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Abstract：Objective:To investigate the risk factors for preoperative deep vein thrombosis (DVT) 

in patients with peri-ankle fractures and to develop a machine learning-based prediction model for 

preoperative DVT risk.Methods:A retrospective study was conducted involving 1000 patients with

 peri-ankle fractures. Predictors were selected using Lasso regression, and the dataset was randoml

y split into a training set and a validation set at a 7:3 ratio. Four models—Logistic Regression, D

ecision Tree, Random Forest, and XGBoost—were constructed and internally validated using the 

Bootstrap method. Model performance was compared using metrics including the area under the R

OC curve (AUC), calibration curves, decision curve analysis, and the F1 score. The optimal mode

l was interpreted using the SHAP method.Results:Four predictors were identified: age, BMI, preo

perative waiting time, and D-dimer level. The XGBoost model demonstrated the best performance,

 with an AUC of 0.827 in the validation set. SHAP analysis confirmed that higher values of these

 four features contributed positively to the model's predictions, aligning with clinical knowledge a

nd ensuring a transparent and credible decision-making process.Conclusion:The XGBoost-based pr

ediction model exhibits favorable performance and interpretability. It delineates core risk factors to

 guide targeted nursing interventions and holds potential for translation into a clinical decision-sup

port tool, offering a novel strategy for the precise prevention of preoperative DVT. 

Keywords：Peri-ankle Fracture；Deep Vein Thrombosis；Machine Learning；Prediction Model 

Introduction 

Peri-ankle fractures represent one of the most common types of fractures, accounting for 

approximately 10.2% of all fractures[1]. The cornerstone of treatment lies in the restoration of anatomical 

alignment and functional stability of the joint, with surgical intervention required in approximately 23.4% 

to 83% of patients[2-4]. However, due to the thin subcutaneous tissue around the ankle, progressive post-



traumatic soft tissue swelling often peaks within 24 to 72 hours, frequently necessitating postponement 

of surgery until the swelling has subsided—typically indicated by the presence of the skin wrinkle sign—

which generally occurs between 3 to 14 days after injury[5,6]. Such delays in surgical management 

significantly increase both the complexity of patient care and associated risks. Prolonged immobilization 

and restricted mobility not only extend the duration of hospitalization but also place patients at an 

elevated risk of complications such as deep vein thrombosis (DVT) and pressure ulcers. 

DVT represents a critical preoperative risk factor in these patients. Trauma alone can induce a 

hypercoagulable state within 24 hours, while pain and immobilization following the fracture further 

exacerbate venous stasis and endothelial injury. This combination creates a synergistic effect, placing 

patients with ankle fractures in a high-risk category for DVT[7,8]. Research indicates that the average time 

from fracture occurrence to DVT diagnosis is merely 4.2 days[9]，yet the preoperative waiting period 

often extends to 7-10 days[10]. More alarmingly, each day of surgical delay is associated with a 9.3% 

increase in DVT risk[11]，with the overall reported preoperative incidence ranging from 2.1% to 

37.5%[12,13]. ince a dislodged thrombus can lead to life-threatening pulmonary embolism, preoperative 

DVT prevention has become a paramount priority in clinical nursing practice. 

Currently, generalized risk assessment tools such as the Caprini score are widely used in clinical 

practice; however, they lack specificity for warning of DVT risk in the particular population of peri-

ankle fracture patients. Moreover, early symptoms of DVT can often be masked by the trauma response, 

posing significant challenges to accurate prevention [14]. In recent years, machine learning (ML) 

techniques have demonstrated remarkable potential in medical risk prediction by integrating 

multifactorial clinical data to develop high-accuracy predictive models. Therefore, this study aims to 

develop a preoperative DVT risk prediction model specifically for patients with peri-ankle fractures 

using machine learning algorithms. The goal is to enable early identification of DVT and facilitate 

individualized, precise prophylaxis, thereby offering a novel approach to enhancing perioperative 

nursing safety. 

1. Subjects and Methods 

1.1 Study Population 

This retrospective study enrolled patients with peri-ankle fractures who underwent surgical 

treatment in the Department of Orthopedics at a tertiary Grade A hospital in Baoding City between 

January 2022 and December 2024. 

The inclusion criteria were as follows: (1) radiologically confirmed diagnosis of peri-ankle fracture; 

(2) age ≥18 years; and (3) acute fracture (time from injury to presentation <21 days). Patients meeting 



any of the following criteria were excluded: (1) open fracture; (2) concomitant fractures in other 

anatomical regions; (3) associated vascular or neurological injuries; (4) pre-existing deep vein 

thrombosis (DVT) prior to admission; (5) severe hepatic or renal dysfunction, or diagnosis of malignant 

tumor; or (6) pregnancy. 

The minimum sample size was determined to be 652 participants based on the methodology 

described by Riley et al.[15]To account for a potential 10%–20% rate of excluded or non-evaluable cases, 

a minimum of 782 subjects were targeted. The study ultimately included 1000 participants, who were 

randomly allocated into a training set (n=700) and a validation set (n=300) at a ratio of 7:3. This study 

was approved by the Medical Ethics Committee of Baoding First Central Hospital (Approval No.: Quick 

[2024]241). All methods were carried out in accordance with relevant guidelines and regulations. 

Informed consent was obtained from all subjects and/or their legal guardian(s). 

1.2 Methods 

1.2.1 Study Instrument 

Based on a comprehensive literature review and expert panel discussions, a Checklist for Risk 

Factors of Preoperative DVT in Patients with Peri-Ankle Fractures was developed. This checklist 

encompassed the following categories:(1) Demographic characteristics: sex, age, body mass index (BMI), 

preoperative waiting time, and time from injury to hospital admission;(2) Clinical and disease-related 

characteristics: diabetes, hypertension, cardiovascular disease, cerebrovascular disease, smoking history, 

alcohol use history, fracture type, and injury mechanism;(3) Laboratory parameters: D-dimer, 

hemoglobin, prothrombin time (PT), activated partial thromboplastin time (APTT), platelet count, 

hematocrit, platelet distribution width (PDW), albumin, C-reactive protein (CRP), and fasting blood 

glucose. 

1.2.2 Data Collection and Quality Control 

Two researchers, who had received standardized training, independently extracted data from the 

hospital’s electronic medical record system using the aforementioned checklist. Following data 
collection, a dual-entry verification and cross-validation process was performed to ensure accuracy. Data 

preprocessing included removal of duplicate entries, along with logical checks and imputation of missing 

values for key variables to maintain data integrity. The study design adhered to the TRIPOD statement[16]. 

1.2.3 Statistical Analysis 

Data analyses were conducted using SPSS 26.0 and R 4.3. Continuous variables were compared 

between groups using the t-test or Mann–Whitney U test, as appropriate, while categorical variables were 

compared using the χ² test or Fisher’s exact test. For prediction modeling, least absolute shrinkage and 

selection operator (Lasso) regression was first applied to screen predictors from all candidate variables. 

The dataset was then randomly split into training and validation sets in a 7:3 ratio. Based on the selected 

variables, four models were constructed: logistic regression, decision tree, random forest, and XGBoost. 

Internal validation was performed using the bootstrap method with 1000 resamples. Model performance 

was comprehensively evaluated using the area under the receiver operating characteristic curve, 

calibration curves, decision curve analysis, and the F1 score. The optimal model was further interpreted 

using SHAP (SHapley Additive exPlanations). A two-sided p-value < 0.05 was considered statistically 

significant. 

2. Results 

2.1 Baseline Characteristics of the Study Population 

A total of 1000 eligible patients were randomly allocated into a training set (n = 700) and a 

validation set (n = 300) at a 7:3 ratio. The incidence of DVT was 14.9% (104/700) in the training set and 



16.0% (48/300) in the validation set. Comparison of baseline characteristics between the two sets 

revealed a statistically significant difference only in albumin levels (P < 0.05), with all other variables 

showing no significant differences (P > 0.05), indicating that the randomization process was generally 

successful. Although albumin levels differed between the groups, this variable was not selected by the 

LASSO regression as a final predictor; therefore, its influence on subsequent model development is likely 

minimal. Detailed baseline characteristics are presented in Table 1. 

Table 1. Baseline Characteristics of the Study Participants in the Training and Validation Sets 

[Mean ± SD / n (%) / Median (IQR)] 

Variable Group 
Train Set

（n=700） 

Valiadation Set

（n=300） 

Test 

Statistic 
P-Value 

Sex Male 

Female 

440（62.86） 

260（37.14） 

181（60.33） 

119（39.67） 

0.568b 
0.451 

 

Age(years)  46.84±14.53 47.59±14.27 -0.753a 0.452 

BMI（kg/m2） ＜24.0 

≥24.0 

487（69.57） 

213（30.43） 

210（70.00） 

90（30.00） 

0.018b 

0.892 

Time from Injury 

to Admission（h） 

 7.00（4.00，

24.00） 

6.00（3.00，

24.00） 

-1.406c 
0.160 

Preoperative 

Waiting Time

（d） 

 9.11±3.71 8.91±3.61 0.794a 

0.428 

Type of Injury High-energy 

Low-energy 

395（56.43） 

305（43.57） 

151（50.33） 

149（49.67） 

3.147b 

0.076 

Fracture 

Classification 

 

Unimalleolar 

Fracture 

Bimalleolar 

Fracture 

Trimalleolar 

Fracture 

Calcaneal 

Fracture 

Talus 

Fracture 

Metatarsal 

Fracture 

Distal 

Tibiofibular 

Fracture 

Lower 

Tibiofibular 

Fracture 

Pilon Fracture 

298（42.57） 127（42.33） 5.859b 0.663 

18（2.57） 10（3.33）   

60（8.57） 18（6.00）   

147（21.00） 66（22.00）   

9（1.29） 1（0.33）   

48（6.86） 21（7.00）   

48（6.86） 24（8.00）   

57（8.14） 23（7.67）   

15（2.14） 

10（3.33）  

 



Hypertension Yes 

No 

139（19.86） 

561（80.14） 

72（24.00） 

228（76.00） 

2.165b 

0.141 

Diabetes Yes 

No 

53（7.57） 

647（92.43） 

27（9.00） 

273（91.00） 

0.582b 

0.445 

Cardiovascular 

Disease 

Yes 

No 

16（2.29） 

684（97.71） 

10（3.33） 

290（96.67） 

0.910b 

0.340 

Cerebrovascular 

Disease 

Yes 

No 

8（1.14） 

692（98.86） 

8（2.67） 

292（97.33） 

3.097b 

0.078 

Smoking Yes 

No 

192（27.43） 

508（72.57） 

78（26.00） 

222（74.00） 

0.217b 

0.641 

Alcohol Use Yes 

No 

158（22.57） 

542（77.43） 

68（22.67） 

232（77.33） 

0.001b 

0.974 

D-dimer

（𝜇g/L） 

＜500 

≥500 

221（31.57） 

479（68.43） 

86（28.67） 

214（71.33） 

0.833b 

0.361 

Prothrombin 

Time（s） 

＜10 

10-14 

＞14 

12（1.71） 

680（97.14） 

8（1.14） 

6（2.00） 

285（95.00） 

9（3.00） 

4.456b 

0.108 

Activated Partial 

Thromboplastin 

Time（s） 

＜23 

23-37 

＞37 

14（2.00） 

679（97.00） 

7（1.00） 

3（1.00） 

294（98.00） 

3（1.00） 

1.257b 

0.533 

Hemoglobin

（g/L） 

＜110 

110-150 

＞150 

59（8.43） 

529（75.57） 

112（16.00） 

35（11.67） 

210（70.00） 

55（18.33） 

3.909b 

0.142 

Hematocrit

（%） 

＜40 

40-50 

＞50 

321（45.86） 

363（51.86） 

16（2.29） 

137（45.67） 

159（53.00） 

4（1.33） 

1.007b 

0.605 

Platelet Count

（109/L） 

＜100 

100-300 

＞300 

4（0.57） 

615（87.86） 

81（11.57） 

2（0.67） 

262（87.33） 

36（12.00） 

0.071b 

0.965 

Platelet 

Distribution Width

（fL） 

＜9 

9-17 

＞17 

30（4.29） 

657（93.86） 

13（1.86） 

13（4.33） 

281（93.67） 

6（2.00） 

0.024b 

0.988 



Albumin（g/L） ＜35 

35-50 

＞50 

19（2.71） 

671（95.86） 

10（1.43） 

21（7.00） 

275（91.67） 

4（1.33） 

10.046b 

0.007 

C-Reactive 

Protein（mg/L） 

＜10 

≥10 

406（58.00） 

294（42.00） 

165（55.00） 

135（45.00） 

0.772b 
0.380 

Fasting Blood 

Glucose（＞

6.1mmol/L） 

Yes 

No 

190（27.14） 

510（72.86） 

77（25.67） 

223（74.33） 

0.234b 

0.629 

Note: a, b, and c represent the t-value, χ² value, and Z-value, respectively. 

2.2 Identification of Predictors for Preoperative DVT in Patients with Peri‑ankle Fractures 

2.2.1 Variable Selection Using LASSO Regression 

The least absolute shrinkage and selection operator (LASSO) regression method, which 

incorporates L1 regularization, was employed to automatically select relevant predictors and exclude 

non‑contributory variables, thereby reducing the risk of overfitting. The optimal regularization parameter 

(λ) was determined via cross‑validation. At λ‑1SE = 0.048, the model achieved a favorable balance 
between goodness‑of‑fit and simplicity, retaining only a limited set of predictors. Four variables were 
ultimately selected: age, body mass index (BMI), preoperative waiting time, and D‑dimer level. These 
variables were subsequently included in the multivariable analysis. The variable selection path and 

cross‑validation curve are shown in Figures 1 and 2, respectively. 

 

Figure 1. Coefficient Path Plot Figure 2. Cross-Validation Plot 

2.2.2 Multivariable Analysis of Preoperative DVT in Patients with Peri‑Ankle Fractures 

Multivariable analysis was performed with the occurrence of DVT as the dependent variable and 

the four predictors selected by LASSO regression as independent variables. Detailed value assignments 

for these variables are provided in Table 2. The results identified the following as independent risk factors 

for preoperative DVT (P < 0.05): age, BMI ≥ 24 kg/m², preoperative waiting time, and D-dimer ≥ 500 
μg/L. Complete results of the multivariable analysis are presented in Table 2. 

Table 2. Multivariable Analysis of Preoperative DVT in Patients with Peri‑Ankle Fractures 

Variable 

Regression 

Coefficient 

Standard 

Error 

Wald࣑૛ 

Value 

P-value 

Odds Ratio 

(OR) 

95%CI 

Lower Upper 

Constant -7.362 0.692 113.149 ＜0.001 0.001   



Age 0.066 0.010 44.935 ＜0.001 1.069 1.048 1.090 

BMI≥24kg/m2 1.056 0.239 19.546 ＜0.001 2.875 1.800 4.591 

Preoperative 

Waiting Time 
0.098 0.032 9.655 0.002 1.103 1.037 1.174 

D-dimer≥500𝜇g/L 1.016 0.350 8.413 0.004 2.763 1.390 5.490 

2.3 Development of a Prediction Model for Preoperative DVT in Patients with Peri‑Ankle Fractures 

Using the predictors identified through LASSO regression and multivariable analysis, four distinct 

prediction models were constructed: logistic regression, decision tree, XGBoost, and random forest. The 

predictive performance of each model on the training set was evaluated by generating receiver operating 

characteristic (ROC), calibration, decision curve analysis (DCA), and clinical impact curve (CIC). 

Quantitative metrics including the area under the curve (AUC), precision, accuracy, recall, and F1-score 

were calculated. Detailed results are presented in Figures 3–6 and Table 3. 

 

Logistic Regression 

Model ROC Curve 

Logistic Regression 

Model Calibration  

Curve 

Logistic Regression 

Model DCA Curve 

Logistic Regression M

odel CIC Curve 

Figure 3. Evaluation Metrics for the Logistic Regression Model on the Training Set 

 
Decision Tree Model 

ROC Curve 

Decision Tree Model

 Calibration Curve 

 Decision Tree Model 

DCA Curve 

    Decision Tree M

odel CIC Curve 

Figure 4. Evaluation Metrics for the Decision Tree Model on the Training Set 

 

  XGBoost Model 

ROC Curve 

  XGBoost Model Cali

bration Curve 

 XGBoost Model DCA

 Curve 

XGBoost Model CIC 

Curve 

Figure 5. Evaluation Metrics for the XGBoost Model on the Training Set 



 

  Random Forest 

Model ROC Curve 

Random Forest  Model

 Calibration Curve 

Random Forest  Model

 DCA Curve 

Random Forest Model 

CIC Curve 

Figure 6. Evaluation Metrics for the Random Forest Model on the Training Set 

Table 3. Comparison of Predictive Performance Among the Four Models on the Training Set 

Model  AUC Accuracy Precision Recall F1 Score 

Logistic 

Regression 

Training set 
0.821 0.864 0.881 0.971 0.924 

Decision Tree Training set 0.700 0.863 0.874 0.980 0.924 

XGboost Training set 0.921 0.904 0.917 0.975 0.945 

Random Forest Training set 0.857 0.856 0.854 1 0.922 

2.4 Internal Validation of the Prediction Models for Preoperative DVT in Patients with Peri-Ankle 

Fractures 

Internal validation of the four machine learning prediction models was performed using the 

bootstrap method with 1,000 resamples to assess their predictive performance on the validation set. The 

results of this validation, including ROC curves, calibration plots, and decision curve analysis for each 

model, are detailed in Figures 7–10 and Table 4. 

 

Logistic Regression 

Model ROC Curve 

Logistic Regression 

Model Calibration  

Curve 
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Figure 7. Evaluation Metrics for the Logistic Regression Model on the Validation Set 

 



Decision Tree Model 

ROC Curve 

Decision Tree Model

 Calibration Curve 

 Decision Tree Model 

DCA Curve 

Decision Tree Model
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Figure 8. Evaluation Metrics for the Decision Tree Model on the Validation Set 

 

  XGBoost Model 

ROC Curve 

  XGBoost Model Cali

bration Curve 
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XGBoost Model CIC 
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Figure 9. Evaluation Metrics for the XGBoost Model on the Validation Set 
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Model ROC Curve 

Random Forest  Model

 Calibration Curve 

Random Forest  Model

 DCA Curve 

Random Forest Model 

CIC Curve 

Figure 10. Evaluation Metrics for the Random Forest Model on the Validation Set 

Table 4. Comparison of Predictive Performance Among the Four Models on the Validation Set 

Model  AUC Accuracy Precision Recall F1 Score 

Logistic 

Regression 

Validation set 

0.847 0.857 0.868 0.980 0.921 

Decision Tree Validation set 0.698 0.857 0.868 0.980 0.921 

XGboost Validation set 0.827 0.831 0.875 0.933 0.903 

Random Forest Validation set 0.840 0.844 0.849 0.922 0.915 

2.5 Comprehensive Comparison of Predictive Performance Across the Four Machine Learning Models 

Based on the overall performance in both the training and validation sets, the XGBoost model 

demonstrated strong fitting capability and enhanced predictive accuracy, while the Logistic Regression 

model exhibited superior stability. The Random Forest model ranked next in predictive performance, 

whereas the Decision Tree model underperformed compared to the other three. A comprehensive 

comparison is detailed in Figure 11 and Table 5. 



  

 ROC Curves of the Four Models in the 

Training Set 

 ROC Curves of the Four Models in the 

Validation Set 

Figure 11. Comprehensive Comparison of ROC Curves for the Four Models 

Table 5. Comprehensive Comparison of Predictive Performance Across the Four Models in Training 

and Validation Sets 

Model  AUC Accuracy Precision Recall F1 Score 

Logistic 

Regression 

Training set 0.821 0.864 0.881 0.971 0.924 

Validation set 0.847 0.857 0.868 0.980 0.921 

Decision Tree 
Training set 0.700 0.863 0.874 0.980 0.924 

Validation set 0.698 0.857 0.868 0.980 0.921 

XGboost 
Training set 0.921 0.904 0.917 0.975 0.945 

Validation set 0.827 0.831 0.875 0.933 0.903 

Random 

Forest 

Training set 0.857 0.856 0.854 1 0.922 

Validation set 0.840 0.844 0.849 0.922 0.915 

2.6 Interpretability Analysis of the XGBoost Model 

To elucidate the decision-making logic of the optimal model, we performed an interpretability 

analysis on the XGBoost model using SHapley Additive exPlanations (SHAP). The features were ranked 

by their importance in influencing the prediction outcome in the following order: age, BMI, preoperative 

waiting time, and D-dimer (Figure 12). The SHAP summary plot further revealed that higher values of 

these four features corresponded to increased SHAP values, indicating a greater predicted risk of DVT. 

This finding aligns with clinical understanding and the results of the multivariable analysis, confirming 

the rationality and interpretability of the model's decision-making process (Figure 13). 



 

Figure 12. Feature Importance Ranking of the 

XGBoost Model 

Figure 13. SHAP Summary Plot of the 

XGBoost Model 

3. Discussion 

3.1 Incidence of Preoperative DVT in Patients with Peri-Ankle Fractures 

This study found a preoperative DVT incidence of 15.3% in patients with peri-ankle fractures. This 

rate falls within the range of 6.4% to 37.5% reported in previous literature[12,17-19]. The observed variation 

may be attributed to differences in study populations, inclusion criteria, and DVT detection protocols. 

Notably, the relatively high detection rate in our study is likely associated with the systematic use of 

Doppler ultrasonography for screening, suggesting that active surveillance facilitates the identification 

of a greater number of asymptomatic DVT cases. Despite the variability in reported incidence, our 

findings consistently affirm that this patient population faces a substantial risk of preoperative DVT. 

Given that DVT is a preventable yet potentially fatal complication, these findings underscore the 

importance of implementing systematic and individualized preoperative risk assessment in patients with 

peri-ankle fractures, rather than relying solely on empirical or generalized approaches. 

3.2 Risk Factors for Preoperative DVT in Patients with Peri-Ankle Fractures 

The four predictors identified in this study are not only statistically significant but also reflect clear 

pathophysiological mechanisms and hold substantial clinical relevance for targeted interventions. 

Advanced age was confirmed as an independent risk factor for DVT, with each additional year of 

age associated with a 6.9% increase in risk (OR = 1.069). This correlation aligns with age-related 

endothelial dysfunction, hemodynamic abnormalities, and a progressively hypercoagulable state[20,21]. 

Consequently, nursing assessments should explicitly recognize advanced age as a core risk dimension, 

warranting more intensive prophylaxis in elderly patients. 

A BMI ≥ 24 kg/m² was associated with a 2.875-fold increase in DVT risk, underscoring 

overweight/obesity as a major modifiable factor[22,23]. This is attributable to the chronic inflammatory 

state, dyslipidemia, and prothrombotic tendency commonly observed in obesity[24,25]. These findings 

highlight a clear target for nursing intervention: integrating weight management strategies and targeted 

health education into perioperative care plans, particularly for obese individuals. 

Preoperative waiting time emerged as a critical, systems-related risk factor. Each additional day of 

delay increased DVT risk by 10.3% (OR = 1.103), directly illustrating a dose–response relationship 

between immobilization duration and venous stasis[13,22,26]. This insight shifts focus beyond patient-

specific factors to healthcare processes, emphasizing the vital role nurses can play in coordinating and 

advocating for optimized clinical pathways to mitigate patient risk. 



A D-dimer level ≥ 500 μg/L, serving as a sensitive laboratory marker, increased DVT risk by 2.763-

fold. Although limited in specificity, it provided an objective early warning within our specific study 

population[9,27]. In nursing practice, elevated D-dimer levels should trigger enhanced monitoring and 

prophylactic measures, even in the absence of typical clinical symptoms. 

In summary, these four factors—spanning patient baseline status (age, BMI), care process efficiency 

(preoperative waiting time), and objective laboratory metrics (D-dimer)—collectively establish a 

comprehensive and readily assessable risk prediction framework. This model provides a solid foundation 

for implementing precise, evidence-based nursing interventions. 

3.3 Comprehensive Comparison of the Four Machine Learning Models 

The present study demonstrated that the XGBoost model achieved the best overall predictive 

performance in the validation set (AUC = 0.827). Its strength lies in effectively capturing complex, non-

linear relationships among variables, which aligns well with the multifactorial and interactive 

pathogenesis of DVT. Consistent with our results, Wei et al.[28]also reported superior performance of 

XGBoost in predicting DVT risk in patients with lower limb fractures (AUC = 0.979). Compared to 

traditional assessment tools such as the Caprini score, the XGBoost model maintains high accuracy while 

offering enhanced clinical applicability. 

3.4 Model Interpretability Analysis Based on SHAP 

This study employed SHAP analysis to successfully transform the "black-box" model into an 

interpretable decision-support tool[29]. The feature importance ranking identified age as the primary risk 

factor, necessitating that nursing staff assign the highest priority to risk assessment in elderly patients. 

BMI and preoperative waiting time, as modifiable factors, indicate that nursing practice should reinforce 

health education for overweight or obese patients and work collaboratively with the healthcare team to 

optimize clinical pathways and minimize preoperative delays. D-dimer, serving as an objective 

laboratory marker, provides a crucial quantitative basis for nursing assessment; its elevation should 

trigger more frequent monitoring and proactively suggest vascular ultrasound examinations. In summary, 

SHAP analysis not only validates the model's reliability but also translates the four predictors into clear 

nursing assessment priorities and intervention targets, establishing a solid foundation for developing a 

precise and efficient preoperative DVT prevention protocol. 

4. Conclusion 

This study identified age, BMI, preoperative waiting time, and D-dimer level as independent 

predictors for preoperative DVT in patients with peri-ankle fractures. The XGBoost model developed 

based on these predictors demonstrated optimal performance, with satisfactory discrimination and 

calibration. Through SHAP analysis, the model achieved transparent interpretation of its decision-

making process, thereby enhancing its credibility and potential acceptability in clinical nursing practice. 

The proposed model shows promise for development into a decision-support tool to facilitate precise 

preoperative DVT risk assessment in this patient population. Future efforts should focus on validating 

its generalizability using multi-center external data, integrating the model into nursing information 

systems, and conducting interventional studies to evaluate its clinical utility. 
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