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Abstract
Background  Erectile dysfunction (ED) is a frequent complication following radical prostatectomy, significantly affecting 
patients’ quality of life. Traditional predictive methods often struggle to capture complex nonlinear risk factors. This study 
aims to develop a machine learning-based model to improve ED risk stratification and guide personalized management.
Methods  A total of 1,147 prostate cancer patients were analyzed, among whom 285 (24.85%) developed postoperative 
ED. Univariate and multivariate analyses identified age, smoking history, Gleason score, prostate volume, T-stage, surgical 
approach, operative time, intraoperative bleeding, and PCT levels as independent risk factors (P < 0.05). Machine learning 
models, including XGBoost, Random Forest, Support Vector Machine, and k-Nearest Neighbors, were trained for ED risk 
prediction. Key predictors included advanced age, smoking history, Gleason score ≥ 8, prostate volume ≥ 40 ml, T-stage, 
laparoscopic-assisted surgery, and prolonged operative duration.
Results  XGBoost exhibited the highest predictive accuracy (AUC: 0.980 in training; 0.960 in validation), outperform-
ing other models. Calibration curves confirmed strong concordance between predicted and actual probabilities, while 
decision curve analysis demonstrated superior clinical utility, with XGBoost providing the greatest net benefit. Ten-fold 
cross-validation indicated stable performance (validation AUC: 0.9127 ± 0.0770; test AUC: 0.9592; accuracy: 0.9111), and 
external validation confirmed model generalizability (AUC: 0.84). SHAP analysis highlighted key risk contributors, enabling 
individualized risk assessment and targeted clinical interventions.
Conclusion  The XGBoost model exhibited superior predictive performance and clinical applicability in assessing ED risk 
after radical prostatectomy, offering a robust tool for personalized postoperative management.
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1  Introduction

Prostate cancer stands among the most prevalent malignancies affecting men worldwide, with its incidence steadily 
rising due to advancing age, genetic predisposition, androgenic dysregulation, and lifestyle factors [1, 2]. According 
to GLOBOCAN data, it is the second most frequently diagnosed malignancy in men, surpassed only by lung cancer [3, 
4]. Based on disease progression, prostate cancer is stratified into localized, locally advanced, and metastatic stages.

In clinical practice, radical prostatectomy (RP) remains the cornerstone of curative treatment for localized prostate 
cancer, offering significant reductions in mortality and prolonging survival [5, 6]. However, despite its oncological 
efficacy, RP carries the risk of iatrogenic injury to the adjacent neurovascular bundles, frequently resulting in debili-
tating postoperative complications such as erectile dysfunction (ED) [7, 8]. Beyond its physiological ramifications, 
ED imposes profound psychological and social burdens, engendering feelings of shame, anxiety, and helplessness 
that erode self-esteem and, in severe cases, precipitate depression. More critically, the protracted recovery following 
RP is further compounded by ED, exacerbating psychological distress and impeding the restoration of preoperative 
normalcy. Studies indicate that the prevalence of anxiety and depression is significantly higher among patients with 
postoperative ED than in those retaining sexual function [9, 10]. Moreover, ED may engender withdrawal from inti-
mate relationships and social interactions, further amplifying psychological distress and diminishing overall quality 
of life.

The onset of ED following radical prostatectomy is predominantly attributed to neurovascular bundle (NVB) injury 
and disruption of the smooth muscle integrity within the corpora cavernosa [11, 12]. Anatomically, the dorsal and lateral 
surfaces of the prostate lie in close proximity to the pelvic autonomic plexus, rendering the delicate neural structures 
vulnerable to intraoperative trauma. Despite advancements in nerve-sparing (NS) techniques, surgical manipulation may 
still induce direct neural injury or traction-related damage, thereby compromising parasympathetic signaling critical for 
erectile function. Additionally, surgical disruption of the prostatic and penile arterial supply may diminish penile perfu-
sion, precipitating cavernosal ischemia and subsequent erectile impairment. Postoperative local inflammatory responses 
further contribute to corporal fibrosis, exacerbating the functional decline. Notably, a subset of patients experiences a 
postoperative decline in testosterone levels, an endocrine perturbation that further undermines erectile capacity [13].

Traditionally, clinicians have relied on empirical judgment or conventional statistical models to predict and manage 
ED; however, these methodologies are inherently constrained by predefined assumptions and linear regression frame-
works, limiting their capacity to capture the intricate, nonlinear interplay of contributory factors [14–16]. Machine 
learning algorithms hold remarkable promise for clinical prediction, particularly in navigating the complexities of 
multidimensional health data, where they excel at uncovering nonlinear relationships and latent patterns often 
elusive to traditional statistical approaches. Erectile dysfunction arises from an intricate interplay of physiological, 
psychological, and lifestyle factors, with variable relationships so complex that they frequently elude comprehensive 
capture by conventional modeling techniques. In contrast, machine learning methodologies integrate diverse data 
sources—including electronic health records, laboratory assessments, and medical histories—to enable individual-
ized risk prediction for the onset of erectile dysfunction, thereby facilitating early intervention [17–20]. Nonetheless, 
the clinical implementation of machine learning remains fraught with challenges. Chief among these are the “black 
box” nature of certain models, which hampers interpretability and engenders skepticism among clinicians, and the 
limited generalizability of models, whose performance often fluctuates across centers and diverse populations. 
Moreover, clinical datasets are typically marred by noise, missing values, and class imbalance, all of which threaten 
model robustness and predictive fidelity. To address these limitations and enhance clinical applicability, the present 
study employed SHAP analysis to bolster model interpretability and leveraged multi-center data for external valida-
tion to rigorously evaluate generalizability. Through these optimization strategies, we aim to accelerate the clinical 
translation of machine learning technologies in the risk prediction of disorders such as erectile dysfunction.

Postoperative ED is modulated by an array of variables, including patient age, surgical technique, and anatomi-
cal variability, which conventional models struggle to simultaneously integrate and weigh. Leveraging its superior 
data-processing capabilities, machine learning not only facilitates the analysis of high-dimensional datasets but also 
autonomously identifies the most prognostically relevant features. More critically, the algorithms employed in this 
study extend beyond merely delineating risk factors; they enable precise, individualized risk stratification. Through 
the implementation of a SHAP-based personalized risk scoring system, clinicians can quantitatively assess each 
patient’s likelihood of developing postoperative ED, allowing for the formulation of tailored intervention strategies. 
This data-driven approach enhances postoperative management and ultimately optimizes patient quality of life.



Vol.:(0123456789)

Discover Oncology          (2025) 16:810  | https://doi.org/10.1007/s12672-025-02685-y 
	 Analysis

2 � Materials and methods

2.1 � Study subjects

The dataset for this study was sourced from the clinical databases of The Affiliated Huaian No. 1 People’s Hospital and 
Wuxi People’s Hospital, both affiliated with Nanjing Medical University.

Inclusion criteria: (1) Patients who underwent radical prostatectomy (either laparoscopic or robot-assisted) utilizing 
nerve-sparing techniques; (2) surgeries performed by senior surgeons with established proficiency in radical prostatec-
tomy; (3) pathologically or radiologically confirmed localized prostate cancer, defined as tumors confined within the 
prostate without extracapsular extension, seminal vesicle invasion, or distant metastasis; (4) preoperative International 
Index of Erectile Function-5 (IIEF-5) score ≥ 22, or no documented history of erectile dysfunction.

Exclusion criteria: (1) Patients with concurrent malignancies; (2) patients with severe preexisting conditions impacting 
erectile function, including long-standing diabetes mellitus (> 10 years) with neurovascular complications, hypothy-
roidism, or central and peripheral neuropathies (e.g., Parkinson’s disease, spinal cord injury); (3) patients who received 
postoperative androgen deprivation therapy (ADT) or pelvic radiotherapy; (4) patients who succumbed within 30 days 
postoperatively or developed severe complications (e.g., vesicocutaneous fistula, refractory urinary incontinence) pre-
cluding erectile function assessment; (5) patients with incomplete clinical records or loss to follow-up.

All patients were followed for a minimum of six months postoperatively. The Ethics Committee of Wuxi People’s 
Hospital and The Affiliated Huaian No. 1 People’s Hospital of Nanjing Medical University has approved this study (No: 
KY-2024-198-01). Given the retrospective study design, the institutional review boards waived the requirement for 
informed consent.

2.2 � Study design and data collection

A total of 27 variables were collected across preoperative (within 24 h before surgery), intraoperative, and postoperative 
time points. Preoperative variables encompassed demographic characteristics (age, smoking history, alcohol consump-
tion, and BMI), baseline clinical parameters (ASA score, NRS2002 score, surgical history, and family history), medical 
comorbidities (anemia, coronary artery disease, diabetes, hypertension, and hyperlipidemia), tumor-related features 
(pathological Gleason score, T stage, tumor size, and tumor distribution), and laboratory indices (albumin and PSA). Intra-
operative variables included surgical approach, operative duration, and intraoperative blood loss. Postoperative variables 
comprised laboratory markers such as PSA, procalcitonin (PCT), C-reactive protein (CRP), neutrophil-to-lymphocyte ratio 
(NLR), and serum amyloid A (SAA). Notably, PCT, CRP, NLR, and SAA were measured within 48 h postoperatively, while 
PSA levels were assessed six months following surgery. The primary outcome of this study was erectile dysfunction.

2.3 � Diagnosis of ED and definition of associated factors

This study utilized the IIEF-5 to diagnose and quantify the severity of ED [21–23]. The IIEF-5, a validated self-reported 
questionnaire, assesses multiple facets of erectile function, including erectile capacity and sexual satisfaction, based on 
the patient’s experiences over the preceding six months. Comprising five items, each rated on a scale from 1 to 5, the 
questionnaire provides a robust evaluation of erectile function. At six months postoperatively, erectile function data 
were collected through WeChat, telephone interviews, or outpatient follow-up. Patients were stratified according to 
their IIEF-5 scores: those scoring < 22 were classified into the ED group, whereas those with scores ≥ 22 were assigned 
to the non-ED group.

2.4 � Development and evaluation of predictive models for machine learning algorithms

SPSS and R software were employed to develop and evaluate the clinical prediction model. (1) Data Preprocessing. 
This study included prostate cancer patients treated at Wuxi People’s Hospital between January 2020 and January 
2025 as the internal validation cohort. Simultaneously, prostate cancer patients from The Affiliated Huaian No. 1 
People’s Hospital during the same period were selected as the external validation cohort. To ensure model robust-
ness and generalizability, the internal validation cohort was randomly stratified into a training set (70%) and a test 



Vol:.(1234567890)

Analysis	  
Discover Oncology          (2025) 16:810  | https://doi.org/10.1007/s12672-025-02685-y

set (30%). (2) Univariate and Multivariate Analysis. In the internal validation cohort, categorical variables were com-
pared between groups using the chi-square test. Continuous variables following a normal distribution were analyzed 
using the t-test, whereas non-normally distributed continuous variables were assessed via the rank-sum test. A 
significance level of P < 0.05 was considered statistically significant. Additionally, four machine learning algorithms—
Extreme Gradient Boosting (XGBoost), Random Forest (RF), Support Vector Machine (SVM), and k-nearest neighbor 
algorithm (KNN)—were employed to rank the importance of independent predictive factors. Each model assessed 
variable importance based on its internal algorithm, quantifying the contribution of each factor to the prediction of 
postoperative ED. In this study, variable importance scores were computed and ranked across multiple machine 
learning models. The selection of specific thresholds was guided by three principal considerations. First, to ensure 
model consistency and comparability, a unified threshold was established by selecting the top-ranked variable from 
each model, thereby avoiding selection bias arising from disparate model-specific criteria. Second, in pursuit of 
optimal model performance, preliminary analyses revealed that prioritizing top-ranked variables preserved critical 
information while mitigating the risks of overfitting and unnecessary model complexity. Iterative evaluations indi-
cated that this threshold achieved the most favorable balance between predictive performance and interpretability. 
Third, to substantiate the appropriateness of the chosen threshold, models were retrained and evaluated under vary-
ing thresholds (e.g., top 5, top 15, and top 20 variables), with comparative analyses of key performance metrics (such 
as AUC and accuracy). Results consistently demonstrated that models utilizing the top-ranked variables achieved 
superior performance across both internal and external validation cohorts while preserving clinical utility. To facilitate 
comparison of feature importance across models, a normalization strategy was employed. Recognizing that different 
algorithms derive feature importance through disparate mechanisms (e.g., weight magnitudes in linear models versus 
feature scores in nonlinear models), we normalized each model’s importance scores to a 0–1 range. The mean nor-
malized score for each variable was then calculated across all models and ranked in descending order, ensuring a 
coherent and unified framework for cross-model comparison of feature importance. XGBoost and RF: Both ensemble 
learning methods leverage decision trees and assess variable importance through feature split contribution. These 
models determine a variable’s significance by analyzing its frequency as a splitting node across all decision trees and 
its contribution to information gain (e.g., Gini index or entropy), thereby assigning a weight to its overall predictive 
power. SVM: This model classifies data by constructing a support vector hyperplane. Variable importance is evaluated 
by computing each feature’s projection weight on the decision boundary—i.e., the coefficient weights of support 
vectors. A greater contribution to the hyperplane indicates a stronger predictive role in distinguishing ED from non-
ED patients. KNN: As an instance-based learning method, KNN assesses variable importance by analyzing the distri-
bution of neighboring samples. Specifically, it examines how different features influence classification based on their 
effect on the nearest neighbor assignments. Variables that significantly alter the classification outcome of nearby 
samples are deemed more influential in the model’s predictions. To ensure stability and reliability in feature selection, 
a cross-comparison of variable importance rankings across the four models was conducted. The top ten ranked vari-
ables in all models were identified as key predictive factors. (3) Model Development and Evaluation. The selected 
features from the internal validation set were incorporated into predictive models based on SVM, RF, XGBoost, and 
KNN. These models were evaluated in terms of discrimination, calibration, and clinical utility to determine the optimal 
predictive approach. Discrimination: The ability of each model to distinguish between patients with and without 
postoperative ED was assessed using the Receiver Operating Characteristic (ROC) curve and the Area Under the Curve 
(AUC). AUC values range from 0.5 to 1.0, with values closer to 1.0 indicating superior discriminatory performance, 
meaning the model more accurately differentiates high-risk from low-risk patients. Calibration: Calibration curves 
were employed to compare predicted probabilities with actual outcomes. A calibration curve closely aligned with 
the 45° diagonal suggests that the model’s predictions closely match real-world observations. Additionally, the Brier 
Score was computed to account for both prediction accuracy and calibration quality, with lower values indicating 
better overall predictive performance. Clinical Utility: Decision Curve Analysis (DCA) was used to assess the net benefit 
of different predictive models across varying decision thresholds. DCA determines whether a model provides addi-
tional clinical value compared to universal intervention (treating all patients) or universal non-intervention (treating 
none). A model with a higher net benefit across clinically relevant thresholds is considered more practical for decision-
making. To enhance model robustness and mitigate bias due to data partitioning, k-fold cross-validation was per-
formed (typically k = 10). The internal validation set was randomly divided into k equal-sized subsets, with k-1 subsets 
used for training and the remaining subset reserved for testing. This process was repeated k times, ensuring that 
each data point was used for testing exactly once. In each iteration, predictive models were trained using SVM, RF, 
XGBoost, and KNN, and evaluation metrics such as AUC were computed. The final model performance was assessed 
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by averaging results across k iterations, providing a robust estimate of model stability and generalizability, guiding 
the selection of the optimal model for further analysis. (4) External Validation. The best-performing model was applied 
to the external test set, composed of prostate cancer patients from The Affiliated Huaian No. 1 People’s Hospital dur-
ing the same period, independent of the internal validation cohort. ROC curves were generated to evaluate the 
model’s generalization performance and predictive efficacy on an independent dataset, ensuring its applicability 
across different patient populations. (5) Model Interpretation. To elucidate the model’s decision-making process, 
SHapley Additive exPlanations (SHAP) analysis was employed to quantify the contribution of each feature to the 
model’s predictions based on Shapley values. The SHAP summary plot provided an overview of feature importance 
and impact direction across all samples. The horizontal axis represented the magnitude of Shapley values, with larger 
values indicating greater influence on prediction outcomes. The vertical axis listed features ranked by importance. 
Color coding (e.g., red for high values and blue for low values) visually illustrated how specific feature values influ-
enced prediction probabilities. For individual patient predictions, single-sample SHAP force plots were generated. 
Positive contributions (risk-increasing factors) were depicted by red arrows, while negative contributions (risk-reduc-
ing factors) were indicated by blue arrows, offering an intuitive representation of the model’s decision rationale.

3 � Results

3.1 � Basic clinical information of the patient

A total of 1,147 prostate cancer patients were included in this study (Fig. 1), among whom 285 (24.85%) developed 
postoperative ED. Univariate and multivariate analyses identified age, smoking history, Gleason score, prostate vol-
ume, T-stage, surgical procedure, surgery duration, intraoperative bleeding, and PCT level as independent risk factors 
for postoperative ED (P < 0.05) (Table 1). Feature selection using XGBoost, RF, SVM, and KNN further highlighted key 
risk factors, including advanced age, smoking history, Gleason score ≥ 8, prostate volume ≥ 40 mL, T-stage, lapa-
roscopic-assisted surgery, and prolonged operative duration (Fig. 2A-D). The original dataset used in this study is 
provided in Table S1.

Fig. 1   Flowchart of patient 
inclusion in the study
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Table 1   Univariate and multivariate analyses of variables related to ED

Variables Univariate analysis Multivariate analysis

OR, 95%CI P-value OR, 95%CI P-value

Age  < 65 Reference Reference

 ≥ 65 2.76 (1.99–3.83)  < 0.001 2.31 (1.21–4.44) 0.012

BMI  < 25 kg/m2 Reference

 ≥ 25 kg/m2 1.21 (0.86–1.71) 0.276

ASA  < 3 Reference

 ≥ 3 0.93 (0.66–1.30) 0.664

ALB  ≥ 30 g/l Reference

 < 30 g/l 1.19 (0.86–1.65) 0.291

NRS2002 score  < 3 Reference

 ≥ 3 0.74 (0.53–1.04) 0.079

Family history No Reference

Yes 1.02 (0.67–1.55) 0.922

Drinking history No Reference

Yes 1.22 (0.86–1.74) 0.272

Smoking history No Reference Reference

Yes 8.34 (5.85–11.90)  < 0.001 10.83 (5.40–21.75)  < 0.001

Anemia No Reference

Yes 1.27 (0.87–1.86) 0.213

Hyperlipidemia No Reference

Yes 1.14 (0.77–1.68) 0.528

Hypertension No Reference

Yes 1.31 (0.91–1.88) 0.148

Diabetes No Reference Reference

Yes 1.87 (1.29–2.70)  < 0.001 1.59 (0.75–3.37) 0.227

CHD No Reference

Yes 1.65 (0.97–2.82) 0.066

Gleason Score  < 8 Reference Reference

 ≥ 8 15.28 (10.22–22.82)  < 0.001 25.57 (11.91–54.87)  < 0.001

Cancer tissue invasion site Non-tip or bottom Reference

Tip or bottom 1.25 (0.82–1.92) 0.303

Prostate volume  < 40 ml Reference Reference

 ≥ 40 ml 7.26 (5.09–10.35)  < 0.001 9.93 (4.89–20.19)  < 0.001

T-stage T1 Reference Reference

T2 9.66 (6.59–14.17)  < 0.001 12.61 (6.07–26.22)  < 0.001

Preoperative PSA  < 20 ng/ml Reference

 ≥ 20 ng/ml 1.11 (0.71–1.73) 0.659

Postoperative PSA  < 0.2 ng/ml Reference

 ≥ 0.2 ng/ml 0.85 (0.52–1.38) 0.503

Surgical procedure Robotic surgery Reference Reference

Laparoscopic surgery 5.90 (4.19–8.32)  < 0.001 7.22 (3.64–14.32)  < 0.001

Surgery time  < 270 min Reference Reference

 ≥ 270 min 13.55 (9.20–19.95)  < 0.001 15.87 (7.65–32.93)  < 0.001

Intraoperative bleeding  ≥ 100 ml Reference Reference

 < 100 ml 0.58 (0.41–0.81) 0.001 0.51 (0.26–0.99) 0.048

PCT level  < 0.05 ng/ml Reference Reference

 ≥ 0.05 ng/ml 2.03 (1.41–2.93)  < 0.001 2.17 (1.05–4.52) 0.038

CRP level  < 10 mg/l Reference Reference

 ≥ 10 mg/l 1.67 (1.14–2.45) 0.009 1.81 (0.82–3.98) 0.14

SAA level  < 10 mg/l Reference

 ≥ 10 mg/l 1.34 (0.93–1.94) 0.121

NLR  < 3 Reference Reference

≥3 1.51 (1.04–2.19) 0.032 1.33 (0.62–2.84) 0.459
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3.2 � Model building and evaluation

ROC curve analysis demonstrated that the XGBoost model exhibited superior predictive performance in both the 
training and validation cohorts, achieving an AUC of 0.980 in the training set and 0.960 in the validation set, outper-
forming the other three machine learning models (Table 2). The high AUC values indicate that the model possesses 
remarkable discriminatory ability, effectively distinguishing high-risk from low-risk patients, thereby reflecting its 
high predictive accuracy. Furthermore, calibration curves revealed that the predictions of XGBoost, RF, SVM, and KNN 
closely aligned with the ideal calibration line, suggesting that these models not only excel in risk stratification but 
also maintain robust reliability in probability estimation. To assess clinical utility, DCA was performed. The results 

Table 1   (continued)
OR, odds ratio; CI, confidence interval; BMI, body mass index; ASA, The American Society of Anesthesiologists; ALB, albumin; PCT, procalcitonin; 
CRP, C-reactive protein; NLR, neutrophil to lymphocyte ratio; SAA, serum amyloid A; NRS2002, nutrition risk screening 2002

Fig. 2   Ranking of variable importance across the four models. A XGBoost model. B RF model. C SVM model. D KNN model
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demonstrated that, compared to the "treat-all" or "treat-none" strategies, all machine learning models provided 
higher net clinical benefit (Fig. 3A-D). Notably, XGBoost exhibited the most favorable performance, underscoring 
its potential to deliver precise and individualized risk prediction for postoperative erectile dysfunction in patients 
undergoing radical prostatectomy. To comprehensively evaluate the generalization performance of the four machine 
learning models, we employed k-fold cross-validation within the internal validation cohort. Specifically, 540 samples 
(67.84%) were randomly selected as the test set, while the remaining samples were used for training, and a tenfold 
cross-validation was conducted. This approach enabled a more robust assessment of each model’s performance 
across different data subsets, mitigating potential biases from data partitioning and enhancing model stability and 
reliability. During cross-validation, the XGBoost model outperformed the other models, achieving a mean AUC of 
0.9127 ± 0.0770 in the validation set, an AUC of 0.9592 in the test set, and an accuracy of 0.9111. These findings sug-
gest that XGBoost maintains consistent predictive performance across different datasets, demonstrating superior 
generalization capability. Comparatively, the other three models exhibited slightly inferior performance: RF achieved 
a validation AUC of 0.8990 ± 0.0692, a test AUC of 0.9141, and an accuracy of 0.7704, indicating strong discrimina-
tive ability but lower accuracy, potentially leading to misclassification in certain cases. Support Vector Machine 
(SVM) attained a validation AUC of 0.9080 ± 0.0523, a test AUC of 0.9186, and an accuracy of 0.9019, demonstrating 
strong predictive performance, albeit slightly below XGBoost. KNN yielded a validation AUC of 0.8922 ± 0.0678, a test 
AUC of 0.9236, and an accuracy of 0.8148. Although KNN achieved the highest AUC in the test set, its overall accu-
racy remained lower than XGBoost, suggesting potential limitations in high-dimensional data settings. Collectively, 
XGBoost outperformed all models across evaluation metrics, particularly excelling in AUC and accuracy, indicating 
superior discriminative power, generalization ability, and stable predictive performance. Therefore, XGBoost was 
ultimately selected as the optimal algorithm for predicting high-risk factors for postoperative erectile dysfunction. For 
external validation, we further assessed the model’s generalization ability using ROC curve analysis, which yielded an 
AUC of 0.84 (Fig. 4A-D). This result confirms that the model maintains high predictive accuracy on previously unseen 
data, demonstrating strong external validity and clinical applicability.

3.3 � Model explanation

The SHAP summary plot (Fig. 5) illustrates the key risk factors for postoperative ED and their relative contributions. The 
results indicate that larger prostate volume, Gleason Score ≥ 8, T2-stage tumors, prolonged operative time, history of 
smoking, laparoscopic-assisted surgery, and advanced age are the most significant predictors of ED. To further validate 
the clinical applicability of the model, we analyzed four individual patients using SHAP force plots (Fig. 6A-D) to reveal 
their specific high-risk factors and contribution levels:

Patient 1: The model predicted an ED probability of 0.83, primarily driven by advanced age, larger prostate volume, 
laparoscopic-assisted surgery, and smoking history. The accumulation of these high-risk factors resulted in a substan-
tially increased ED risk. Patient 2: The model estimated an ED probability of just 0.01, suggesting an extremely low risk. 
Patient 3: The predicted ED probability was 0.40, with Gleason Score ≥ 8 and larger prostate volume identified as the key 

Table 2   Evaluation of the performance of the four models

CI, confidence interval

AUC(95%CI) Accuracy(95%CI) Sensitivity(95%CI) Specificity(95%CI) F1 score(95%CI)

KNN Training set 0.97 (0.96–0.99) 0.94(0.93–0.94) 0.9(0.88–0.91) 0.95(0.95–0.96) 0.88(0.87–0.89)
Validation set 0.93 (0.88–0.98) 0.9(0.89–0.91) 0.8(0.77–0.83) 0.94(0.92–0.95) 0.8(0.79–0.82)

XGBoost Training set 0.98 (0.98–0.99) 0.94(0.94–0.95) 0.92(0.91–0.93) 0.95(0.94–0.96) 0.89(0.89–0.90)
Validation set 0.96 (0.93–0.99) 0.91(0.89–0.92) 0.86(0.82–0.91) 0.93(0.91–0.94) 0.83(0.80–0.85)

RF Training set 0.97 (0.96–0.99) 0.93(0.92–0.93) 0.93(0.92–0.95) 0.92(0.91–0.93) 0.87(0.86–0.88)
Validation set 0.89 (0.82–0.96) 0.89(0.88–0.90) 0.85(0.81–0.88) 0.91(0.89–0.93) 0.8(0.78–0.82)

SVM Training set 0.98 (0.96–0.99) 0.94(0.93–0.95) 0.91(0.89–0.92) 0.95(0.94–0.96) 0.89(0.87–0.90)
Validation set 0.96 (0.93–0.99) 0.91(0.90–0.93) 0.86(0.83–0.90) 0.93(0.92–0.94) 0.84(0.81–0.86)
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contributing factors. While these factors elevate the risk, the overall probability remains moderate. Patient 4: The model 
estimated an ED probability of 0.21, mainly influenced by age ≥ 65 years, smoking history, and prolonged operative time. 
Although the risk is relatively low, close monitoring remains warranted.

These individualized SHAP analyses highlight the model’s interpretability, enabling personalized risk stratification 
and facilitating targeted clinical decision-making.

Fig. 3   Predictive performance assessment of the four models. A ROC curves for the training set. B ROC curves for the validation set. C Cali-
bration plots, where the 45° dotted line represents perfect agreement between predicted and observed probabilities, with closer alignment 
indicating higher accuracy. D Decision curve analysis (DCA), where the intersection of the red curve with the "All" curve marks the starting 
point, and its intersection with the "None" curve defines the range within which patients benefit
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4 � Discussion

Traditional statistical methods and empirical assessments have long dominated risk prediction in complex and chal-
lenging clinical scenarios. However, their limitations are becoming increasingly evident [24, 25]. Empirical approaches 
heavily rely on clinicians’ individual experience, making them susceptible to cognitive biases such as representa-
tiveness bias and recall bias. Clinicians may overemphasize certain intuitive factors while overlooking critical latent 
variables, such as subtle variations in operative time or refinements in nerve-sparing techniques. Furthermore, expe-
rience-driven predictions struggle to dynamically integrate new evidence or surgical innovations, causing predictive 
models to lag behind advancements in clinical practice.

Fig. 4   Internal and external validation of the XGBoost model. A ROC curve for the training set. B ROC curve for the validation set. C ROC 
curve for the test set. D External validation results
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Similarly, traditional statistical methods, such as logistic regression, operate under linear assumptions, making them 
inadequate for capturing complex nonlinear interactions between variables like age and BMI, which are often crucial in 
disease pathogenesis [26, 27]. Additionally, these methods rely on researcher-driven variable selection, which may omit 
key predictive factors or introduce multicollinearity, thereby compromising model robustness. The rise of high-dimen-
sional clinical data, including multiparametric MRI features and molecular biomarkers, further highlights the inherent 
limitations of traditional models in handling advanced feature extraction and selection.

In this study, we harnessed four machine learning algorithms—XGBoost, RF, SVM, and KNN—to rigorously assess their 
predictive efficacy in delineating high-risk factors for postoperative ED following radical prostatectomy. Each algorithm 
confers distinct methodological advantages: XGBoost, a gradient boosting-based ensemble approach, excels in navigat-
ing high-dimensional data landscapes and unraveling intricate feature interdependencies, such as prostate volume and 
Gleason score, while simultaneously mitigating overfitting. Its tree-structured optimization strategy, including greedy 
feature partitioning, augments sensitivity to pivotal risk determinants, such as advanced age and prolonged operative 
duration. Notably, XGBoost exhibited the most robust predictive performance, attaining a test-set AUC of 0.9592 and 
a cross-validation accuracy of 0.9111, alongside an external validation AUC of 0.84, underscoring its formidable gen-
eralization capability across heterogeneous datasets [28, 29]. RF, which aggregates multiple decision trees through an 
ensemble voting paradigm, effectively curtails overfitting [30]. However, despite its robust feature importance ranking 
via out-of-bag error estimation, RF’s stochastic subspace sampling may inadvertently exclude critical feature synergies. 
SVM, which delineates decision boundaries via hyperplanes in high-dimensional feature space, demonstrated commend-
able predictive proficiency (test-set AUC = 0.9186); nevertheless, its reliance on meticulous hyperparameter calibration 
and computational intensity in large-scale datasets constrain its clinical applicability. KNN, an instance-based classifier, 
exhibited robust performance in lower-dimensional scenarios (test-set AUC = 0.9236); however, its dependence on local 
similarity metrics hampers adaptability to noisy data and exacerbates susceptibility to high-dimensional sparsity, yielding 
an accuracy of 0.8148—substantially inferior to XGBoost [31, 32]. Our findings unequivocally establish XGBoost as the 
superior predictive model, consistently surpassing its counterparts across training, validation, and external validation 
datasets. Its capacity to accurately stratify high-risk and low-risk patients, while maintaining stable predictive efficacy 
across diverse cohorts, further reinforces its clinical applicability. Moreover, calibration curve analysis substantiated the 
strong concordance between XGBoost’s probabilistic predictions and actual outcomes, while DCA affirmed its tangible 
clinical utility in informing decision-making processes. Collectively, these attributes position XGBoost as the preeminent 

Fig. 5   SHAP summary plot illustrating the contribution of risk factors, ranked by the mean absolute Shapley values. Higher-positioned fac-
tors have a greater impact on model predictions
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model for forecasting high-risk factors for postoperative ED, offering a powerful conduit for precision medicine and 
individualized therapeutic strategies.

Our ED risk prediction model offers broad applicability across diverse clinical scenarios, encompassing preoperative 
planning, intraoperative guidance, and postoperative management. During the initial physical examination or outpatient 
screening, the model enables the early identification of high-risk individuals, prompting timely recommendations for 

Fig. 6   SHAP force plot visualizing individual predictions. Variables are arranged horizontally based on their absolute influence. Blue indi-
cates a negative effect on disease prediction (decreasing SHAP values), while red indicates a positive effect (increasing SHAP values). A 
Patient I. B Patient II. C Patient III. D Patient IV
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advanced imaging. In the preoperative phase, it assists in stratifying patient risk in anticipation of prostate cancer-related 
therapies, thereby informing the development of tailored treatment strategies, including the preoperative adjustment 
of metabolic therapy regimens for high-risk individuals. Furthermore, for patients predisposed to ED following prostate 
cancer surgery, the model supports the optimization of preoperative management and provides critical insights during 
treatment, guiding clinicians in refining therapeutic approaches—such as modifying radiotherapy or chemotherapy 
protocols—to mitigate ED risk. In the postoperative setting, the model facilitates the implementation of personalized 
surveillance strategies, incorporating routine imaging and biochemical monitoring, and proves particularly valuable for 
the long-term follow-up of prostate cancer survivors to continuously evaluate the risk of ED and associated complications.

In this study, we employed SHAP analysis to elucidate the model’s predictive mechanisms, highlighting prostate vol-
ume as a critical determinant of postoperative ED. The autonomic innervation governing erectile function, composed 
of sympathetic and parasympathetic fibers, is primarily situated laterally and posteriorly to the prostate, traversing the 
neurovascular bundles (NVBs) [33, 34]. Although all patients in this study underwent nerve-sparing radical prostatectomy, 
glandular hypertrophy may induce anatomical displacement of the NVBs, bringing them into closer proximity to the 
surgical resection margin. This spatial shift increases the susceptibility of these delicate neural structures to inadvertent 
intraoperative trauma, thereby compromising erectile function. Furthermore, prostate enlargement may distort adjacent 
anatomical relationships, potentially embedding the NVBs within the prostatic capsule and rendering nerve preservation 
technically more arduous, further amplifying the risk of iatrogenic injury. Additionally, in cases of substantial prostate 
hypertrophy, the surgical field may be obstructed, necessitating prolonged operative durations for bladder neck dis-
section, prostate excision, and urethral reconstruction. Extended surgical times, in turn, contribute to heightened local 
inflammation and tissue edema, which may delay postoperative neurovascular recovery and exacerbate the likelihood 
of ED.

Additionally, we observed that robot-assisted surgery confers substantial advantages over conventional laparoscopic 
approaches, offering superior intraoperative precision, enhanced nerve preservation, reduced blood loss, and improved 
pelvic floor integrity—factors that collectively contribute to a significantly lower incidence of postoperative ED. The 
robotic system provides a 10 × high-definition three-dimensional (3D) visualization, affording surgeons unparalleled 
clarity in identifying and preserving the NVBs [12, 35]. Given the NVBs’ pronounced vulnerability to ischemia and hypoxia, 
excessive intraoperative hemorrhage may impair penile corpus cavernosum perfusion, exacerbating the risk of postopera-
tive ED. Compared to the two-dimensional (2D) perspective of laparoscopic surgery, robotic-assisted systems facilitate 
superior differentiation of the prostate from adjacent structures, thereby mitigating the risk of inadvertent injury to the 
parasympathetic and sympathetic nerves integral to erectile function while simultaneously minimizing intraoperative 
blood loss [36]. Moreover, the robotic system’s multi-degree-of-freedom articulated instruments, capable of 540° rota-
tion, surpass the dexterity of conventional laparoscopic tools, enabling meticulous NVB dissection with minimal traction 
and nerve disruption, thereby optimizing erectile function preservation. Crucially, robotic-assisted surgery also allows 
for precise bladder neck division and urethral anastomosis, reducing iatrogenic trauma to periprostatic neural structures 
and lowering the likelihood of postoperative urinary incontinence. The resultant improvement in continence recovery 
alleviates patient anxiety, indirectly bolstering erectile function. Furthermore, emerging evidence underscores the piv-
otal role of the pelvic floor musculature in maintaining penile erection. By minimizing excessive traction and inadvert-
ent injury to pelvic structures, the refined surgical precision afforded by robotic systems fosters superior postoperative 
erectile function recovery.

In this study, we further employed four representative cases to elucidate how the model predicts the risk of post-
operative ED. Notably, in Case 3, Gleason grading emerged as a pivotal determinant. As a histopathological indicator 
of prostate cancer aggressiveness, a higher Gleason score is often indicative of more invasive tumor biology [37]. We 
hypothesize that elevated Gleason scores are frequently associated with NVB invasion, necessitating more extensive 
surgical excision to mitigate the risk of residual disease and recurrence [38]. Furthermore, high-grade prostate cancer 
is more likely to provoke localized inflammation and postoperative fibrosis, both of which hinder nerve regeneration, 
thereby compromising erectile function recovery [39, 40]. Beyond Gleason grading, tumor staging (T-stage) also plays 
a crucial role in delineating the extent of local tumor spread, significantly influencing postoperative ED risk. In T2-stage 
localized prostate cancer, although the malignancy remains confined within the prostate, its extension into one or both 
lobes heightens the likelihood of NVB involvement. Even in nerve-sparing procedures, intraoperative manipulation may 
induce mechanical trauma, ischemia, or traction-related injury to the NVBs, thereby further impeding postoperative 
erectile function restoration.

Despite leveraging machine learning to elucidate the factors influencing ED following radical prostatectomy and 
providing valuable clinical insights, this study has several limitations that warrant further refinement and investigation. 
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First, the retrospective design inherently carries a risk of selection bias, as it relies on historical medical records that may 
be incomplete for certain variables. Additionally, variability in patient adherence to follow-up protocols could impact 
the reliability of the conclusions. The relatively modest sample size may further compromise the external validity of the 
findings, potentially introducing bias in the analysis. Notably, preoperative erectile function was assessed using the IIEF-5 
score, a self-reported measure prone to subjective bias. Psychological factors, cultural background, and social influences 
may lead some patients to either overestimate or underestimate their erectile function, thereby affecting data accuracy. 
Moreover, the study did not incorporate objective physiological assessments, such as nocturnal penile tumescence (NPT) 
testing or vascular endothelial function analysis, which may have introduced further measurement inaccuracies in pre-
operative erectile function evaluation. Future research will focus on expanding the cohort, refining study methodologies, 
and integrating multicenter data, prospective follow-up, and a broader spectrum of clinical parameters. Through these 
enhancements, we aim to achieve a more precise assessment of the impact of nerve-sparing surgery on postoperative 
erectile function, ultimately providing more robust evidence to inform clinical decision-making.

5 � Conclusion

Our study leveraged machine learning to construct a predictive model for ED following radical prostatectomy, demon-
strating high accuracy and strong clinical applicability. Our findings highlight prostate volume as a pivotal factor in post-
operative ED, likely due to its influence on the anatomical positioning of the NVB, thereby heightening the risk of intra-
operative nerve injury. Moreover, robot-assisted surgery confers significant advantages over laparoscopic approaches, 
offering superior precision, enhanced nerve preservation, reduced intraoperative bleeding, and improved pelvic floor 
protection, collectively contributing to a markedly lower incidence of postoperative ED. Additionally, tumor character-
istics, including Gleason score and T stage, emerged as critical risk factors. A higher Gleason score is indicative of more 
aggressive tumor biology, while locally advanced tumors (high T stage) exhibit a greater propensity for NVB invasion. 
Consequently, these patients often require a more extensive resection, elevating the likelihood of intraoperative nerve 
damage and prolonging postoperative functional recovery.
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