizability to diverse clinical settings. Given these constraints, the model 
should be utilized as an auxiliary reference tool for risk assessment, rather than a primary diagnostic basis for clinical 
decision-making. Second, the sample size was limited, particularly in DVT-positive cases. Although class imbalance 
techniques were applied, mild overfitting of the SVM model could not be entirely eliminated. Third, variable selection 
did not encompass certain potentially relevant parameters, including thromboelastography, fibrinogen, bone metabolism 
markers, bone mineral density, procalcitonin, or erythrocyte sedimentation rate. However, routine collection of these 
parameters would increase healthcare expenditures and may not be feasible in all clinical settings.

Furthermore, while the temporal differences between cohorts reflect real-world data drift, the model’s stable 
performance across these timeframes suggests its adaptability to local shifts in clinical practice. Nonetheless, given 
the single-center design, broader generalizability remains to be confirmed through future multicenter external valida
tion. Due to the inherent limitations of retrospective data collection, a direct head-to-head comparison with the Caprini 
risk assessment model could not be performed in the current study. In future prospective studies, comparative or 
integrative analyses with the Caprini model will be conducted to explore the potential clinical value of combined 
approaches. Furthermore, mechanistic investigations into inflammation-coagulation interactions should be pursued to 
elucidate the complex role of early inflammatory responses in DVT pathogenesis and progression following hip 
fractures.

Conclusion
In summary, we developed an SVM model for predicting preoperative DVT in elderly patients with hip fractures, using 
routinely available admission data. SHAP analysis enhanced the model transparency and identified prothrombin time as 
the predominant contributing factor. However, due to the single-center design and the lack of external validation, this 
model should currently serve only as an auxiliary reference tool. Subsequent multicenter prospective validation holds 
promise in providing dynamic decision support for DVT prevention and management in this vulnerable population.
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