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Background: Whether to perform concurrent anti-incontinence surgery (AIS) during pelvic floor reconstruction (PFR) remains
controversial. Traditional logistic regression (LR) models for predicting postoperative stress urinary incontinence (SUI) are limited
by their inability to capture complex non-linear relationships and high-order interactions among predictors. Machine learning (ML)
algorithms offer advantages in modeling such complexities, but existing ML models often lack interpretability and external
validation.

Objective: This study aims to develop and validate an interpretable ML model using multicenter data to predict de novo SUI or
symptomatic worsening after PFR, comparing performance with traditional LR and seven ML algorithms.

Methods: Clinical and pelvic floor ultrasound data from 490 women who underwent PFR between Jan 2019 and Jan 2024 were
retrospectively analyzed. Univariate and multivariate logistic regression analyses identified independent predictors and constructed
a conventional model. Seven ML models were developed. Model performance was assessed using area under the curve (AUC),
calibration, and decision curve analysis.

Results: A total of 590 patients were enrolled, of whom 155 (26.3%) developed de novo SUI or symptomatic worsening. The
conventional logistic regression model identified seven independent predictors; while least absolute shrinkage and selection operator
regression selected 11 optimal features. Among all models, the Multilayer Perceptron (MLP) demonstrated the best predictive
performance, achieving an AUC of 0.922 (95% CI: 0.880-0.957) in internal validation and 0.893 (95% CI: 0.844-0.936) in external
testing. DeLong test revealed significant AUC differences among models (all P < 0.05). SHapley Additive exPlanations (SHAP)
analysis identified concurrent AIS, body mass index, urethral rotation angle, Valsalva retrovesical angle, and age as the most influential
predictors.

Conclusion: The MLP model provides accurate and clinically meaningful predictions of postoperative SUI risk following PFR,
demonstrating strong discrimination, good calibration, and potential clinical utility. This model may support personalized surgical
planning and decision-making.
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Introduction

Pelvic organ prolapse (POP) is a common condition that significantly impairs women’s quality of life, with reported
prevalence rates ranging from 9.6% to 20% in developing countries.' Defects of the anterior compartment account for up
to 91.2% of POP cases,” and more than 50% of women with a uterus experience POP accompanied by related symptoms.
Stress urinary incontinence (SUI)* is defined as the involuntary leakage of urine during activities that increase intra-
abdominal pressure, such as coughing, sneezing, or physical exertion. Pelvic Floor Reconstruction (PFR) is the standard
surgical intervention for moderate-to-severe POP. Although PFR effectively restores anatomical support, it is associated
with a 15-50% risk of worsening pre-existing SUI or inducing de novo SUI postoperatively.* Accurate preoperative risk
stratification for SUI and informed decision-making regarding concurrent anti-incontinence surgery (AIS) are therefore
critical. Complications related to incontinence procedures, such as postoperative urinary retention, urinary tract infec-
tions, and sexual dysfunction, can substantially impair both physical and psychological well-being and increase
healthcare utilization. Performing unnecessary AIS exposes patients to additional risks, such as urinary dysfunction,
sling erosion, and mesh-related complications.” Conversely, withholding AIS in patients at high risk of postoperative SUI
may result in persistent symptoms, reduced quality of life, and the need for subsequent reoperation. Thus, optimal
surgical planning requires a careful balance between these competing risks.

Previous studies have primarily investigated the predictive value of urodynamic findings clinical characteristics, and
epidemiological factors for postoperative SUI For example, Oliveira et al® and others’ identified diabetes mellitus,
advanced-stage prolapse, occult SUI, older age, and reduced maximum urethral closure pressure as independent risk
factors. However, these studies predominantly relied on traditional logistic regression (LR) models, which have limited
ability to capture complex non-linear relationships and high-order interactions among variables.®’ In contrast, machine
learning (ML) algorithms, particularly ensemble methods that integrate multiple decision trees, such as Random Forest
(RF), offer significant advantages in modeling complex, non-linear interactions in high-dimensional datasets.® For
example, Yu et al’ demonstrated that an RF model outperformed LR in predicting myofascial pelvic pain syndrome
(MPPS). Similarly, Fu et al'® developed and validated an eXtreme Gradient Boosting (XGBoost) model to predict
postoperative SUI across different surgical approaches, including mesh and non-mesh procedures, regardless of pre-
operative continence status. Their model identified body mass index (BMI), age, pelvic organ prolapse quantification
(POP-Q) grade, and surgical type as key predictors, achieving an area under the curve (AUC) of 0.714.'° Nonetheless,
a major limitation of existing ML-based models is that they are typically developed and validated using single-center
datasets, limiting their generalizability without rigorous external validation.

The multilayer perceptron (MLP) models, a classical feedforward artificial neural network, is particularly well suited
for capturing complex nonlinear patterns through its multi-layered architecture of interconnected neurons. In clinical
prediction tasks,"' MLP models have demonstrated strong performance across diverse medical domains. For instance,
Nistal-Nuiio et al'? developed an MLP-based model to predict outcomes in critically ill patients with respiratory tract
tumors by integrating laboratory parameters, demographic data, organ support therapies, and other clinical variables. This
model achieved an AUC of 0.885, markedly outperforming conventional prediction systems with AUCs below 0.74.
Similarly, Lu et al'® applied an MLP model to identify urinary tract infections (UTIs) associated with renal calculi,
achieving an AUC of 0.98. However, these studies lacked interpretability, which remains a major barrier to clinical
adoption. Moreover, the application of MLP models to predict complications following female pelvic floor surgery has
not yet been explored.

Against this background, the present study addresses these gaps through three key innovations: (1) the use of
multicenter data to develop and compare eight predictive models, including a LR model; (2) the integration of traditional
univariate and multivariate regression with Least Absolute Shrinkage and Selection Operator (LASSO) regression for
feature selection; and (3) the application of SHapley Additive exPlanations (SHAP)' to interpret the optimal model by
quantifying feature contributions and enhancing clinical transparency. Our objective is to develop a robust and
interpretable tool for preoperative SUI risk stratification, thereby supporting individualized decisions regarding con-

current AIS, reducing surgical complications, and improving patient outcomes.
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Materials and Methods
Study Population and Design

This retrospective multicenter cohort study included 490 women who underwent PFR between January 2019 and
January 2024. The study cohort was randomly divided into a training set (n = 343, 70%) and an internal validation set
(n = 147) via stratified sampling based on the primary outcome (postoperative SUI status). To assess model general-
izability, an independent external test cohort comprising 100 patients from a separate institution was included.

This study has been approved by the Ethics Committee of Wannan Medical University (Approval No.: 2024-207).
All data were strictly de-identified, including the removal of names, medical record numbers, and contact information, in
accordance with the principles of the Declaration of Helsinki.

Inclusion criteria were as follows: (1) POP-Q stage II-1V; (2) Availability of preoperative pelvic floor ultrasound
(PFUS) with complete clinical data; (3) A minimum postoperative follow-up of 6 months with complete outcome data.

Exclusion criteria included: (1) Prior AIS; (2) Clinical records with more than 10% missing data.

Predictor Variables and Data Acquisition

PFUS Examination

PFUS was performed using SonoScape (China) and Mindray Resona 8s (China) systems, equipped with VE9-5
endocavitary 3D transducers (4-8 MHz) and D8-2U 3D transducers (5-9 MHz), respectively. All examinations were
conducted with patients in the lithotomy position and a bladder volume of 50-100 mL. After lubrication, the transducer
was placed on the perineum, and the insonation angle was adjusted to clearly visualize the pubic symphysis, bladder
neck, urethra, and levator ani muscle (LAM). Two-dimensional (2D) images and dynamic cine loops were obtained at
rest, during maximal Valsalva maneuver, and during voluntary pelvic floor muscle contraction.’

PFUS Parameters

Pelvic floor ultrasound parameters included postvoid residual urine volume (PVR), defined as the volume of urine
remaining in the bladder after voiding. Bladder neck position (BNP) and retrovesical angle (RA) were measured both at
rest (R_BNP, R RA) and during the Valsalva maneuver (Va_BNP, Va RA). Urethral tilt angle (UTA) was similarly
recorded at rest (R_UTA) and during Valsalva (Va_UTA). Urethral rotation angle (UretRot) was calculated as the
difference between the UTA during Valsalva and at rest (Va_UTA — R _UTA), while bladder neck descent (BND) was
defined as the difference between the BNP during Valsalva and at rest (Va_BNP — R_BNP). Urethral funneling was
considered present when the length of the urethral meatus exceeded 50% of the total urethral length during the Valsalva

mancuver.

LAM Injury Assessment

LAM integrity was evaluated using three-dimensional tomographic ultrasound imaging (TUI)'” at the plane of minimal
hiatal dimensions and at two cranial adjacent planes during voluntary contraction. Major LAM injury were defined as: (1)
Bilateral loss of more than 50% of the internal pubococcygeus muscle; or (2) Complete loss of the muscle on at least one
side.'®

Clinical Parameters

The following clinical variables were collected: age, BMI, gravidity, parity, history of cesarean section, chronic
obstructive pulmonary disease (COPD), menopausal status, diabetes mellitus, hypertension, POP-Q points (Aa/Ba),
type of PFR procedure (colpocleisis, anterior colporrhaphy, sacrospinous ligament fixation, sacrocolpopexy, and vaginal
mesh reconstruction) and performance of concurrent AIS.

Reliability Assessment

Pelvic floor ultrasound examinations were independently interpreted by two senior ultrasonographers (attending physi-
cians with at least five years of experience in pelvic floor ultrasound diagnosis), who evaluated LAM defects on both
static and dynamic images. To minimize interpretation bias, the assessors were blinded to all clinical information,
including demographic characteristics, surgical history, and SUI-related symptoms.
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Interobserver reliability for the classification of LAM defects was assessed by randomly selecting 20% of ultrasound
images for repeat evaluation by both assessors. Agreement was quantified using Cohen’s kappa coefficient, yielding a
value of 0.89, which indicates excellent interobserver reliability (i > 0.80 = excellent; 0.61-0.80 = good; 0.41-0.60 =
moderate; k < 0.40 = poor). Any discrepancies were resolved through consensus discussions with a third senior
radiologist with more than 10 years of experience to ensure data accuracy.

Outcome Definitions

SUI was diagnosed based on patient-reported symptoms of involuntary urine leakage during activities that increase
abdominal pressure (eg, coughing or sneezing), findings from physical examination, and results of a 1-hour pad test to
quantify urine loss.

Overt SUI was defined as involuntary urine leakage during increased abdominal pressure or a positive cough stress
test (CST)."” Occult SUI (OSUT) was defined as the absence of subjective urinary leakage with a positive CST following
manual reduction of prolapse.'® De novo SUI was defined as the absence of preoperative SUI with the presence of
postoperative symptoms and/or a positive CST.'” Postoperative SUI status was evaluated at 6 months and classified as
cured, improved, unchanged, or worsened.”*?' “Cured” was defined as resolution of preoperative overt SUI or a 1-hour
pad test result of 0-5 g. “Improved” referred to symptom improvement or a reduction of at least 50% in pad test leakage.
“Unchanged” indicated symptoms or pad test results comparable to baseline, while “worsened” was defined as symptom
exacerbation or an increase of more than 50% in pad test leakage. Patients were further categorized into two outcome
groups: the event group, consisting of patients with de novo SUI or worsened pre-existing SUI, and the non-event group,
consisting of patients with cured, improved, or unchanged SUI.

Data Preprocessing

Variables with a missing rate exceeding 10% (including history of cesarean section and COPD) were excluded from
further analysis. For the remaining variables, missing values were imputed using the SimpleImputer class from the scikit-
learn library (version 0.24.2) in Python (version 3.7.1). Continuous variables were imputed using the median, while
categorical variables were imputed using the most frequent value (mode). To address class imbalance in the training
dataset, the Synthetic Minority Oversampling Technique (SMOTE) was applied. Oversampling was restricted to the
training set to prevent data leakage and preserve the integrity of model evaluation.

Model Construction and Validation

As described in Study Population and Design, the 490 patients were stratified into a training set (70%, n = 343) and an
internal validation set (30%, n = 147). An external validation cohort of 100 patients from an independent institution was
used to assess model generalizability.

Traditional LR Model

Univariate analyses were first performed to screen potential predictors. Continuous variables were analyzed using Mann—
Whitney U-test, while categorical variables were compared using chi-square test or Fisher’s exact test, as appropriate.
Variables with P value < 0.05 in univariate analysis were were entered into a multivariate binary LR model. Forward
stepwise regression based on the likelihood ratio test was applied to identify independent predictors, balancing model fit
and parsimony. Entry and removal criteria were set at P < 0.05 and P > 0.10, respectively, consistent with commonly
used variable selection strategies, including Akaike information criterion (AIC) and Bayesian information criter-
ion (BIC).

ML Models

To reduce multicollinearity, pairwise feature correlations were assessed using a Spearman rank correlation matrix (Figure
S1). When a correlation coefficient exceeded |r] > 0.9, one of the correlated variables was excluded based on clinical
relevance to minimize redundancy and enhance model robustness. The remaining features were then entered into
a LASSO regression model with 10-fold cross-validation. LASSO regression is a technique that automatically selects
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the most important features by shrinking less relevant variable coefficients to zero, thereby simplifying the model and
reducing overfitting. The optimal feature subset was selected using the A criterion, defined as the largest value of A
within one standard error of the minimum cross-validation error.

Seven ML models were constructed: Naive Bayes (NB), Gradient Boosting (GB), RF, MLP, XGBoost, Light Gradient
Boosting Machine (LightGBM), and k-Nearest Neighbors (KNN). Hyperparameter optimization was conducted on the
training set using RepeatedStratifiedKFold (10-fold, 10 repeats) in combination with GridSearchCV (scikit-learn), with
balanced accuracy as the primary optimization metric to account for class imbalance. The final models were retrained on
the full training set using the optimal hyperparameters. Detailed hyperparameter grids are provided in Table S1.

Model Evaluation

The primary performance metric for all models was the AUC. Secondary performance metrics included accuracy,
sensitivity, specificity, positive predictive value (PPV), negative predictive value (NPV), and F1-score, which together
provide a comprehensive assessment of diagnostic performance. Model calibration was evaluated using calibration plots
and the Brier Score (BS), with lower BS values indicating better calibration. The clinical utility of each prediction model
was assessed using decision curve analysis (DCA), which estimates net benefit across a range of threshold probabilities.
Pairwise comparisons of AUCs between models were performed using DeLong’s test. All performance estimates were
reported with 95% confidence intervals (CIs), which were derived using non-parametric bootstrapping with 1000
resamples.

Integrated Discrimination Improvement Index (IDI) and Net Reclassification Index
(NRI)

To quantify improvements in predictive performance, the integrated IDI and NRI were calculated using the multivariate
logistic regression model. A baseline model was constructed using clinical variables alone, including age, BMI, history
of vaginal delivery, POP-Q stage, and preoperative SUI status. A combined model was then developed by incorporating
pelvic floor ultrasound parameters, such as urethral rotation angle and the retrovesical angle during the Valsalva
maneuver, in addition to the clinical variables. The model-fitting strategy was kept consistent between the baseline
and combined models to ensure comparability. The IDI and NRI were used to assess incremental improvements in overall
discrimination and risk reclassification beyond conventional receiver operating characteristic (ROC) curve and AUC-
based metrics.

Model Interpretability

Interpreting the decision-making mechanisms of ML models, particularly complex “black box” models, remains
challenging. To address this issue, SHAP, a game theory-based interpretability method, was applied. SHAP quantifies
the contribution of each input feature to a model’s prediction by assigning Shapley values derived from cooperative game
theory. This approach enables both global and local interpretability. At the global level, SHAP feature importance
identifies the most influential predictors across the entire dataset, while at the local level, it explains individual
predictions by decomposing model outputs into additive contributions from each feature. By making model behavior
transparent and traceable, SHAP enhances clinical interpretability, promotes trust in model predictions, and facilitates
practical implementation in clinical decision-making. SHAP analysis explains how each patient’s characteristics, such as
age or BMI, influence the model’s risk prediction. It assigns a contribution value to each feature, where positive values
increase risk and negative values decrease risk, making the model’s decision process transparent.

Statistical Analysis

Continuous variables were presented as mean + standard deviation (SD) if normally distributed, or as median with
interquartile range (IQR) if non-normally distributed. Normality was assessed using the Shapiro—Wilk test, and homo-
geneity of variances was evaluated using Levene’s test. For between-group comparisons of continuous variables, the
independent samples #-test was applied to normally distributed data with homogeneous variances; Welch’s ¢-test was used
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when variances were heterogeneous; Mann—Whitney U-test was employed for non-normally distributed data. Categorical
variables were expressed as frequencies and percentages. Group comparisons were performed using the Chi-square test
when all expected cell counts were > 5; otherwise, Fisher’s exact test was applied. All statistical analyses were conducted
using Python (version 3.7.1), with the scipy.stats package used for hypothesis testing and pandas for data manipulation.
All tests were two-sided, and a P value < 0.05 was considered statistically significant.

Results

Clinical Baseline Characteristics

Between January 2019 and January 2024, a total of 658 PFR procedures were performed at Yijishan Hospital. After
excluding patients who were lost to follow-up (n = 35), those with a prior history of PFR (n = 23), and those with
a postoperative follow-up period of less than 6 months (n = 110), 490 patients were included in the final analysis.
These patients were randomly assigned to a training set (n = 343, 70%) and an internal validation set (n = 147, 30%).
An external validation cohort of 100 patients was recruited from Yancheng Hospital of Traditional Chinese Medicine
(Figure 1). Baseline characteristics were generally well balanced between the training and internal validation cohorts,
with the exception of duration of prolapse (P < 0.001), POP-Q point Aa (P < 0.001), postvoid residual urine volume
(P < 0.001), presence of mixed incontinence (P = 0.001) and urethral internal orifice small funneling (P = 0.003)
(Table 1). Among the total study population of 590 patients, 155 (26.3%) developed postoperative SUI, including 100
cases of de novo SUI and 55 cases of worsened pre-existing SUI.

Traditional LR Model

Univariate and multivariate LR analyses identified seven independent risk factors for postoperative de novo or
aggravated SUI: BMI, concomitant AIS, Valsalva retrovesical angle, urethral rotation angle, LAM Injury, diabetes
mellitus, and sacrospinous ligament fixation (SSLF) (Table 2). These predictors were incorporated into a multivariate
LR model and used to construct a nomogram for individualized risk estimation (Figure 2).

In the internal validation cohort, the model demonstrated strong discriminative performance, with an AUC of 0.919
(95% CI: 0.887—0.951), high sensitivity (0.921), and moderate specificity (0.780). However, model performance declined
in the external validation set, yielding an AUC of 0.833 (95% CI: 0.765-0.901), suggesting potential overfitting to the
training data. Although specificity improved to 0.817, sensitivity decreased to 0.711, resulting in a relatively low positive
predictive value (PPV = 0.574; 95% CI: 0.482—0.666) (Table 3).

ML Models

Using LASSO regression, 11 key predictors were selected for ML model development. As shown in the LASSO
coefficient path and cross-validation plots (Figure 3A and B), under the optimal penalty parameter (A), the following
variables retained non-zero regression coefficients at the optimal penalty parameter (A): concurrent AIS, BMI, urethral
rotation angle, Valsalva_retrovesical angle, age, LAM injury, POP-Q staging, rest retrovesical angle, Ba point, diabetes
mellitus and parity (Figure 3C). Notably, all imaging-related predictors identified by univariate and multivariate logistic
regression were retained, with the exception of SSLF. Although SSLF had been identified as a protective factor in prior
regression analyses, it was excluded from the final LASSO-selected feature set.

To investigate the exclusion of SSLF, variance inflation factor (VIF) analysis was performed to assess multicolli-
nearity among candidate predictors. The results indicated a VIF value of 5.2 for SSLF and concurrent AIS, exceeding the
predefined threshold of 5.0 and indicating moderate collinearity between these variables. All other predictors exhibited
VIF values below 3.0, confirming the absence of significant collinearity. These findings suggest partial information
redundancy between SSLF and AIS, which likely contributed to the exclusion of SSLF during LASSO feature selection.

In the internal validation set, all seven ML models demonstrated strong discriminative ability, with AUC values
exceeding 0.870. This performance was largely maintained in the external test cohort, where all models achieved AUC
values greater than 0.833, indicating good generalizability despite potential class imbalance. Among tree-based ensemble
models (RF, Gradient Boosting, XGBoost, and LightGBM), several demonstrated superior performance in specific metrics.
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Patients received prolapse surgery

(N=658)
I Excluded:
> (I) Age <18 (N=0)
l (IT) Patients were lost to follow up<2 (N=35)
Patients met inclusion criteria
(N=623)
‘ Excluded:
» (I) Prior history of any prolapse surgery or
l urinary incontinence surgery (N=23)
i ) (IT) Lack of 6-month follow-up resul ts (N=110)
Patients for final analysis
(N=490)
Model development
| 7:3
v v
Development set Internal Enternal
p validation set validation set
l Internal Enternal
LR. XGBoost. RF. validation validation
GB. LGBM., NB.
KNN. MLP
Figure | lllustrates the comprehensive process of prediction model validation and development, encompassing a range of machine learning and statistical models. This

includes LR, NB, GB, RF, MLP, XGBoost, LGBM, and KNN. The flowchart emphasizes the importance of rigorous validation and development steps, as outlined in various
prediction model studies, to ensure the robustness and applicability of the models across different domains.

Abbreviations: LR, Logistic Regression; NB, Naive Bayes; GB, Gradient Boosting Machine; RF, Random Forest; MLP, Multilayer Perceptron; XGBoost, Extreme Gradient
Boosting; LGBM, Light Gradient Boosting Machine; KNN, k-Nearest Neighbors.

The RF model achieved the highest specificity (0.945) and positive predictive value (0.838) during internal validation;
however, its sensitivity declined markedly in the external test cohort (from 0.816 to 0.500). In contrast, the MLP model
demonstrated consistently strong and balanced performance across both validation cohorts. The MLP achieved an AUC of
0.922 in internal validation and maintained a high AUC of 0.893 in the external test set. Its accuracy (0.816), sensitivity
(0.816), and specificity (0.817) remained stable and well balanced across datasets. Overall, the MLP model exhibited the
most robust and consistent performance among all evaluated models (Figure 4A—C and Table 3). Pairwise comparisons of
model performance using DeLong’s test revealed statistically significant differences in AUC among the prediction models in
the external test cohort (all P < 0.05). Detailed results of these comparisons are provided in Table S2.
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Table | Baseline Distribution Characteristics of All Indicators Across Three Datasets

Characteristic Overall Training Cohort Internal Validation External Validation P-value
(n =590) (n = 343) Cohort (n = 147) Cohort (n = 100)

Age, mean (SD) 61.3 (8.1) 61.2 (8.1) 63.0 (8.0) 59.1 (7.9) 0.083

BMI, mean (SD) 223 (3.1) 21.8 (2.8) 22.1 (3.0) 24.1 (3.3) 0.204

Pelvic_Organ_Prolapse_grade, n (%) 0.507

Il 263 (44.6) 148 (43.1) 67 (45.6) 48 (48.0)

1] 279 (47.3) 168 (49.0) 65 (44.2) 46 (46.0)

v 48 (8.1) 27 (7.9) 15 (10.2) 6 (6.0)

Hysterectomy, n (%) 0.125

No 522 (88.5) 313 (91.3) 134 (91.2) 75 (75.0)

Yes 68 (11.5) 30 (87) 13 (8.8) 25 (25.0)

Number_of_pregnancies, n (%) 0.073

[ 28 (4.7) 17 (5.0) 9 (6.1) 2 (2.0

2 215 (36.4) 127 (37.0) 47 (32.0) 41 (41.0)

3 158 (26.8) 81 (23.6) 34 (23.1) 43 (43.0)

24 189 (32.0) 118 (34.4) 57 (38.8) 14 (14.0)

Parity, n (%) 0.105

| 199 (33.7) 108 (31.5) 51 (34.7) 40 (40.0)

2 310 (52.5) 191 (55.7) 77 (52.4) 42 (42.0)

23 81 (13.7) 44 (12.8) 19 (12.9) 17 (17.0)

Years_of_prolapse, mean (SD) 4.6 (2.8) 49 (2.9) 4.6 (2.9) 33 (1.4 < 0.001

Hypertension, n (%) 0.159

No 489 (82.9) 294 (85.7) 120 (81.6) 75 (75.0)

Yes 101 (17.1) 49 (14.3) 27 (18.4) 25 (25.0)

Diabetes_mellitus, n (%) 0.125

No 499 (84.6) 301 (87.8) 129 (87.8) 69 (69.0)

Yes 91 (15.4) 42 (12.2) 18 (12.2) 31 (31.0)

Aa, mean (SD) —0.7 (1.4) 0.5 (1.4) —0.4 (1.3) —-1.7 (0.8) < 0.001

Ba, mean (SD) 3.0 (1.5) 2.9 (1.5) 2.9 (1.6) 32(1.2) 0.126

Mixed incontinence, n (%) < 0.001

No 492 (83.4) 301 (87.8) 125 (85.0) 66 (66.0)

Yes 98 (16.6) 42 (12.2) 22 (15.0) 34 (34.0)

Residual urine volume, mean (SD) 35.7 (15.6) 33.9 (15.5) 36.0 (17.4) 41.5 (10.7) < 0.001

Rest_ Bladder Neck, mean (SD) 22.6 (3.1) 22.0 (2.6) 224 (3.1) 25.1 (3.3) 0.001

Valsalva_ bladder neck, mean (SD) —19.3 (84) -19.3 (8.9) —20.2 (8.6) —18.0 (5.5) 0.128

Bladder neck mobility, mean (SD) 41.9 (84) 41.3 (8.9) 42.6 (8.3) 43.1 (6.3) 0.079

Rest_posterior vesical angle, mean (SD) 121.4 (17.5) 122.4 (18.5) 121.4 (16.8) 118.1 (14.2) 0.098

Valsalva_ posterior vesical angle, mean (SD) 134.4 (25.0) 133.0 (25.3) 131.5 (25.9) 143.5 (20.8) 0.211

Urethral rotation anglemean (SD) 76.7 (32.8) 76.0 (34.7) 76.0 (33.7) 80.2 (23.8) 0.513

Urethral internal orifice small funnel, n (%) 0.003

No 477 (80.8) 282 (82.2) 126 (85.7) 69 (69.0)

Yes 113 (19.2) 61 (17.8) 21 (14.3) 31 (31.0)

Levator ani muscle injury, n (%) 0.15

No 502 (85.1) 298 (86.9) 125 (85.0) 79 (79.0)

Yes 88 (14.9) 45 (13.1) 22 (15.0) 21 (21.0) 0.35

Combined antidiuretic surgery, n (%)

No 286 (48.5) 166 (48.4) 77 (52.4) 43 (43.0)

Yes 304 (51.5) 177 (51.6) 70 (47.6) 57 (57.0)

Reconstruction of pelvic floor surgical_procedure, n (%)

Vaginal Mesh Reconstruction 75 (12.7) 41 (12.0) 23 (15.6) I (11.0) 0.296

Sacrosciatic ligament fixation 52 (8.8) 28 (8.2) 13 (8.8) 11 (11.0)

Uterosacral ligament suspension 80 (13.6) 44 (12.8) 21 (14.3) 15 (15.0)

Anterior vaginal wall repair 108 (18.3) 57 (16.6) 25 (17.0) 26 (26.0)

Vaginal occlusion 275 (46.6) 173 (50.4) 65 (44.2) 37 (37.0)

Abbreviation: BMI, Body Mass Index.
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Table 2 Results of Univariate and Multivariate Analysis

Feature Univariate Multivariable
OR (95% CI) P value | OR (95% CI) P value
Age 1.007 (0.982-1.031) | 0.607
BMI 1.344 (1.234-1.464) | < 0.001 1.324 (1.181-1.483) | < 0.001
Aa 1.115 (0.962—-1.294) | 0.149
Ba 1.113 (0.978-1.267) | 0.105
Residual urine volume 1.01 (0.998-1.023) 0.092
Rest_Bladder_Neck 1.033 (0.961-1.112) 0.378
Valsalva_bladder_neck 1.005 (0.982-1.028) 0.66
Bladder neck mobility 0.998 (0.975-1.021) 0.869
Rest_posterior_vesical_angle 1.006 (0.994-1.017) 0.321
Number_of_pregnancies 1.114 (0.997-1.287) 0.235
Parity 1.437 (1.039-1.995) | 0.028 1.473 (0.909-2.386) | 0.116
Valsalva_posteriorvesical angle 0.966 (0.957-0.974) < 0.001 | 0.971 (0.959-0.984) | < 0.001
Urethral_rotation_angle 1.023 (1.017-1.03) < 0.001 1.022 (1.013-1.031) | < 0.001
Pelvic_Organ_Prolapse_grade
I 0.479 (0.042-5.409) | 0.552
n 0.823 (0.073-9.226) | 0.875
v 1.109 (0.093-13.263) | 0.935
Hysterectomy
No - -
Yes 1.641 (0.845-3.184) | 0.143
Hypertension
No - -
Yes 0.891 (0.502-1.579) | 0.692
Diabetes_mellitus
No - -
Yes 4.49 (2.57-7.846) <0.001 | 3.052 (1.33-7.005) | 0.008
Mixed_incontinence
No - -
Yes 1.512 (0.858-2.664) | 0.153
Urethral_internal_orifice_small_funnel
No - -
Yes 1.006 (0.584-1.733) | 0.98I
Levator_ani_muscle_injury
No - -
Yes 0411 (0.197-0.856) | 0.017 0.236 (0.083-0.672) | 0.007
Combined_antidiuretic_surgery
No - -
Yes 0.036 (0.017-0.076) | < 0.001 | 0.045 (0.02-0.103) | < 0.00I
Vaginal Mesh Reconstruction - -
Sacrosciatic ligament fixation 0.305 (0.104-0.894) 0.030 0.199 (0.045-0.868) | 0.032
Uterosacral ligament suspension 0.603 (0.273-1.334) 0.212 0.827 (0.285-2.396) | 0.726
Anterior vaginal wall repair 1.14 (0.567-2.293) 0.713 1.044 (0.382-2.854) | 0.933
Vaginal occlusion 0.709 (0.387—1.298) | 0.265 0.939 (0.409-2.155) | 0.882

Abbreviations: BMI, Body Mass Index; OR, Odds Ratio; Cl, Confidence Interval.

Model Calibration and Clinical Decision Curve Analysis

In the internal validation cohort, all models demonstrated good calibration, as indicated by low Brier scores ranging
from 0.089 to 0.118. Calibration curves closely approximated the 45° reference line, indicating strong agreement
between predicted and observed probabilities (Figure 5SA and B). In the external validation cohort, BS increased
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Figure 2 lllustrates the Nomogram for a traditional LR model, which incorporates seven independent variables known to influence the outcome.
Abbreviation: LR, Logistic Regression.

slightly (0.125-0.167), suggesting mild risk overestimation; nevertheless, overall calibration remained acceptable
(Figure 5C).

In the internal validation cohort, the KNN model exhibited lower net benefit than the “no treatment” strategy curve
within the threshold probability ranges of 0.7-0.8 and 0.9-1.0. In contrast, all other models maintained favorable net
benefits across a wide range of threshold probabilities (0-0.9) (Figure 5D and E). In the external validation cohort, the
net benefit of all models decreased relative to internal validation; however, they continued to demonstrate substantial
clinical utility within threshold probabilities ranging from 0 to 0.7 (Figure 5F).

Comparison Between the New Model and the Baseline Model

On the external test cohort, the new model demonstrated significantly superior performance compared with the baseline
model, as evidenced by higher NRI and IDI values (both P < 0.05). These findings indicate that the new model provides
improved risk reclassification and enhanced overall discriminative ability beyond conventionalclinical predictors alone.
Detailed results are presented in the Table S3.

Model Interpretability: SHAP Analyses

Model interpretability was assessed using SHAP. Global interpretability was evaluated using Shap summary bar plots,
beeswarm plots, and dependence plots, while local interpretability for individual predictions was examined using SHAP
waterfall plots.
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Table 3 Comprehensive Performance Metrics of Machine Learning Models on Internal Validation and
External Test Sets

Dataset Indicator Model | AUC | Accuracy | Sensitivity | Specificity | Fl-score | PPV | NPV

Internal validation set | LR 0919 | 0816 0.921 0.780 0.722 0.593 | 0.966
NB 0916 | 0.796 0.868 0.771 0.688 0.569 | 0.944
GB 0.926 | 0.850 0.789 0.872 0.732 0.682 | 0.922
RF 0.921 | 0912 0.816 0.945 0.827 0.838 | 0.936
MLP 0.922 | 0.837 0816 0.844 0.721 0.646 | 0.929
XGB 0.924 | 0.857 0.842 0.862 0.753 0.681 | 0.940
LGBM | 0.924 | 0.844 0.868 0.835 0.742 0.647 | 0.948
KNN 0.871 | 0.850 0.684 0.908 0.703 0.722 | 0.892

External test set LR 0.833 | 0.789 0.711 0.817 0.635 0.574 | 0.890+
NB 0.883 | 0.782 0.974 0.716 0.698 0.544 | 0.987
GB 0.893 | 0.762 0.947 0.697 0.673 0.522 | 0.974
RF 0.870 | 0.803 0.500 0.908 0.567 0.655 | 0.839
MLP 0.893 | 0.816 0816 0817 0.697 0.608 | 0.927
XGB 0.850 | 0.755 0.763 0.752 0.617 0.518 | 0.901
LGBM | 0.849 | 0.782 0.763 0.789 0.644 0.558 | 0.905
KNN 0.846 | 0.796 0.447 0917 0.531 0.654 | 0.826

Abbreviations: LR, Logistic Regression; NB, Naive Bayes; GB, Gradient Boosting Machine; RF, Random Forest; MLP, Multilayer
Perceptron; XGB, Extreme Gradient Boosting; LGBM, Light Gradient Boosting Machine; KNN, k-Nearest Neighbors; PPV, Positive
Predictive Value; NPV, Negative Predictive Value; AUC, Area Under the Curve.

The SHAP summary bar plot revealed that the five most influential predictors, ranked by mean absolute SHAP
values, were concomitant AIS, BMI, urethral rotation angle, Valsalva retrovesical angle, and age (Figure 6A). SHAP
beeswarm plots further illustrated the direction and magnitude of each feature’s effect on model predictions, showing that
higher urethral rotation angle, elevated BMI, and advanced POP-Q stage were associated with an increased risk of
de novo or aggravated SUL In contrast, concomitant AIS, larger Valsalva retrovesical angle and older age were
associated with reduced risk (Figure 6B). SHAP dependence plots provided a detailed visualization of how individual
features influenced model output across the dataset. Positive SHAP values indicated increased predicted risk, whereas
negative values indicated risk reduction. For example, BMI > 24 kg/m?, urethral rotation angle > 60°, and POP-Q grade
> III were associated with a higher predicted risk of postoperative SUI (Figure 6C). Local interpretability was
demonstrated using SHAP waterfall plots, which illustrated how individual feature contributions shifted the model output
from the baseline prediction (E[f(x)]) to the final prediction for a given patient. In one representative low-risk case, Ba
point and age contributed positively to risk prediction (+0.41 and +0.19, respectively), whereas concurrent AIS and the
Valsalva retrovesical angle contributed negatively (—1.53 and —1.19, respectively). The baseline model output value for
this patient was —1.413, which shifted to a final output value of —3.788, corresponding to a low-risk classification
(Figure 6D). Conversely, in a representative high-risk case, the baseline output value of —1.517 increased to a final output
value of 2.557 due to differing magnitudes and directions of feature contributions, resulting in a high-risk classification
(Figure 6E).

Discussion

A recent comprehensive review of predictive models for SUI after POP surgery highlighted several methodological
limitations, including small sample sizes, retrospective study designs, heterogeneous predictor selection, and limited
external validation.?? In response, the present study developed and rigorously validated a transparent ML model using
multicenter data to predict SUI progression following PFR surgery.

Key Research Findings
In this multicenter retrospective cohort study of 590 patients who underwent PFR, 155 patients (26.3%) developed either
de novo or worsened SUI postoperatively. This incidence aligns with the 15-50% range reported in previous studies,”
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Figure 3 lllustrates the LASSO Regularization Path and optimal feature selection, with plot. (A) Showing how feature selection is achieved through LASSO regression. The
vertical dashed lines indicate the optimal lambda (1) value, which is determined by the minimum criteria; (B) Coefficient profile plot. The vertical line signifies the log(A) value
at which Lasso regression identified the optimal set of || features with non-zero coefficients; (C) The bar plot illustrates the coefficients of the final || features selected by
the LASSO model, indicating their relative importance and the direction of their impact on the outcome. LASSO regression, known for its feature selection capabilities,
tends to shrink the coefficients of less important features to zero, resulting in a sparse model that emphasizes the most influential predictors.

Abbreviation: LASSO, Least Absolute Shrinkage and Selection Operator.

confirming the clinical prevalence of postoperative SUI and providing crucial baseline data for developing robust
predictive models.

Using this cohort, we systematically developed and validated eight predictive models, including traditional LR and
seven ML algorithms: NB, GB, RF, MLP, XGBoost, LGBM, and KNN. Feature selection was conducted via LASSO
regression, which identified 11 key predictors. Internal validation and independent external testing demonstrated that
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Figure 4 ROC curves of eight models for predicting worsening and de novo of SUI after PFR. (A) Training set; (B) Internal validation set; (C) External validation set.
Abbreviations: LR, Logistic Regression; NB, Naive Bayes; GB, Gradient Boosting Machine; RF, Random Forest; MLP, Multilayer Perceptron; XGB, Extreme Gradient
Boosting; LGBM, Light Gradient Boosting Machine; KNN, k-Nearest Neighbors; ROC, Receiver Operating Characteristic; SUI, Stress Urinary Incontinence; AUC, Area
Under the Curve.

the MLP model outperformed all other models in terms of discrimination, calibration, and clinical utility. Specifically,
the MLP achieved an AUC of 0.922 (95% CI: 0.880-0.957) in internal validation and 0.893 (95% CI: 0.844—0.936) in
external testing, indicating high discriminative ability. Its accuracy (0.816), sensitivity (0.816), and specificity (0.817)
were consistently high across datasets, highlighting robust predictive performance. In contrast, other models exhibited
notable limitations. The RF model, for example, demonstrated a significant drop in sensitivity to 0.500 during external
validation, missing approximately half of high-risk cases. GB and NB had suboptimal specificity (0.697 and 0.716,
respectively), leading to excessive false positives and the potential for unnecessary AIS interventions. The traditional
LR model performed well internally (AUC = 0.919) but showed reduced external validity (AUC = 0.833), likely due to
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Figure 6 Interpretation of the optimal prediction model using SHAP for both global and local explainability. (A) SHAP Summary Bar Plot: This plot visually represents the
overall importance of each feature in the model. Features are ranked by their mean absolute SHAP value, which quantifies their average impact on predictions across the
entire dataset. The horizontal length of each bar indicates the magnitude of each feature’s contribution to the model’s decisions; (B) SHAP Beeswarm Plot: This visualization
shows the distribution of SHAP values for each patient in the dataset. Each point represents an individual instance, with its position relative to the centerline indicating its
effect: points to the right (positive SHAP values) increase the predicted risk of SUI progression, while points to the left (negative SHAP values) reduce it. The color of the
points reflects the original feature value, with red representing high values and blue indicating low values, thus revealing patterns of risk (eg, high BMI, shown in red, is
predominantly associated with increased risk); (C) SHAP Dependence Plots: These charts depict the nonlinear relationship between a specific feature’s value (x-axis) and its
corresponding impact on the prediction (SHAP value, y-axis). A LOESS-fitted trend line (in red) clarifies the overall effect: an upward trend indicates value ranges where the
feature acts as a risk factor, while a downward trend suggests a protective effect. This offers an intuitive method for establishing clinical decision thresholds (eg, identifying
a BMI > 22.5 kg/m? as a critical risk point). SHAP, SHapley Additive exPlanations; BMI, body mass index; SUI, stress urinary incontinence. (D and E). SHAP Waterfall Plot:
This diagram (D) deconstructs the prediction for a single, representative patient, illustrating how the model arrives at its final output from the base value (E[f(x)], the average
prediction). Features are ordered by the size of their contribution. Red bars represent factors that increased the patient’s predicted risk, while blue bars indicate protective
factors that lowered it; Similarly, another patient (E) had a baseline model output value (E[f(x)]) of-1.517. When parameters such as combined antidiuretic surgery, urethral
rotation angle, and age positively influenced the postoperative SUI outcome, the final output value was 2.557, indicating this patient was in the high-risk group.

its linear architecture and reliance on P-value—based variable selection. LR lacks the regularization and feature
compression inherent to LASSO, making it more susceptible to overfitting specific training data patterns. By contrast,
the MLP model, with a two-layer nonlinear neural architecture (hidden_layer sizes = (100,50)), effectively captured
complex interactions among predictors. L2 regularization (alpha = 0.0001) mitigated overfitting, and nested cross-
validation with stratified sampling ensured balanced, high-performance outcomes across validation cohorts.”* Beyond
discrimination, the MLP model exhibited excellent calibration, with Brier scores of 0.092 (internal) and 0.125
(external). DCA further demonstrated substantial clinical net benefit across threshold probabilities of 0-0.8 (internal)
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and 0-0.7 (external), outperforming both “intervene-all” and “intervene-none” strategies and highlighting its practical
utility.

Feature selection employed a dual-path approach combining traditional regression analysis and LASSO regression.
The traditional method identified independent predictors via univariate and multivariate LR, while LASSO used L1
regularization to optimize the feature subset. The two approaches yielded nearly overlapping feature sets, validating the
robustness of predictor selection. Notably, sacrospinous ligament fixation (SSLF; OR = 0.20, P = 0.03), identified as
a protective factor in multivariate LR, was excluded in the LASSO model due to moderate collinearity with AIS (VIF =
5.2). All other retained features had VIF values below 3. This exclusion reflects the core mechanism of L1 regularization:
compressing the feature space by prioritizing variables with superior predictive power among highly correlated
features.”* Importantly, the exclusion of SSLF does not diminish its clinical relevance; rather, it indicates that its
predictive value overlaps with AIS. Literature supports the protective effect of SSLF in reducing postoperative SUIL >’
and both this study and current clinical principles suggest that combining SSLF with other techniques (eg, Prolift mesh
combined with TVT-O sling) can substantially improve postoperative SUI outcomes.

Clinical Significance of Key Predictive Factors (SHAP Analysis)

The strong predictive performance of the proposed model provides a solid foundation for clinical application. However,
translating model outputs into actionable clinical decisions requires interpretability. SHAP analysis bridges this gap by
elucidating the biological relevance of each predictor and identifying clinically meaningful risk thresholds. The SHAP
summary bar plot identified concomitant AIS, BMI, urethral rotation angle, bladder angle after Valsalva maneuver, and
age as the five most influential predictors.

Anti-incontinence surgery is primarily performed to treat SUI, with common procedures including midurethral
suspension (MUS) and lower urethral slings. These procedures improve urinary continence by reinforcing urethral
support structure or increasing urethral closure pressure.” POP may obscure latent SUI symptoms; restoration of normal
pelvic anatomy after prolapse repair can unmask underlying sphincter dysfunction. Combined surgical approaches
simultaneously correct anatomical defects and enhance urethral support, thereby significantly reducing the risk of
postoperative SUL?’ Previous studies report that the incidence of de novo SUI after prolapse surgery alone ranges
from 20% to 35%, whereas concomitant anti-incontinence procedures such as MUS or Burch colposuspension substan-
tially reduce this risk.”® Consistent with these findings, the SHAP beeswarm plot in the present study showed
predominantly negative SHAP values for AIS, identifying it as the most influential protective factor against postoperative
SUL

Obesity contributes to sustained increases in intra-abdominal pressure, placing chronic mechanical stress on the pelvic
floor musculature and fascial support, thereby impairing their functional integrity. This mechanism represents a shared
pathophysiological basis for both POP and SUI in obese women.”*** Prolonged mechanical loading may also result in
neuromuscular injury, further exacerbating continence dysfunction.>’ The SHAP dependence plot demonstrated
a significant positive correlation between SHAP values and BMI > 24 kg/m?, consistent with multivariate regression
results (OR = 1.324, P < 0.001). This finding aligns with prior studies showing that elevated BMI, particularly above
24 kg/m?, is an independent risk factor for adverse outcomes following PFR, including persistent or de novo urinary
incontinence.®? These results emphasize the importance of perioperative weight management in patients under-
going PFR.

The urethral rotation angle reflects the integrity of pelvic floor support structures. An increased angle indicates
excessive urethral mobility and compromised surrounding support, which may impair urinary control even after
anatomical correction.®> Notably, when the urethral rotation angle exceeds 60°, there is a risk of functional “over-
correction”. Excessive elevation of the suspension point, inappropriate tension, or abnormal traction vectors during static
conditions or Valsalva maneuvers, may induce non-physiological posterior or superior urethral displacement, resulting in
excessive rotation or torsion. Such iatrogenic alterations can disrupt the urethral closure mechanism and contribute to
postoperative SUL>**° In this study, SHAP values increased linearly with larger urethral rotation angles, supporting prior
observations and suggesting that 60° may represent a clinically relevant intervention threshold.
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The posterior bladder angle during the Valsalva maneuver is another important anatomical indicator. Previous studies
have shown that Green type III bladder configuration maintains a complete but smaller posterior bladder angle compared
with type II, and this reduced angle is strongly associated with occult urinary incontinence (OR = 10.9).*° In the present
study, SHAP dependence analysis identified a preoperative posterior bladder angle of 60—130° as a high-risk window for
postoperative SUIL. PFR surgery may partially mitigate this risk by relieving obstruction and modifying bladder neck or
urethral positioning, thereby improving functional outcomes.>’

Age also emerged as a significant predictor, though its effect warrants nuanced interpretation. While earlier studies
suggest that women aged >70 years are at increased risk of persistent or de novo SUI after prolapse surgery,”® our
findings indicate that patients aged 40—65 years represent a particularly vulnerable group. This apparent discrepancy may
reflect differing mechanisms of continence dysfunction across life stages. Epidemiological studies show that SUI
prevalence peaks between 40 and 59 years, coinciding with the peri-menopausal period characterized by declining
estrogen levels and reduced connective tissue elasticity. A large Chinese study reported the highest SUI prevalence (28%)
among women aged 50—59, consistent with global trends.>® During this transitional phase, pelvic floor support structures
experience diminishing functional reserve but have not yet reached the compensatory adaptations seen in advanced age.
This “transitional vulnerability” may predispose patients to continence failure following surgical stress, explaining the
elevated risk observed in this age group.

Comparison with Previous Studies

Previous predictive models for postoperative SUI are limited by methodological constraints, including reliance on linear
assumptions, modest predictive accuracy, and restricted generalizability. Traditional LR models, in particular, may fail to
fully capture the complex, nonlinear relationships underlying SUI risk. This limitation is evident in several published
studies on de novo SUI prediction following POP repair. For instance, Liang et al*® developed an LR model incorporat-
ing POP-Q scores, surgical variables, pelvic floor ultrasound findings, and urodynamic parameters, achieving a modest
bootstrap-corrected AUC of 0.826 in internal validation. Similarly, He et al*' integrated clinical indicators (including
a positive pressure urethral pressure test and Ba point) with pelvic floor ultrasound parameters (such as internal urethral
orifice funneling and LAM injury). Their LR model demonstrated good discrimination, with AUCs of 0.885 in the
training set and 0.823 in the internal validation set; however, the absence of independent external validation limits the
robustness and clinical generalizability of these findings. Although ML models have been introduced to overcome the
linear constraints of LR, their performance has remained variable. For example, Fu et al'® employed an XGBoost-based
model and reported an external validation AUC of 0.704, which, while not exceptional, highlights the challenges of
achieving stable generalization in real-world settings. Xu et al*? compared LR, support vector machine (SVM), C5.0
decision tree, and neural network models using combined clinical and pelvic floor ultrasound data, with the neural
network model achieving the highest internal validation AUC (0.857). Nevertheless, most prior ML studies lacked
independent external validation and did not incorporate interpretable frameworks, such as SHAP analysis, to clarify how
individual predictors influence model decisions, an omission that limits clinical trust and applicability.

To address these limitations, the MLP model developed in this study introduces several key innovations. First,
enhanced generalizability and robustness were achieved through a multicenter cohort design and the inclusion of an
independent external validation set (n = 100). The dual-layer neural network architecture (hidden layer sizes = 100 and
50) effectively captured complex nonlinear interactions among predictors, while L2 regularization (o = 0.0001) mitigated
overfitting. As a result, the model demonstrated excellent discrimination, with an AUC of 0.922 in internal validation and
a consistently high AUC of 0.893 in external validation, outperforming both traditional LR models and previously
reported ML approaches. Second, this study implemented an innovative dual-path feature selection strategy that
integrated traditional regression analysis with LASSO regularization. While univariate and multivariate regression
identified seven independent risk factors, LASSO optimized the feature space by retaining 11 key predictors and
excluding redundant variables, such as sacrospinous ligament fixation, due to its collinearity with concomitant AIS.
This approach preserved clinically meaningful variables, such as BMI, a well-established risk factor, while improving
model stability and parsimony. Third, and most importantly, this study advances interpretability through comprehensive
SHAP analysis. By quantifying the direction and magnitude of each feature’s contribution to model predictions, SHAP
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effectively addresses the “black box” limitation of ML models. This analysis identified clinically actionable thresholds,
such as BMI > 24 kg/m? and urethral rotation angle > 60°, thereby transforming complex model outputs into transparent,
decision-support tools suitable for real-world clinical application.

Limitations and Future Perspectives

Several limitations of this study should be acknowledged. First, the retrospective study design is inherently susceptible to
selection bias and measurement bias. This limitation is further compounded by incomplete documentation of certain
clinically relevant details, such as the specific intraoperative considerations that guided the decision to perform
concomitant AIS. Second, the study population was predominantly drawn from a single geographic region, which may
limit the representativeness and generalizability of the findings to broader or more diverse populations. Third, although
standardized quality control procedures were implemented across centers, unavoidable heterogeneity remained in
ultrasound equipment specifications, operator expertise, and surgical technique variations. These factors may have
introduced inter-center variability that is difficult to fully control in retrospective multicenter analyses. Future research
will focus on several directions. First, prospective, multicenter validation studies are warranted to further refine and
validate the imaging feature system. Incorporating detailed intraoperative variables and surgeon-related factors may
enhance model generalizability and clinical applicability. Second, advanced deep learning approaches, such as convolu-
tional neural networks (CNNs), should be explored to enable direct analysis of raw pelvic floor ultrasound images or
dynamic cine loops. The integration of multimodal data, including electronic medical record (EMR) text, urodynamic
waveforms, and imaging features, may further improve predictive accuracy and support the development of more
comprehensive and intelligent clinical decision-support systems.

Conclusion

In this study, we developed and validated a MLP model capable of accurately predicting the risk of de novo or worsened
stress urinary incontinence following pelvic organ prolapse repair. The model demonstrated superior discriminative
performance compared with traditional logistic regression and existing machine learning approaches, while also achiev-
ing excellent calibration and clinically meaningful net benefit. Specifically, the MLP model achieved an AUC of 0.922 in
internal validation and 0.893 in external validation, substantially outperforming the traditional logistic regression model
(AUC = 0.833 in external validation) and the previously reported XGBoost model (AUC = 0.714). The MLP model also
demonstrated more balanced sensitivity and specificity (0.816 and 0.817, respectively) compared with the Random Forest
model, which showed a marked sensitivity decline to 0.500 in external validation. Furthermore, the MLP model
maintained excellent calibration (Brier score = 0.125 in external validation) and clinically meaningful net benefit across
a wide threshold probability range (0-0.7), whereas the KNN model exhibited negative net benefit at higher thresholds.
These findings highlight the MLP model’s superior robustness, generalizability, and clinical utility in predicting post-
operative SUI risk. Importantly, SHAP-based interpretability analysis elucidated the biological relevance and clinically
actionable thresholds of key predictors, including concomitant AIS, body mass index, urethral rotation angle, Valsalva
retrovesical angle, and age, thereby enhancing transparency and supporting individualized clinical decision-making.
Future work will focus on prospective validation and the development of dynamic, longitudinal risk prediction models
incorporating postoperative follow-up data, with the ultimate goal of improving postoperative outcomes and quality of
life for patients undergoing prolapse repair.
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