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Background: Postoperative venous thromboembolism (VTE) is the most fatal complication of ovarian cancer and adversely affects 
prognosis. This study aimed to develop and validate predictive models for VTE risk following ovarian cancer resection using machine 
learning (ML) techniques and incorporating perioperative clinical and surgical variables.
Methods: Retrospective data were collected from 931 patients with ovarian cancer who underwent resection between March 2018 and 
April 2024 at two tertiary hospitals. The Least Absolute Shrinkage and Selection Operator (LASSO) regression was employed to 
identify critical predictors of VTE and seven ML models, including Logistic Regression (LR), Decision Tree (DT), Extreme Gradient 
Boosting Machine (XGBoost), Random Forest (RF), Support Vector Machine (SVM), Naïve Bayes (NB), and Light Gradient Boosting 
Machine (LGBM) were trained and optimized. Optimal hyperparameters were selected based on a 10-fold cross-validation. Model 
performance was evaluated using the area under the receiver operating characteristic curve (AUC), precision-recall area under the 
curve (PR-AUC), balanced accuracy, precision, recall, F1 score, and Brier score. The SHapley Additive exPlanation (SHAP) package 
was used to interpret the optimal models.
Results: The incidence of postoperative VTE was 10.0% (93/931). Among the models, XGBoost demonstrated superior performance, 
achieving an AUC of 0.935 (95% CI: 0.902–0.963) and PR-AUC of 0.620 (95% CI: 0.457–0.809), recall of 0.849, F1 score of 0.571, 
and Brier score of 0.116. SHAP analysis identified residual disease, surgical duration, postoperative D-dimer levels, postoperative 
chemotherapy, and age as the top five contributors to postoperative VTE risk.
Conclusion: The ML-based model, particularly the XGBoost algorithm, effectively predicted the VTE risk in patients with post- 
resection ovarian cancer. This tool may assist clinicians in early identification of high-risk individuals, thereby enabling personalized 
thromboprophylaxis and optimizing perioperative management to mitigate VTE-related morbidities.
Keywords: ovarian cancer, machine learning algorithm, predictive model, postoperative venous thromboembolism, risk factors, 
XGBoost

Introduction
Ovarian cancer remains one of the most lethal gynecologic malignancies, with approximately 230,000 new cases and 
150,000 female deaths annually worldwide.1 Despite advances in multimodal therapies, radical ovarian cancer surgery 
aimed at achieving complete tumor resection continues to be the cornerstone of treatment for this disease.2 However, 
radical pelvic surgeries—often involving prolonged operative times, multivisceral resections, and extensive lymph node 
dissection—carry substantial risks of postoperative morbidity.3 These complications not only delay adjuvant therapy but 
also impose heavy socioeconomic burdens, with prolonged hospital stays and increased healthcare costs. Among these 
adverse events, venous thromboembolism (VTE), encompassing deep vein thrombosis (DVT) and pulmonary embolism 
(PE), emerges as a particularly underappreciated yet life-threatening complication in this population.4
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The prothrombotic state in ovarian cancer arises from a confluence of tumor biology, surgical factors, and patient- 
specific vulnerabilities. Malignancy-driven hypercoagulability—mediated by tissue factor overexpression, platelet acti
vation, and cytokine release—is compounded by mechanical compression of pelvic veins by bulky tumors, prolonged 
immobilization post-surgery, and endothelial injury during dissection.5 Consequently, ovarian cancer patients face 
a postoperative VTE incidence of up to 16%, nearly triple the rate observed in other gynecologic malignancies.6 

Alarmingly, these events are frequently underdiagnosed due to nonspecific symptoms (eg, limb edema, tachycardia) 
and inconsistent adherence to screening protocols, leading to delayed interventions.7 Notably, VTE independently 
correlates with reduced five-year survival rates and increased recurrence risks, partly due to thrombosis-induced hypoxia 
fostering pro-metastatic signaling and delays in initiating adjuvant chemotherapy.8,9 Survivors also endure chronic 
sequelae such as post-thrombotic syndrome and pulmonary hypertension, severely diminishing quality of life.4 Despite 
these stakes, current thromboprophylaxis strategies remain suboptimal, with up to 50% of ovarian cancer patients 
experiencing breakthrough VTE even on guideline-directed low-molecular-weight heparin (LMWH) regimens.10

Existing VTE risk stratification tools, such as the Caprini and Padua scores, fail to address the unique pathophysiol
ogy of postoperative ovarian cancer cohorts. The Caprini score, designed for general surgical patients, overemphasizes 
age and comorbidities while neglecting cancer-specific biomarkers (eg, D-dimer) and dynamic intraoperative variables 
(eg, estimated blood loss).11 Similarly, the Padua score, developed for chemotherapy-associated VTE, excludes surgical 
stressors and lacks validation in postoperative settings.12 These tools rely on a linear regression framework that cannot 
capture complex interactions between tumor biology, surgical trauma, and host responses—a critical limitation given the 
nonlinear relationship between variables like platelet count, inflammatory markers, and thrombotic risk. Consequently, 
a large number of high-risk ovarian cancer patients are misclassified as “low risk” by conventional scores, denying them 
intensified prophylaxis.13

The integration of machine learning algorithms (ML) into healthcare represents a paradigm shift in medical research 
and clinical decision-making, driven by exponential growth in computational power, algorithmic innovation, and the 
availability of high-dimensional biomedical data.14 Modern ML techniques—encompassing supervised, unsupervised, 
and reinforcement learning frameworks—excel at identifying complex, nonlinear patterns within heterogeneous datasets, 
surpassing traditional statistical methods in predictive accuracy for outcomes ranging from disease diagnosis to treatment 
response.15,16 These capabilities align with the principles of precision oncology, where tailored risk stratification and 
targeted interventions are critical for improving survival and reducing treatment-related morbidity.17 For VTE specifi
cally, ensemble ML models that integrate electronic health records and biomarker profiles have achieved superior 
accuracy in predicting VTE in gynecological cancer cohorts.18 Despite these advancements, the application of ML to 
predict postoperative VTE in specific patient populations with ovarian cancer remains underexplored.

To address this gap, we develop and validate an interpretable ML model to predict postoperative VTE in ovarian 
cancer patients undergoing resection. By incorporating preoperative (eg, tumor stage), intraoperative (eg, surgical 
complexity), and postoperative (eg, D-dimer levels) variables, our model addresses the multifactorial nature of VTE 
while overcoming the rigidity of existing scores. We employ SHapley Additive exPlanations (SHAP) to quantify feature 
contributions, enabling clinicians to interpret predictions in the context of biological plausibility—a critical step for 
fostering trust in AI-driven tools. This study represents the first application of explainable ML to VTE risk stratification 
in ovarian cancer surgery, with the potential to guide personalized prophylaxis regimens, optimize resource allocation, 
and ultimately improve survival in this vulnerable population.

Materials and Methods
Study Population
A total of 931 patients admitted to the Shengjing Hospital of China Medical University, who underwent radical ovarian 
cancer surgery between March 2018 and April 2024, were enrolled. All patients were followed up for six months through 
hospital visits until the last occurrence of VTE in October 2024. The inclusion criteria were as follows: (1) patients 
diagnosed with ovarian cancer through histological examination who subsequently underwent radical surgery; (2) age ≥ 
18 years; (3) no history of VTE; and (4) missing data < 10%. The exclusion criteria were as follows: (1) individuals with 
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coagulation dysfunction, autoimmune diseases, or hemorrhagic disorders; (2) individuals who received long-term 
therapeutic anticoagulation within three months prior to surgery; (3) distant metastasis or arterial invasion; (4) lower 
extremity dysfunction or VTE history; (5) contraindications to surgical intervention; (6) concurrent with other malig
nancies or life-threatening diseases; and (7) death within six months post-surgery. This study was approved by the Ethics 
Review Committee of Shengjing Hospital of China Medical University (No. 2025PS1207K) and was conducted in 
accordance with the Declaration of Helsinki (2013). The requirement for written informed consent was waived because 
of the retrospective design of the study. All data were de-identified prior to analysis, with personal identifiers (eg, names, 
IDs, contact details) permanently removed to ensure confidentiality. Data access and storage complied rigorously with 
institutional guidelines.

Data Collection
Patient data were systematically collected from the electronic medical database of Shengjing Hospital of China Medical 
University. Demographic characteristics included age (years), body mass index (BMI, kg/m2), duration of disease (years), 
smoking history, alcohol consumption history, number of childbirths, history of previous pelvic and abdominal surgeries, 
American Society of Anesthesiologists (ASA) classification (I–IV), and comorbidities, such as diabetes, hypertension, 
hyperlipidemia, menopause, chronic heart disease (CHD), stroke, pulmonary disease, and anemia. Surgical data included 
surgical type, duration (minutes), volume of operative bleeding (mL), blood transfusion status, presence of ascites (mL), 
timing of surgery (primary or recurrent), extent of residual disease (no gross disease or microscopic, 0.1–1 cm, >1 cm), 
and surgical complexity scores (SCS, categorized as low, intermediate, or high). Tumor-related variables included 
International Federation of Gynecology and Obstetrics (FIGO) stage, neoadjuvant chemotherapy, tumor size (cm), and 
histological type (non-serous and serous). Postoperative observations included prophylactic measures (basic thrombo
prophylaxis, mechanical/anticoagulation drugs, and the combination of mechanical methods with anticoagulation drugs), 
complications occurring 30 days postoperatively prior to VTE (bowel obstruction, anastomotic leakage, pleural effusion, 
wound infection, abdominal/pelvic infection, urinary tract infection, and cardiac events), postoperative chemotherapy, 
and admission to the intensive care unit (ICU). Preoperative laboratory tests were performed after patient admission to 
mitigate the influence of anticancer treatment on these indicators. The tests included thrombin time (TT, s), prothrombin 
time (PT, s), activated partial thromboplastin time (APTT, s), fibrinogen level (g/L), D-dimer level (μg/mL), albumin 
level (g/L), platelet count (109/L), white blood cell count (WBC, 109/L), and Cancer Antigen 125 level (CA125, U/mL). 
Postoperative evaluations were conducted one day after surgery: Caprini scores, TT (s), PT (s), APTT (s), fibrinogen (g/ 
L), D-dimer (μg/mL), albumin (g/L), platelet count (109/L), and WBC (109/L).

Diagnostic Criteria of VTE
The diagnostic criteria for DVT include clinical manifestations, such as lower-limb swelling, pain, warmth, erythema, 
and tenderness in the lower limbs. PE is characterized by symptoms such as sudden-onset dyspnea, pleuritic chest pain, 
cough, hemoptysis, tachycardia, hypotension, syncope, or hypoxia. The diagnosis of VTE (including DVT and PE) was 
established by two experienced clinicians based on these clinical symptoms and confirmed using diagnostic imaging 
techniques including vascular ultrasonography, computed tomography (CT), magnetic resonance imaging (MRI), CT 
pulmonary angiography, or ventilation-perfusion (V/Q) scanning. The primary endpoint of this study was the occurrence 
of symptomatic VTE within the six-month postoperative period.

Data Processing and Feature Selection
In our study, we addressed the presence of missing data through an understanding of three recognized mechanisms: 
missing completely at random (MCAR), missing at random (MAR), and not missing at random (NMAR). These 
classifications are based on the relationships between data missingness and both observed and unobserved values within 
the dataset.19 In this study, our analysis revealed that the missing data were not associated with the incidence of VTE or 
any other measured variables, as evidenced by Hawkins’ test and non-parametric test (all p > 0.05) (MissMech 
R package). This indicates satisfaction of the MCAR assumption.20 The proportions of missing data are presented in 
Supplementary Table S2.
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To mitigate potential bias resulting from missing data, we applied the MissForest imputation method (missForest 
R package) for variables with <10% of missing data. Constraining missing data to this threshold ensures high data quality 
by maintaining cases with adequate information for reliable predictive modeling.21 MissForest is a robust iterative 
imputation technique that utilizes random forests, making it particularly adept at managing complex data structures and 
interactions. This approach efficiently handles both continuous and categorical data, enhancing the reliability of the 
derived predictive model. Its proficiency in capturing intricate interactions and nonlinear relationships underscores its 
widespread application in imputing missing values in medical research contexts.22 The variable distributions before and 
after the imputation are depicted in Supplementary Figure S1. Following imputation, we randomly partitioned the dataset 
into training and testing cohorts in a 7:3 ratio.

For feature selection within the training cohort, least absolute shrinkage and selection operator (LASSO) regression 
(glmnet R package) was employed, followed by multiple logistic regression analysis (glm R package), to further validate 
the selected features. LASSO regression, integrated with 10-fold cross-validation, was used to systematically determine 
the optimal regularization parameter (λ) by shrinking the coefficients of the non-informative predictors to zero. This 
approach minimizes the risk of overfitting and enhances predictive performance. Features with non-zero coefficients 
following LASSO regularization were retained for subsequent modeling.23

To address class imbalance, a common issue in machine learning involving datasets with skewed class distributions as 
VTE cases, the SMOTETomek resampling strategy (smotefamily R package) was employed to address the issue of 
imbalanced data and generate robust models. SMOTETomek combines synthetically generating examples of the minority 
class with Tomek links undersampling to create a new dataset with a larger sample size and a more balanced distribution. 
The purpose of using this hybrid method is to balance the training dataset and remove the noisy points at the wrong side 
of the decision boundary, to find better clusters and create models with good generalization ability.24,25

Model Development
In developing our predictive model for VTE post-ovarian cancer resection, we employed seven ML models: Logistic 
Regression (LR), Decision Tree (DT), Extreme Gradient Boosting Machine (XGBoost), Random Forest (RF), Support 
Vector Machine (SVM), Naïve Bayes (NB), and Light Gradient Boosting Machine (LGBM).

LR is a statistical model commonly used for binary classification tasks. It predicts the probability of an event 
occurrence by fitting data to a logistic function. The model utilizes a linear combination of input features, and applies 
a logistic transformation to output probabilities, offering simplicity and interpretability through coefficient analysis.26

DT is a type of supervised learning algorithm used for both classification and regression tasks. It split the data into 
subsets based on the value of input features, constructing a tree-like model of decisions. Although DT can be prone to 
overfitting without proper tuning or constraints like maximum depth, it is easy to interpret and visualize.27

XGBoost is an advanced implementation of gradient boosting that leverages decision trees. It builds models in stages 
by sequentially adding trees that correct errors made by the previous ones, thereby improving accuracy. Known for its 
speed and performance in handling large datasets with complex patterns and non-linear relationships, XGBoost 
incorporates regularization to prevent overfitting.28

RF is an ensemble learning method that creates a “forest” of decision trees. By averaging the predictions of multiple 
trees, it reduces variance and increases accuracy compared to a single decision tree. Each tree in a random forest is built 
from a subset of data and features, which helps to ensure robust performance and minimizes overfitting.29

LGBM is another implementation of gradient boosting that focuses on efficiency and scalability. It uses a histogram- 
based approach to find optimal splits and it is particularly effective with large datasets. LGBM can handle categorical 
features directly and provides competitive speed and performance, often outperforming similar algorithms in terms of 
execution time.30

SVM is a powerful classification algorithm that works well in high-dimensional spaces. It seeks to find the optimal 
hyperplane that maximizes the margin between different classes in the feature space. SVM is versatile, supporting 
various kernel functions to handle linearly inseparable data by transforming it into higher dimensions.31

NB is a probabilistic, generative learning algorithm used primarily for classification tasks. It classifies data points 
based on the Bayes’ theorem, assuming that features are independent given the class label, which is known as the “naïve” 
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assumption. The algorithm calculates the posterior probability of each class given the input features and assigns the class 
with the highest probability to the data point.32

For the diagnostic models that demonstrated superior performance, we validated their generalization ability and 
robustness through 10-fold cross-validation, a strategy employed to mitigate overfitting. The hyperparameters of these 
models were systematically optimized using both grid search and randomized grid search methodologies, aiming to 
improve predictive performance while minimizing overfitting. For each algorithm, the optimization process incorporated 
both systematic grid search and expert-guided manual adjustments to achieve the final hyperparameter configuration. The 
tuned hyperparameters, determined using the caret R package, are detailed in Supplementary Table S1.

Model Performance Evaluation
The performance of the predictive model was evaluated using several key metrics to comprehensively capture its 
effectiveness and reliability.33 The area under the receiver operating characteristic curve (AUC-ROC) (pROC 
R package) measures the model’s ability to distinguish between positive and negative classes across all classification 
thresholds (range: 0–1). This metric is crucial for understanding the model’s diagnostic capability. Accuracy provides 
a straightforward measure of overall model correctness, though less informative in the presence of imbalanced classes. 
The Precision-Recall Area Under the Curve (PR-AUC) (PRROC R package) evaluates the trade-off between precision 
and recall (sensitivity) under class imbalance (range: 0–1). This metric is particularly valuable as it is prioritized over 
AUC-ROC for imbalanced datasets.34 Balanced accuracy is important for ensuring equitable consideration of class 
performance, especially in imbalanced datasets. Recall (sensitivity) is crucial in medical applications, where failing to 
identify a positive diagnosis can lead to severe consequences. Precision evaluates the reliability of positive predictions, 
which is important when minimizing false positives is undesirable. Specificity quantifies the model’s ability to correctly 
identify negative cases, thus preventing unnecessary healthcare expenses. F1 score is valuable in situations with uneven 
class distribution, as it balances precision and recall effectively. Lastly, Brier score (range: 0–1) measures the accuracy of 
probabilistic predictions, with lower values indicating better accuracy.35 The formula for each evaluation metric is 
provided below:

(TP: true positive; TN: true negative; FP, false positive; FN, false negative)

(N: total sample; pi: predicted risk; oi: actual probability)
Furthermore, calibration of the model was conducted using calibration curves (rms R package), which visually 

represent the agreement between predicted probabilities and observed frequencies.36 This step is essential for ensuring 
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that the model’s probability estimates reflect actual outcomes accurately. The clinical utility of the model was assessed 
using decision curve analysis (DCA) (rmda R package), which quantifies the net benefit of clinical decisions across 
probability thresholds, comparing these against the “treat all” and “treat none” strategies. A higher net benefit indicates 
that the model provides more clinical value, thereby facilitating more informed decision-making in the clinical setting.37

Model Interpretability Analysis
To understand how each input feature influences our model’s predictions, we used SHapley Additive exPlanations 
(SHAP) values, a method grounded in cooperative game theory.38 This approach allows us to break down a prediction 
into the contributions of each feature, showing how they interact and contribute to the final predicted outcomes. The 
unique advantage of SHAP values is their ability to consider the complex and nonlinear interactions between features, 
providing a comprehensive view of each feature’s impact. We calculated the overall importance of each feature by taking 
the average of the absolute SHAP values across all data points in our dataset. This ensures that our assessment of feature 
significance is reliable and relevant. Furthermore, we created SHAP dependency and summary plots. These visual tools 
illustrate the positive or negative influence of each feature and the strength of their effects, helping us to clearly 
distinguish which features are critical in predicting high- or low-risk outcomes. This systematic transparency is essential 
for effectively applying our model in clinical settings, as it highlights the most influential factors in the decision-making 
process.

Statistical Analysis
Data processing and analysis were conducted using the SPSS software (version 27.0) and R software (version 4.4.1). 
Continuous variables that did not follow a normal distribution were expressed as medians (interquartile range [IQR]) and 
compared using the Mann-Whitney U-test. Categorical variables are presented as frequencies (percentages, %) and were 
assessed using the chi-square test. ML models were developed in R software using various packages: the glm package for 
LR, rpart package for DT, randomForest package for RF, e1071 for SVM and NB, xgboost for XGBoost, and lighgbm 
for LGBM. Statistical significance was defined using two-tailed tests (p < 0.05).

Results
Clinical Characteristics
A flowchart illustrating the participant selection and study process is shown in Figure 1. A total of 931 patients who 
underwent radical surgery for ovarian cancer were included in this study, with 10.0% (93/931) developing VTE, 
comprising 75 cases of DVT and 18 cases of PE. A detailed comparison between the VTE and non-VTE groups is 
shown in Table 1. Univariate analysis revealed significant differences in age (p < 0.001), FIGO stage (p < 0.001), 
hypertension (p = 0.015), surgical duration (p < 0.001), operative bleeding (p = 0.011), Caprini score (p = 0.007), ASA 
score (p < 0.001), SCS score (p = 0.033), thromboprophylaxis measures (p = 0.024), residual disease (p = 0.001), 
postoperative chemotherapy (p < 0.001), postoperative wound infection (p < 0.001), preoperative CA125 level (p = 
0.001), preoperative APTT (p = 0.043), preoperative D-dimer level (p = 0.015), preoperative albumin level (p = 0.049), 
postoperative fibrinogen level (p = 0.008), and postoperative D-dimer level (p < 0.001). The study population was 
divided into a training cohort of 652 patients (60 VTE cases) and a testing cohort of 279 patients (33 VTE cases). The 
baseline clinical characteristics of the two cohorts were not significantly different (p > 0.05; Supplementary Table S2).

Feature Screening
Feature selection was conducted using the LASSO method. To optimize the regularization parameter λ, 10-fold cross- 
validation was applied, resulting in a final value of λ = 0.0275 (λ.1se), chosen to prioritize model parsimony. This process 
retained seven variables (age, FIGO stage, wound infection, residual disease, postoperative chemotherapy, surgical duration, 
and postoperative D-dimer levels) with non-zero coefficients from an initial set of 56 candidate features, effectively 
excluding 49 variables whose coefficients approached zero (Figure 2A and B). The selected features were subsequently 
incorporated into a multiple regression model in which all seven variables demonstrated statistically significant associations 
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with the outcome. These included age (OR = 1.053, 95% CI: 1.021–1.087; p = 0.001), FIGO stage (OR = 3.127, 95% CI: 
1.330–7.349; p = 0.008), residual disease (OR = 2.277, 95% CI: 1.542–3.363; p < 0.001), wound infection (OR = 2.358, 95% 
CI: 1.109–5.014; p = 0.026), surgical duration (OR = 1.004, 95% CI: 1.002−1.006; p < 0.001), postoperative chemotherapy 

Figure 1 Flowchart depicting the patient selection and study process.
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Table 1 Baseline Demographic and Clinical Characteristics of Patients with or without VTE

Characteristics Total (N = 931) VTE (N = 93) Non-VTE (N = 838) Statistics P-value

Age (years) 65.00 [56.00, 72.00] 72.00 [64.00, 75.00] 64.00 [54.00, 72.00] 5.383 <0.001

BMI (kg/m2) 24.70 [21.10, 28.50] 24.10 [21.35, 29.80] 24.80 [21.00, 28.30] 0.224 0.823

Duration of disease (year) 2.00 [1.20, 2.80] 2.20 [1.40, 2.80] 2.00 [1.20, 2.80] 1.144 0.252

FIGO stage

I–II 299 (32.1%) 10 (10.8%) 289 (34.5%) 21.629 <0.001

III–IV 632 (67.9%) 83 (89.2%) 549 (65.5%)

Surgical type

Laparoscope 382 (41.0%) 35 (37.6%) 347 (41.4%) 0.493 0.483

Laparotomy 549 (59.0%) 58 (62.4%) 491 (58.6%)

Smoking history 82 (8.8%) 9 (9.7%) 73 (8.7%) 0.097 0.755

Drinking history 111 (11.9%) 10 (10.8%) 101 (12.1%) 0.135 0.714

Diabetes (yes) 204 (21.9%) 21 (22.6%) 183 (21.8%) 0.027 0.869

Hypertension (yes) 234 (25.1%) 33 (35.5%) 201 (24.0%) 5.881 0.015

Hyperlipemia (yes) 298 (32.0%) 29 (31.2%) 269 (32.1%) 0.032 0.857

Menopause (yes) 790 (84.9%) 82 (88.2%) 708 (84.5%) 0.885 0.347

CHD (yes) 158 (17.0%) 15 (16.1%) 143 (17.1%) 0.052 0.820

Stoke (yes) 121 (13.0%) 10 (10.8%) 111 (13.2%) 0.460 0.498

Pulmonary disease (yes) 84 (9.0%) 8 (8.6%) 76 (9.1%) 0.022 0.881

Anemia (yes) 204 (21.9%) 23 (24.7%) 181 (21.6%) 0.480 0.488

Childbearing time

<2 344 (36.9%) 33 (35.5%) 311 (37.1%) 0.095 0.758

≥2 587 (63.1%) 60 (64.5%) 527 (62.9%)

Pelvic and abdominal surgery history 391 (42.0%) 38 (40.9%) 353 (42.1%) 0.055 0.815

Neoadjuvant chemotherapy (yes) 307 (33.0%) 32 (34.4%) 275 (32.8%) 0.096 0.757

Surgical duration (min) 245.00 [166.00, 326.00] 299.00 [235.00, 425.50] 238.00 [159.75, 313.00] 6.226 <0.001

Operative bleeding (mL) 209.00 [138.00, 299.00] 264.00 [165.00, 354.50] 207.00 [134.00, 296.00] 2.540 0.011

Blood transfusion (yes) 214 (23.0%) 21 (22.6%) 193 (23.0%) 0.010 0.922

Caprini scores

<3 351 (37.7%) 23 (24.7%) 328 (39.1%) 7.400 0.007

≥3 580 (62.3%) 70 (75.3%) 510 (60.9%)

Ascites (mL)

<1, 000 568 (61.0%) 55 (59.1%) 513 (61.2%) 0.152 0.697

≥1, 000 363 (39.0%) 38 (40.9%) 325 (38.8%)

ASA

I–II 577 (62.0%) 39 (41.9%) 538 (64.2%) 17.609 <0.001

III–IV 354 (38.0%) 54 (58.1%) 300 (35.8%)

Tumor size (cm)

<10 540 (58.0%) 56 (60.2%) 484 (57.8%) 0.209 0.649

≥10 391 (42.0%) 37 (39.8%) 354 (42.2%)

Histology

Non-serous 270 (29.0%) 28 (30.1%) 242 (28.9%) 0.610 0.804

Serous 661 (71.0%) 65 (69.9%) 596 (71.1%)

Timing of surgery

Primary 773 (83.0%) 77 (82.8%) 696 (83.1%) 0.004 0.950

Recurrence 158 (17.0%) 16 (17.2%) 142 (16.9%)

SCS score

Low 570 (61.2%) 46 (49.5%) 524 (62.5%) 6.842 0.033

Intermediate 234 (25.1%) 28 (30.1%) 206 (24.6%)

High 127 (13.6%) 19 (20.4%) 108 (12.9%)

Postoperative prophylaxis

Basic thromboprophylaxisa 158 (17.0%) 25 (26.9%) 133 (15.9%) 7.493 0.024

Mechanical/anticoagulation drugs 361 (38.8%) 34 (36.6%) 327 (39.0%)

Mechanical with anticoagulation drugs 412 (44.3%) 34 (36.6%) 378 (45.1%)

Residual disease

(Continued)
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(OR = 3.775, 95% CI: 1.981–7.194; p < 0.001), and postoperative D-dimer levels (OR = 1.085, 95% CI: 1.029–1.144; p = 
0.003) (Table 2). The final model retained these features as predictors for the downstream model construction, thereby 
ensuring a balance between simplicity and predictive accuracy.

Model Development and Performance
Seven ML algorithms were employed to construct a predictive model to assess the probability of VTE following radical 
resection of ovarian cancer. In the training cohort, 10-fold cross-validation revealed that the XGBoost model achieved 
superior discriminative capability, with an AUC of 0.962 (95% CI: 0.941–0.978) and a PR-AUC of 0.950 (95% CI: 
0.922–0.974), followed by the DT model, yielding an AUC of 0.955 (95% CI: 0.933–0.974) and a PR-AUC of 0.929 
(95% CI: 0.886–0.963) (Figure 3A, B and Table 3). Meanwhile, within the testing cohort, the XGBoost model 
maintained its robust performance, achieving an AUC of 0.935 (95% CI: 0.902–0.963) and a PR-AUC of 0.620 (95% 
CI: 0.457–0.809) (Figure 3C and D). Additional metrics included an accuracy of 0.850, recall of 0.849, precision of 
0.431, and an F1 score of 0.571 (Figure 4 and Table 3). While the NB model and the LR model exhibited slightly higher 

Table 1 (Continued). 

Characteristics Total (N = 931) VTE (N = 93) Non-VTE (N = 838) Statistics P-value

No gross disease or microscopic 465 (49.9%) 20 (21.5%) 445 (53.1%) 40.654 0.001

0.1–1 cm 302 (32.4%) 39 (41.9%) 263 (31.4%)

>1 cm 164 (17.6%) 34 (36.6%) 130 (15.5%)

Postoperative chemotherapyb (yes) 438 (47.0%) 67 (72.0%) 371 (44.3%) 25.914 <0.001

Postoperative ICU (yes) 74 (7.9%) 7 (7.5%) 67 (8.0%) 0.025 0.874

30-day postoperative complicationsc

Bowel obstruction 102 (11.0%) 11 (11.8%) 91 (10.9%) 0.081 0.777

Anastomotic leakage 84 (9.0%) 8 (8.6%) 76 (9.1%) 0.220 0.881

Pleural effusion 94 (10.1%) 9 (9.7%) 85 (10.1%) 0.020 0.888

Wound infection 123 (13.2%) 31 (33.3%) 92 (11.0%) 36.484 <0.001

Abdominal/pelvic infection 56 (6.0%) 4 (4.3%) 52 (6.2%) 0.537 0.464

Urinary tract infection 37 (4.0%) 3 (3.2%) 34 (4.1%) 0.152 0.697

Cardiac event 86 (9.2%) 10 (10.8%) 76 (9.1%) 0.283 0.595

Preoperative test

CA125 (U/mL) 487.00 [266.00, 719.00] 579.00 [421.50, 760.00] 475.00 [251.50, 716.50] 3.231 0.001

TT (s) 17.00 [13.00, 20.00] 16.00 [13.00, 20.50] 17.00 [13.00, 20.00] 0.053 0.958

PT (s) 14.00 [10.00, 19.00] 14.00 [9.00, 19.00] 14.00 [10.00, 19.00] 0.391 0.696

APTT (s) 36.00 [23.00, 47.00] 33.00 [19.00, 42.50] 36.00 [23.75, 47.00] 2.023 0.043

Fibrinogen (g/L) 3.00 [2.00, 5.00] 3.00 [2.00, 5.00] 3.00 [2.00, 5.00] 0.511 0.609

D-dimer (μg/mL) 3.60 [1.40, 6.40] 4.10 [2.25, 7.35] 3.60 [1.30, 6.30] 2.425 0.015

Albumin (g/L) 35.00 [24.00, 47.00] 32.00 [23.00, 43.50] 35.00 [24.00, 47.00] 1.970 0.049

Platelet (109/L) 315.00 [196.00, 432.00] 314.00 [220.50, 414.50] 315.50 [192.00, 436.00] 0.473 0.636

WBC (109/L) 6.00 [4.00, 10.00] 5.00 [3.00, 9.00] 6.00 [4.00, 10.00] 1.488 0.137

Postoperative test

TT (s) 14.00 [8.00, 19.00] 14.00 [8.00, 18.50] 13.00 [8.00, 19.00] 0.306 0.760

PT (s) 11.00 [9.00, 16.00] 11.00 [7.50, 18.00] 11.00 [9.00, 16.00] 0.447 0.655

APTT (s) 27.00 [18.00, 39.00] 25.00 [17.00, 40.50] 27.00 [18.00, 39.00] 0.466 0.641

Fibrinogen (g/L) 3.00 [1.00, 5.00] 3.00 [2.00, 5.00] 3.00 [1.00, 5.00] 2.641 0.008

D-dimer (μg/mL) 5.80 [3.70, 9.50] 8.60 [5.65, 11.15] 5.60 [3.50, 9.30] 5.703 <0.001

Albumin (g/L) 23.00 [16.00, 32.00] 21.00 [16.50, 31.00] 23.00 [16.00, 32.00] 0.842 0.400

Platelet (109/L) 247.00 [143.00, 350.00] 248.00 [145.50, 324.00] 246.50 [142.75, 350.50] 0.522 0.602

WBC (109/L) 11.00 [7.00, 17.00] 11.00 [6.50, 17.50] 11.00 [7.00, 17.00] 0.548 0.583

Notes: aBasic thromboprophylaxis included early mobilization of the lower extremities and drinking at least 1 L water per day. bPostoperative chemotherapy administered 
within six monthsprior to VTE diagnosis. cComplications occurred within 30-day post-surgery before VTE are considered. P < 0.05, indicates statistical significance. Bold 
values indicate statistical significance at (p < 0.05). 
Abbreviations: BMI, body mass index; ASA, American Society of Anesthesiologists; CHD, chronic heart disease; SCS, Surgical Complexity Scores; FIGO, International 
Federation of Gynecology and Obstetrics; ICU, intensive care unit; TT, thrombin time; PT, prothrombin time; APTT, activated partial thromboplastin time; WBC, white 
blood cells; CA125, cancer antigen 125; VTE, venous thromboembolism.
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Figure 2 Feature Selection using LASSO Regression. (A) LASSO coefficient regulation paths for 56 candidate variables. Each colored trajectory denotes the coefficient 
magnitude of a variable as the regularization parameter λ decreases. (B) 10-fold cross-validation curve for λ-tuning. The vertical axis represents binomial deviance, with the 
dotted vertical line marking the λ value corresponding to the minimum error (λ · min, left) and the largest λ within one standard error (λ.1se, right).
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PR-AUC values (NB: 0.696, 95% CI: 0.537–0.826 and LR: 0.642, 95% CI: 0.471–0.793) compared to XGBoost, their 
comparatively lower recall (LR: 0.788) and precision (NB: 0.384) scores indicated reduced reliability in accurately 
identifying true positive cases within high-risk cohorts. Calibration curves revealed good agreement between predicted 
probabilities and observed outcomes for the XGBoost model in both training and testing cohorts, with the Brier scores of 
0.086 and 0.116, respectively (Figure 5A, B and Table 3). DCA further validated the practical value for the XGBoost 
model across a wide range of risk thresholds (Figure 5C and D). Notably, for patients with predicted risk probabilities 
between 1% and 79%, the XGBoost model provided greater net benefit than both “treat-all” and “treat-none” tactics 
(Figure 5D). Collectively, these findings highlight the XGBoost model as a potential tool for individualized VTE risk 
stratification in this specific context.

Model Interpretation
Variable importance rankings generated by the XGBoost model identified postoperative D-dimer levels as the most 
significant predictor of postoperative VTE, followed by residual disease, postoperative chemotherapy, and other clinical 
variables (Figure 6A). To clarify the directional associations of these features with VTE risks, a SHAP summary plot was 
constructed (Figure 6B). In this visualization, each feature’s contribution was represented by a data point color-coded to 
reflect its value (yellow: high, purple: low), with horizontal displacement indicating the magnitude and directionality of 
its effect on risk prediction (rightward: risk-enhancing, leftward: risk-reducing). Notably, macroscopic residual disease 
(yellow dots) was associated with elevated VTE risk (SHAP > 0), whereas microscopic/no residual disease (purple dots) 
correlated with reduced risk (SHAP < 0). Prolonged surgical duration (yellow dots) exhibited a positive relationship with 
VTE risk (SHAP > 0). Similarly, elevated postoperative D-dimer levels (yellow dots) demonstrated a robust positive 
association with VTE risk (SHAP > 0). Postoperative chemotherapy (yellow dots) consistently increased predicted VTE 
(SHAP > 0), whereas its omission (purple dots) conferred protective effects (SHAP < 0) (Figure 6B). Advanced FIGO 
stage (III–IV; SHAP > 0) was linked to heightened VTE risk, in contrast to early-stage disease (I–II; SHAP < 0), which 
reduced risk. Finally, the presence of wound infection (yellow dots) increased VTE risk (SHAP > 0), while its absence 
(purple dots) lowered risk (SHAP < 0).

To enhance individual prediction interpretability, SHAP force plots were employed for two clinically representative 
cases (Figure 6C and D). For the patient diagnosed with VTE (Figure 6C), the omission of postoperative chemotherapy 
(value = 0, SHAP = −0.0731) served as a protective factor. Conversely, risk-enhancing contributions mainly arose from 
elevated D-dimer levels (value = 7.8, SHAP = +0.169), macroscopic residual disease (value = 2, SHAP = +0.16), surgical 
duration (value = 502, SHAP = +0.105), and FIGO stage III–IV (value = 1, SHAP = +0.0791). These factors collectively 
elevated the predicted risk from a baseline of 0.287 to 0.778. For the non-VTE patient (Figure 6D), protective factors 
predominated despite advanced age (value = 75, SHAP = +0.0453). Risk-mitigating contributions included lower 
D-dimer levels (value = 2.9, SHAP = −0.118), absence of residual diseases (value = 0, SHAP = −0.0541), omission 

Table 2 Multivariate Regression Analysis of Risk Factors for Postoperative VTE in 
Ovarian Patients

Parameters B SE OR (95% CI) Z P-value

FIGO stage 1.165 0.436 3.127 (1.330–7.349) 2.671 0.008

Residual disease 0.818 0.199 2.277 (1.542–3.363) 4.102 < 0.001

Wound infection 0.857 0.385 2.358 (1.109–5.014) 2.225 0.026
Age 0.053 0.016 1.053 (1.021–1.087) 3.286 0.001

Surgical duration 0.004 0.001 1.004 (1.002–1.006) 3.698 < 0.001

Postoperative chemotherapy 1.337 0.329 3.775 (1.981–7.194) 4.063 < 0.001
Postoperative D-dimer 0.080 0.027 1.085 (1.029–1.144) 2.980 0.003

Abbreviations: VTE, venous thromboembolism; B, unstandardized regression coefficient; SE, standard 
error; OR, odds ratio; CI, confidence interval; Z, Z-score; FIGO stage, International Federation of 
Gynecology and Obstetrics stage.
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of postoperative chemotherapy (value = 0, SHAP = −0.0421), and early FIGO stage (I–II, SHAP = −0.0406), culminating 
in a final predicted risk of 0.0845, substantially below the baseline value of 0.287.

Discussion
In this study, we developed and validated a ML-based model to predict the risk of VTE in patients undergoing ovarian 
cancer resection. Among the seven algorithms evaluated, the XGBoost model demonstrated comparatively strong 
performance, achieving an AUC of 0.935, which may help for high-risk clinical decision-making. Therefore, our findings 
highlight the potential of ML algorithms to improve risk stratification by capturing nonlinear interactions among clinical 

Figure 3 Comparison of discriminative performance among seven ML models. (A and B) AUC-ROC and PR-AUC curves for the training cohort. (C and D) AUC-ROC and 
PR-AUC curves for the testing cohort.
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parameters. The XGBoost model’s interpretability analysis identified critical predictors of VTE risk, including advanced 
age, higher FIGO stage, postoperative chemotherapy, extended surgical duration, macroscopic residual disease, elevated 
postoperative D-dimer levels, and wound infections. Although the XGBoost’s performance is imperfect, its balanced 
trade-off offers a safer foundational framework for implementation, particularly when supplemented by clinician over
sight to adjudicate uncertain cases. These findings could empower healthcare providers and patients to collaboratively 
consider the likelihood of VTE and weigh it against potential risks and benefits of aggressive anticoagulation strategies, 
though further validation is needed to bridge the gap between model performance and clinical implementation.

Table 3 ML Model Performance Parameters in the Training and Validation Sets

Model Accuracy AUC (95% CI) Recall Precision F1 Score Specificity PR-AUC (95% CI) Balanced Accuracy Brier Score

Training set

DT 0.913 0.955 (0.933–0.974) 0.873 0.916 0.894 0.943 0.929 (0.886–0.963) 0.908 0.071

LGBM 0.827 0.910 (0.880–0.939) 0.893 0.743 0.811 0.780 0.879 (0.831–0.925) 0.836 0.137

LR 0.816 0.880 (0.841–0.913) 0.725 0.812 0.766 0.880 0.787 (0.711–0.872) 0.803 0.136

NB 0.824 0.871 (0.831–0.908) 0.805 0.779 0.792 0.837 0.794 (0.717–0.868) 0.821 0.143

RF 0.807 0.888 (0.854–0.920) 0.859 0.727 0.788 0.770 0.808 (0.739–0.877) 0.815 0.233

SVM 0.880 0.941 (0.916–0.961) 0.852 0.858 0.855 0.899 0.929 (0.893–0.959) 0.876 0.092

XGBoost 0.925 0.962 (0.941–0.978) 0.906 0.912 0.909 0.938 0.950 (0.922–0.974) 0.922 0.086

Testing set

DT 0.846 0.858 (0.799–0.908) 0.697 0.411 0.517 0.866 0.361 (0.243–0.553) 0.781 0.136

LGBM 0.749 0.892 (0.843–0.932) 0.818 0.297 0.436 0.740 0.564 (0.389–0.730) 0.779 0.152

LR 0.828 0.918 (0.874–0.954) 0.788 0.388 0.520 0.833 0.642 (0.471–0.793) 0.811 0.114

NB 0.821 0.911 (0.856–0.958) 0.849 0.384 0.528 0.817 0.696 (0.537–0.826) 0.833 0.131

RF 0.817 0.903 (0.859–0.941) 0.849 0.378 0.523 0.813 0.457 (0.310–0.642) 0.831 0.313

SVM 0.821 0.905 (0.860–0.943) 0.788 0.377 0.510 0.825 0.552 (0.374–0.715) 0.807 0.109

XGBoost 0.850 0.935 (0.902–0.963) 0.849 0.431 0.571 0.850 0.620 (0.457–0.809) 0.849 0.116

Abbreviations: AUC, area under the receiver operating characteristic curve; PR-AUC, precision-recall area under the curve; CI, confidence interval; ML, machine learning; 
LR, Logistic Regression; DT, Decision Tree; XGBoost, Extreme Gradient Boosting Machine; RF, Random Forest; SVM, Support Vector Machine; NB, Naïve Bayes; LGBM, 
Light Gradient Boosting Machine.

Figure 4 Radar map illustrating comparative performance analysis of seven ML models across multiple evaluation metrics. Each polygon represents a model with vertices 
that reflect the normalized score for a given metric. The outermost ring (score = 1) represents the optimal performance. Models with larger polygonal areas indicated 
superior overall performance.
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In recent years, there has been significant progress in the application of artificial intelligence (AI) and ML in 
healthcare, particularly for predicting clinical outcomes in oncology. For ovarian cancer, Ma et al introduced 
a pioneering AI tool that predicts treatment outcomes via diagnostic laparoscopy, highlighting the potential of AI in 
enhancing decision-making processes and improving patient management strategies.39 Similarly, Asare et al developed 
a novel AI modeling tool specifically designed for laparoscopic assessment of ovarian cancer, further demonstrating the 
transformative role of AI in oncological diagnostics.40 Recent studies have also focused on dynamic risk prediction of 
VTE in real-world settings using ML algorithms. Lee et al utilized deep learning-based methods to predict VTE risk 
among ovarian cancer patients, showcasing the ability of advanced algorithms to process electronic health records and 

Figure 5 Accuracy and clinical utility of seven ML models. (A and B) Calibration curves for the training and testing cohorts. The dashed diagonal line represents the ideal 
agreement between the predicted probabilities (x-axis) and observed outcomes (y-axis). (C and D) DCA curves of training and testing cohorts. The gray line represents the 
“treat none” strategy, and the black line represents the “treat all” strategy. Models with curves above these benchmarks demonstrate superior clinical utility.

https://doi.org/10.2147/IJWH.S550882                                                                                                                                                                                                                                                                                                                                                                                                                                        International Journal of Women’s Health 2025:17 4220

Zhao and Yao                                                                                                                                                                       

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



provide timely risk assessments.41 Lin et al explored the use of ML models for predicting postoperative VTE in patients 
with gynecological malignancies, emphasizing the enhanced accuracy of these models over traditional approaches.18

In this study, we observed a six-month postoperative VTE incidence of 10.0%, slightly lower than the previously 
reported 13.0%.42 This discrepancy might reflect differences in cohort characteristics, such as variations in surgical 
techniques, tumor stage, or prophylactic protocols. To address the limitations of conventional risk assessment models, 
which are often reliant on LR and other linear models, we developed an ML-based predictive model using the XGBoost 
algorithm. This model demonstrated good performance compared to other models, thereby capturing complex, nonlinear 
interactions among clinical variables—a crucial factor given the multifactorial pathophysiology of postoperative VTE. 
Our findings align with the emerging evidence supporting the utility of ML models in predicting thromboembolic 
complications in gynecological cancer.18,43 While traditional LR models remain prevalent due to their interpretability, 
their linear assumptions limit the ability to model intricate variable interactions.44,45 In contrast, ML algorithms such as 

Figure 6 Interpretation of XGBoost model using SHAP analysis. (A) Feature importance ranking for the XGBoost model. (B) SHAP summary plot. Each dot represents 
a SHAP value for a feature per patient (yellow indicates a higher feature value, and purple indicates a lower feature value). (C and D) SHAP force plots for two 
representative cases with or without VTE. Color indicates the contribution of each feature, with red being negative (arrow to the left, SHAP value decreases) and yellow 
being positive (arrow to the right, SHAP value increases). The length of the color bar indicates the strength of the contribution.
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RF, XGBoost, and NNet excel at processing heterogeneous datasets, uncovering latent patterns, and generating high- 
dimensional predictive frameworks.46 Notably, RF and XGBoost models have demonstrated considerable accuracy in 
predicting VTE risk in gastrointestinal malignancies, further validating the effectiveness of ML approaches in 
oncology.47,48 In our study, the XGBoost outperformed the other ML algorithms in both the training and testing cohorts. 
The XGBoost algorithm leverages gradient-boosted decision trees, iteratively refining predictions by sequentially 
building trees that correct errors of prior models.49 This ensemble approach enhances predictive accuracy by combining 
weak learners into a robust model, making it particularly effective for uncovering intricate patterns in heterogeneous 
clinical datasets.50 Its ability to handle nonlinear relationships and feature interactions aligns well with the complexity of 
clinical outcomes, such as postoperative VTE, where multifactorial risk factors often interplay.

A common critique of ML models, however, is their perceived “black box” nature, where inputs and outputs lack 
transparent intermediary logic.51 To enhance interpretability, we employed SHAP, a game-theoretic framework that 
quantifies feature contributions to model predictions.52 SHAP analysis identified seven key predictors of thrombotic risk: 
age, FlGO stage, postoperative chemotherapy, surgical duration, residual disease, postoperative D-dimer level, and 
wound infection. These insights not only improve model transparency, but also provide clinicians with actionable 
mechanistic pathways. For example, advanced age has been consistently identified as a significant independent risk 
factor for VTE following ovarian cancer resection.45,53 This association may be attributed to age-related physiological 
declines, such as reduced postoperative mobility leading to venous stasis, diminishing vascular elasticity impairing blood 
flow dynamics, and endothelial dysfunction that promotes a prothrombotic state.54 Moreover, older patients often have 
comorbidities like reduced cardiovascular output or respiratory limitations, further slowing venous return and fostering 
thrombogenesis.55 Therefore, implementing an enhanced recovery after surgery protocol (ERAS) is recommended to 
counteract age-related fatigue and immobility-driven hypercoagulability in these vulnerable populations.56

Our ML model highlighted the complex multifactorial etiology of postoperative VTE in patients undergoing 
ovarian cancer resection. Notably, an advanced FIGO stage, macroscopic residual disease, and extended surgical 
duration were significant predictors of VTE. In particular, advanced FIGO stages (III/IV) may contribute to hyper
coagulability through tumor-derived prothrombotic factors, such as tissue factors and inflammatory cytokines, along 
with an increased tumor burden that compresses pelvic vessels, leading to venous stasis. This finding is consistent with 
previous studies indicating an increased risk of postoperative VTE in advanced ovarian cancer.57–59 Furthermore, the 
persistence of residual disease following surgery (notably R1/R2 status) was shown to further elevate the risk of 
thrombosis, potentially via the ongoing release of pro-coagulant factors and cytokines from the remaining tumor 
tissue.42 In addition, advanced FIGO stage often necessitates longer surgical procedures, contributing to a compounded 
risk profile for VTE. Prolonged surgical duration exacerbates this risk by promoting venous stasis due to patient 
immobilization and escalating endothelial injury through tissue trauma and fluid shifts. This phenomenon is supported 
by evidence from gynecological oncology cohorts.43,60 By utilizing our predictive model, clinicians can more 
effectively identify high-risk patients and optimize nursing interventions, such as administering postoperative 
LMWH to counteract sustained hypercoagulability due to residual tumor burden and enhancing surgical efficiency 
through multidisciplinary planning aimed at reducing operative time.61,62

Our findings underscore the significant interrelationships among postoperative chemotherapy, D-dimer concen
trations, surgical site infections, and VTE in patients undergoing ovarian cancer resection. It is demonstrated that an 
elevated surgical burden may predispose patients to a hypercoagulable state by upregulating prothrombotic 
mediators.63 This condition potentially synergizes with postoperative fibrinolytic activation, as evidenced by 
heightened D-dimer levels, thereby amplifying VTE risk.64 D-dimer, a fibrin split product, is frequently employed 
as a marker for systemic coagulation activation. Elevated plasma levels of D-dimer are associated with tumor 
progression and poor survival outcomes in ovarian cancer patients.65 Simultaneously, surgical site infections likely 
exacerbate endothelial dysfunction and inflammatory responses, further destabilizing hemostatic balance.66 

Postoperative chemotherapy also increases thrombotic risk, as adjuvant therapeutic agents induce endothelial 
dysfunction and platelet activation while suppressing anticoagulant proteins during recovery, which may perpetuate 
stasis.67 This triad—prolonged prothrombotic state associated with chemotherapy, fibrinolytic dysregulation induced 
by D-dimer, and localized infection—appears to serve as a multifactorial contributor to thrombogenesis. Clinically, 
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incorporating these biomarkers into our ML model enhanced the predictive accuracy for VTE, emphasizing their 
utility in identifying high-risk cohorts. This finding aligns with previous studies,9,68 and emphasizes the under
recognized role of wound-related inflammation in the thrombotic pathways associated with ovarian cancer.69 Future 
research should explore longitudinal biomarker trajectories and targeted interventions to mitigate this synergistic 
risk.

Limitations
This study has several limitations. First, the retrospective single-center design and the relatively small test dataset (N = 
279) inherently limit the generalizability of our findings. The lack of an external validation cohort further restricts the 
clinical applicability of the predictive model across diverse populations or clinical settings. Second, the dataset imbalance 
(eg, only 10% VTE incidence) may have inflated metrics like accuracy while masking inefficacy in predicting minority- 
class outcomes. Although SMOTETomek sampling was employed to address this imbalance, residual confounding bias 
cannot be ruled out. Third, missing data—particularly regarding anticoagulation adherence and preoperative coagulation 
parameters—necessitated imputation. While rigorous methods such as MissForest were applied to minimize bias, 
unmeasured confounding factors may persist. Future prospective investigations should incorporate real-time adherence 
monitoring and longitudinal coagulation profiling to reduce reliance on imputation. Fourth, the exclusion of patients with 
prior VTE or coagulation disorders might restrict the applicability of the model to higher-risk cohorts, as predictors were 
derived from a comparatively lower-risk population. Subsequent research should prioritize stratified analyses or sub
group-specific models tailored to these excluded cohorts. Finally, while seven established ML algorithms were rigorously 
evaluated, this scope may not encompass the full spectrum of ML methodologies. To enhance clinical utility, future work 
should focus on external validation in large-scale multicenter cohorts, employ advanced techniques such as synthetic 
minority oversampling or hybrid ensemble modeling, and rigorously address dataset imbalance to improve robustness for 
underrepresented outcomes.

Conclusion
This study developed and validated an ML-based predictive model to predict postoperative VTE in patients undergoing 
ovarian cancer resection, with the XGBoost algorithm achieving good predictive accuracy (AUC: 0.935). Interpretability 
analysis revealed critical predictors of VTE risk, including advanced age, higher FIGO stage, administration of post
operative chemotherapy, extended surgical duration, macroscopic residual disease, elevated postoperative D-dimer levels, 
and wound infections. This framework provides a foundation for advancing precision medicine in postoperative care, 
with the ultimate goal of reducing morbidity and optimizing thromboprophylaxis in high-risk oncology populations.
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