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Abstract 
 

This study was to identify independent risk factors for new-onset stress urinary incontinence (SUI) after pelvic organ prolapse (POP) 

surgery and to develop and validate optimized prediction models, thereby providing an evidence-based tool for clinical decision-

making. A single-center retrospective cohort study was conducted, including 213 patients who underwent POP surgery. Data on 

baseline characteristics, preoperative assessments, surgical details, and 12-month postoperative follow-up were collected via the 

electronic medical record system. Multiple imputation was used to handle missing data, least absolute shrinkage and selection 

operator (LASSO) regression for feature selection, and both logistic regression and classification and regression tree (CART) 

decision tree models were developed. LASSO regression identified preoperative POP-Q stage, abnormal urodynamics with prolapse 

reduction, postmenopausal duration >10 years, and parity as core risk factors. The logistic regression model achieved an internally 

validated area under curve (AUC) of 0.78 and accuracy of 83.0%, with external validation AUC of 0.75. After calibration, Hosmer-

Lemeshow test yielded P=0.65. The CART decision tree model demonstrated an internally validated AUC of 0.84 and accuracy of 

87.4%, with external validation AUC of 0.81 and accuracy of 85.2%. Preoperative POP-Q stage and abnormal urodynamics with 

prolapse reduction are the strongest predictors of new-onset SUI after POP surgery. (Afr J Reprod Health 2026; 30 [2]: 130-144). 
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Résumé 

 

Cette étude visait à identifier les facteurs de risque indépendants d'incontinence urinaire d'effort (IUE) d'apparition récente après une 

chirurgie pour prolapsus des organes pelviens (POP) et à développer et valider des modèles de prédiction optimisés, fournissant 

ainsi un outil factuel pour la prise de décision clinique. Une étude de cohorte rétrospective monocentrique a été menée, incluant 213 

patientes ayant subi une chirurgie pour prolapsus des organes pelviens (POP). Les données sur les caractéristiques initiales, les 

évaluations préopératoires, les détails chirurgicaux et le suivi postopératoire à 12 mois ont été collectées via le système de dossiers 

médicaux électroniques. L'imputation multiple a été utilisée pour gérer les données manquantes, la régression LASSO (Least 

Absolute Shrinkage and Selection Operator) pour la sélection des caractéristiques, et des modèles de régression logistique et d'arbre 

de décision CART (Classification and Regression Tree) ont été développés. La régression LASSO a identifié le stade POP-Q 

préopératoire, une urodynamique anormale avec réduction du prolapsus, une durée postménopausique > 10 ans et la parité comme 

principaux facteurs de risque. Français Le modèle de régression logistique a atteint une aire sous la courbe (ASC) validée en interne 

de 0,78 et une précision de 83,0 %, avec une ASC de validation externe de 0,75. Après étalonnage, le test de Hosmer-Lemeshow a 

donné un p = 0,65. Le modèle d'arbre de décision CART a démontré une ASC validée en interne de 0,84 et une précision de 87,4 

%, avec une ASC de validation externe de 0,81 et une précision de 85,2 %. Le stade POP-Q préopératoire et une urodynamique 

anormale avec réduction du prolapsus sont les meilleurs prédicteurs d'une IUE d'apparition récente après une chirurgie POP. (Afr J 

Reprod Health 2026; 30 [2]: 130-144). 

 

Mots-clés: IUE postopératoire d'apparition récente ; modèle prédictif ; régression logistique ; arbre de décision 

 

Introduction 
 

Pelvic organ prolapse (POP), a prevalent pelvic 

floor dysfunction disorder among middle-aged and  

elderly women, is fundamentally characterized by 

the impairment or weakening of pelvic support 

structures due to factors such as pregnancy, 

childbirth, and aging. This leads to abnormal 
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displacement of pelvic organs including the uterus, 

vagina, bladder, and rectum.1-3 Clinically, patients 

often present with symptoms such as pelvic 

heaviness, urinary incontinence, and defecatory 

dysfunction. These manifestations not only 

significantly disrupt normal physiological functions 

but also adversely impact psychological well-being 

and social participation, markedly diminishing 

quality of life.4-6 Notably, multiparous and 

postmenopausal women exhibit particularly high 

incidence rates of POP, primarily attributable to 

long-term pelvic floor tissue damage and hormonal 

changes. This has emerged as a critical public 

health concern requiring urgent attention. 

Currently, surgical reconstruction of pelvic 

support structures remains the primary treatment 

for moderate-to-severe POP. However, the clinical 

outcomes are not entirely satisfactory, with 

postoperative new-onset stress urinary incontinence 

(SUI) emerging as a common complication 

occurring in 15%-30% of cases, representing a 

major challenge affecting surgical prognosis. This 

postoperative new-onset SUI not only prolongs 

patient recovery but may also necessitate secondary 

surgical interventions, thereby increasing 

healthcare burdens.7,8 Although existing studies 

have recognized its clinical significance, there 

remains a notable lack of accurate risk assessment 

tools in clinical practice. Current management 

predominantly relies on physicians’ empirical 

judgment, which may lead to either under-

identification of high-risk patients or overtreatment 

of low-risk cases.9-11 

A comprehensive investigation of risk 

factors for postoperative new-onset SUI and the 

development of reliable predictive models hold 

significant clinical implications. First, such models 

would enable clinicians to identify high-risk 

populations for targeted concomitant anti-

incontinence procedures. Second, they could 

prevent low-risk patients from undergoing 

unnecessary invasive interventions, thereby 

optimizing the risk-benefit balance of treatment 

strategies.12,13 However, existing studies present 

several limitations: i) ambiguous definitions of 

“new-onset SUI,” with some erroneously including 

aggravated preexisting occult SUI in their analyses; 

ii) restricted predictive power due to inadequate 

sample sizes or suboptimal handling of missing 

data; and most critically, iii) lack of standardization 

in urodynamic study (UDS) protocols-particularly 

regarding whether testing was performed under 

prolapse reduction-compromising result 

comparability.14 To address these gaps, this 

retrospective cohort study strictly enrolled POP 

patients without preoperative observable SUI 

symptoms. Through systematic analysis of clinical 

data, this study aimed to identify independent risk 

factors for postoperative new-onset SUI, develop 

and optimize an accurate predictive model, and 

provide robust decision-support tools for clinical 

practice. 
 
 

Methods 
 

Research design and source of research object 
 

This study is a single-center retrospective cohort 

study. The study subjects were sourced from a 

database of patients who underwent POP surgery at 

Hubei Maternal and Child Health Hospital between 

June 2022 and June 2024. Cases meeting the 

inclusion and exclusion criteria were extracted 

through the hospital’s electronic medical record 

system. The database initially recorded 328 POP 

surgery patients. After stepwise screening 

according to the inclusion and exclusion criteria, 

213 patients were ultimately included. The 

screening process was as follows: total cases 

(n=328); excluded 52 cases with preoperative SUI 

(positive cough stress test or self-reported SUI 

symptoms); excluded 42 cases with postoperative 

follow-up <12 months; excluded 19 cases with 

>20% missing baseline data; final inclusion: 213 

cases. 
 

Inclusion and exclusion criteria 
 

Inclusion criteria 
 

Age ≥ 40 years; diagnosed with POP confirmed by 

clinical examination and POP quantification (POP-

Q) staging, with POP-Q stage ≥ II, and scheduled 

for surgical treatment; absence of preoperative SUI 

manifestations: negative cough stress test without 

prolapse reduction and no self-reported symptoms 

of stress urinary leakage, including leakage during 

coughing, sneezing, or heavy lifting; complete 

baseline clinical data: including demographic 



Yue et al.                                                                          Risk factors & predictive models for post-pOP De Novo SUI 
 

                                                             African Journal of Reproductive Health January 2026; 30 (2):132 

information, preoperative pelvic floor function 

assessment (POP-Q stage, urodynamic results), 

surgical records, and other key data without missing 

values; postoperative follow-up data traceable, with 

completion of at least 12 months of postoperative 

follow-up. 
 

Exclusion criteria 
 

Preoperative SUI (positive cough stress test with or 

without prolapse reduction) or other types of 

urinary incontinence (e.g., urge incontinence, 

mixed incontinence); comorbid neurological 

disorders (e.g., spinal cord injury, multiple 

sclerosis), urethral anatomical abnormalities (e.g., 

urethral diverticulum), or urinary system diseases 

(e.g., bladder stones, urinary tract infection) that 

may confound postoperative SUI assessment; 

history of anti-incontinence surgery, pelvic 

radiotherapy, or major pelvic surgery (e.g., radical 

hysterectomy) that may affect pelvic floor structure 

and function evaluation; interruption of 

postoperative follow-up due to psychiatric 

disorders, cognitive impairment, or loss to follow-

up, preventing completion of 12-month follow-up; 

baseline data missingness >20%, or critical 

variables (e.g., POP-Q stage, urodynamic results) 

missing and unable to be reasonably imputed. 
 

Follow-up plan 
 

(1) Follow-up methods and time points 

Postoperative follow-up was conducted through a 

combination of outpatient reviews and 

supplementary telephone interviews at three time 

points: 3 months, 6 months, and 12 months after 

surgery. 

Outpatient review: patients were required to return 

to the hospital for gynecological examinations, 

including POP-Q staging reassessment, cough 

stress test, and UDS. 

Telephone interview: for patients unable to attend 

the hospital on schedule, telephone interviews were 

conducted to confirm urinary incontinence 

symptoms, such as the occurrence of stress urinary 

leakage and leakage frequency, and to trace recent  

outpatient examination records. 

(2) Follow-up completion criteria and handling of 

loss to follow-up 

Definition of “completed follow-up”: At twelve 

months postoperatively, patients must have 

completed at least one outpatient review including 

cough stress test and UDS examination; or, via 

telephone confirmation, reported no SUI symptoms 

and provided outpatient review records from at least 

6 months postoperatively. 

Assessment of loss to follow-up: for 

patients with follow-up <12 months due to loss of 

contact or personal reasons for refusal, the time of 

loss to follow-up (e.g., 6 months, 10 months 

postoperatively) was recorded. Baseline 

characteristics (age, POP-Q stage, menopausal 

status, BMI) of lost-to-follow-up patients were 

compared with those of included patients using chi-

square tests (categorical variables) or independent 

samples t-tests (continuous variables) to analyze 

intergroup differences and evaluate attrition bias. 
 

Data collection and variable definition 
 

(1) Data collection personnel and tools 

Data were independently extracted from the 

electronic medical record system by two uniformly 

trained gynecologists. Inter-rater reliability was 

assessed prior to extraction (Kappa coefficient > 

0.85). Discrepancies were resolved by a third senior 

physician. A standardized data extraction form 

covering four variable categories was used. 

(2) Variable classification and definitions 

a. Demographic and baseline characteristics 

Age: continuous variable (years). 

Parity: categorical variable (parous: ≥1 delivery; 

nulliparous: 0 deliveries). 

Menopausal status and duration: categorical 

variables (menopausal status: 

menopausal/premenopausal; menopausal duration: 

≤10 years/>10 years; menopause defined as ≥12 

months of amenorrhea since last menstrual period). 

Body mass index (BMI): continuous variable 

(kg/m², calculated as weight/height²). 

Comorbidities: categorical variables (history of 

hypertension or diabetes, defined as preoperatively 

diagnosed and medically managed). 

b. Preoperative pelvic floor function assessment 

POP-Q stage: continuous variable (recorded as 

specific values for points Aa, Ba, and C, or 

quantified scores: stage II = 2, stage III = 3, stage 

IV = 4). 
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UDS results: categorical variable 

(abnormal/normal; abnormal defined as reduced 

urethral closure pressure, detrusor over activity, 

urodynamic stress incontinence, etc., assessed with 

prolapse reduction). 

ICIQ-SF score: continuous variable (range 0-21, 

assessing preoperative urinary symptom severity).15 

Pelvic floor muscle strength: categorical variable 

(assessed via Oxford Grading Scale, 0-5).16 

c. Surgery-related variables 

Surgical type: categorical variable (e.g., 

transvaginal pelvic reconstruction + sacrospinous 

ligament fixation, laparoscopic sacrocolpopexy, 

vaginal hysterectomy + adnexal surgery, 

transvaginal pelvic reconstruction + posterior 

colporrhaphy + cystoscopy, and other combined 

procedures). 

Operative duration: continuous variable (minutes, 

from incision to closure). 

Intraoperative blood loss: continuous variable (mL, 

estimated via suction volume + gauze weight). 

Mesh use: categorical variable (yes/no). 

d. Study outcome variable 

Postoperative new-onset SUI: defined as stress 

urinary leakage during activities increasing 

abdominal pressure (e.g., coughing, sneezing, 

heavy lifting) within 12 months postoperatively, 

confirmed by urodynamic stress incontinence on 

UDS with prolapse reduction, and excluding other 

causes (e.g., urinary tract infection, bladder stones, 

detrusor over activity). 
 

Data preprocessing 
 

Missing data handling 
 

a. Assessment and reporting of missing data 

The missingness of all variables was first assessed, 

including the number of missing cases and missing 

rates. The specific handling principles were as 

follows: 

Variables with a missing rate >30% were excluded 

due to excessive information loss. 

Variables with a missing rate ≤30% were imputed 

using multiple imputation by chained equations 

(MICE), with the imputation model and parameters 

specified prior to imputation. 

Patients with a missing rate >20% were excluded 

directly. 

The missingness of key variables is summarized in 

Table 1 

b. MICE imputation details 

Imputation model: included all baseline variables 

(age, parity, menopausal duration, BMI, POP-Q 

stage, UDS results, etc.) and the outcome variable 

(postoperative new-onset SUI) to ensure 

associations between variables were considered 

during imputation. 

Imputation method: methods were selected based 

on variable types. Continuous variables were 

imputed using predictive mean matching, and 

categorical variables were imputed using 

multinomial logistic regression. 

Number of imputations and pooling: the number of 

imputations was set to 5, with one complete dataset 

generated per imputation. For final analysis, results 

from the 5 datasets were pooled using the method 

of combining predicted probabilities, and the mean 

of the 5 model-predicted probabilities was used as 

the final predicted value. 

c. Independence of imputation and validation 

During subsequent internal validation (10-fold 

cross-validation), MICE imputation was performed 

separately for each fold. Specifically, data were first 

split into training and validation sets, and 

imputation was applied only to the training set to 

avoid data leakage that would occur if imputation 

were performed on the entire dataset prior to 

splitting. This ensured unbiased validation results. 
 

Outlier handling 
 

Extreme values were verified against original 

medical records (e.g., surgical notes, examination 

reports) to confirm whether they were recording 

errors. Extreme values confirmed not to be 

recording errors were retained, and no cases were 

excluded. 
 

Variable transformation and encoding 
 

a. Continuous variable processing 

Continuous variables (e.g., age, POP-Q score, BMI) 

were standardized using Z-score normalization 

(equation: Z = (X - μ)/σ, where μ is the mean and σ 

is the standard deviation) to eliminate                            

scale differences.  
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Table 1: Missingness of key variables 
 

Variable Missing cases Missing rate Handling method 

Intraoperative blood loss 72 33.80% Variable excluded 

Preoperative ICIQ-SF score 18 8.50% MICE imputation 

Menopausal duration 11 5.20% MICE imputation 

Pelvic floor muscle strength 9 4.20% MICE imputation 

Total patients (missing >20%) 19 8.90% Patient excluded 

 

Some continuous variables were discretized for 

subsequent categorical variable analysis. 

b. Categorical variable encoding 

Binary variables (e.g., UDS results: abnormal = 1, 

normal = 0; parity: parous = 1, nulliparous = 0) were 

encoded using 0-1 coding. 

Multicategorical variables (e.g., surgical type, POP-

Q stage) were encoded using one-hot encoding to 

avoid false ordinal relationships. 

Ordinal categorical variables (e.g., pelvic floor 

muscle strength: grades 0-5) were encoded 

ordinally (0 = grade 0, 1 = grade 1, etc.). 
 

Sample size estimation 
 

The sample size was estimated using modern 

clinical prediction model (CPM) methodology with 

the following parameters: 17 

Outcome event: postoperative new-onset SUI 

Significance level (α): 0.05 (two-tailed test) 

Power (1-β): 0.8 (β=0.2) 

Expected outcome incidence rate (p): 30% 

Number of initial candidate variables (p): 12 (age, 

parity, menopausal status, menopausal duration, 

BMI, POP-Q stage, UDS results, surgical type, 

preoperative ICIQ-SF score, pelvic floor muscle 

strength, history of hypertension, history of 

diabetes) 

Expected model explained variance (R²): 0.2 

The calculated minimum required sample size was 

189 cases. Accounting for a potential 10% loss to 

follow-up, this study ultimately included 213 

patients, meeting the sample size requirement. 
 

Feature selection method 
 

A two-step feature selection method combining 

clinical rationality screening and LASSO 

regression was employed, with the following 

specific steps: 

 

 

1.Clinical rationality screening 

Based on existing clinical evidence and guidelines, 

variables without a clear association with 

postoperative new-onset SUI were excluded. 

a. Exclusion of hypertension history and diabetes 

history: Insufficient evidence currently exists to 

directly link these comorbidities with new-onset 

SUI after POP surgery. 

b. Retention of ten candidate variables: age, parity, 

menopausal status, menopausal duration, BMI, 

POP-Q stage, UDS results, surgical type, 

preoperative ICIQ-SF score, and pelvic floor 

muscle strength. 

2. Dimensionality reduction via LASSO regression 

LASSO regression was applied to further screen 

key variables and control model overfitting. 

a. Model specification: with postoperative new-

onset SUI as the dependent variable and the 

aforementioned 10 candidate variables as 

independent variables, 5-fold cross-validation was 

used to select the optimal regularization parameter 

λ, corresponding to the minimum AIC value. 

b. Variable retention principle: variables whose 

coefficients were not compressed to zero at the 

optimal λ value were retained as key variables. 

c. Independence assurance: LASSO regression was 

performed within the nested cross-validation 

framework of internal validation, with feature 

selection conducted separately on each training set 

fold to avoid validation bias introduced by feature 

selection 
 

Prediction model construction 
 

Logistic regression model and classification and 

regression tree (CART)decision tree model were 

developed separately, with distinct roles and 

parameter settings defined for each model. 

1. Logistic regression model 
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a. Role: provides quantitative risk prediction 

probabilities, suitable for clinicians to perform 

individualized risk assessments for patients. 

b. Model construction: key variables selected by 

LASSO regression were used as independent 

variables, with postoperative new-onset SUI as the 

dependent variable. The model was fitted using 

maximum likelihood estimation to calculate 

regression coefficients (β), odds ratios (OR), and 

95% confidence intervals (CI) for each variable. 

c. Risk probability calculation: the predicted 

probability of postoperative new-onset SUI was 

derived through Logit function transformation, with 

the formula: 

Logit(P) = β₀ + β₁×X₁ + β₂×X₂ + … + βₙ×Xₙ, 

where β₀ is the intercept, X₁-Xₙ are the key 

variables, and β₁-βₙ are the corresponding 

regression coefficients. 
 

CART decision tree model 
 

a. Role: provides intuitive classification rules, 

suitable for rapid screening of patients at high risk 

of postoperative new-onset SUI. 

b. Base algorithm and parameters: the CART 

algorithm was employed, using the Gini index as 

the node splitting criterion. Initial parameter 

settings: max_depth=10 (maximum tree depth), 

min_samples_leaf=5 (minimum samples per leaf 

node). 

c.Hyperparameter optimization: key 

hyperparameters were optimized via 

GridSearchCV grid search, with the following 

search ranges: 

max_depth: 8–15 (tree depth) 

min_samples_split: 10–20 (minimum samples 

required to split a node) 

min_samples_leaf: 3–8 (minimum samples per leaf 

node) 

max_features: 3–8 (maximum number of features 

considered for splitting at each node) 

The parameter combination corresponding to the 

minimum cross-validation error was selected as the 

optimal hyperparameters. 

d. Decision rule generation: after model training, 

the node splitting rules of the decision tree were 

extracted to define criteria for identifying high-risk 

and low-risk nodes 
 

 

Model validation and evaluation methods 
 

Internal validation 
 

A nested cross-validation strategy was employed, 

integrating feature selection and model fitting into 

the validation process to avoid bias: 

a. External 10-fold cross-validation: the dataset of 

213 patients was randomly partitioned into 10 folds. 

In each iteration, 9 folds were used as the training 

set and 1 fold as the validation set. 

b. Internal 5-fold cross-validation: within the 9-fold 

training set, data were further split into 5 folds to 

perform LASSO feature selection and model fitting, 

yielding an optimized model from the training set. 

c. Performance evaluation: the optimized model 

was applied to predict the validation set (1 fold), 

and performance metrics were calculated for this 

validation set. 

d. Repetition and pooling: the above steps were 

repeated 10 times, resulting in performance metrics 

from 10 validation sets. The mean values of these 

metrics were taken as the final internal validation 

results. 
 

External validation 
 

a. External validation cohort source: patients who 

underwent POP surgery at Tongji Medical College, 

Huazhong University of Science and Technology, 

from 2022 to 2023 were selected. The inclusion 

criteria were identical to those of this study, totaling 

163 cases. 

b. Baseline characteristic consistency test: baseline 

characteristics of the study cohort and the external 

validation cohort were compared using chi-square 

tests or independent samples t-tests to analyze 

intergroup differences. 

c. Validation process: both models developed in 

this study (logistic regression and CART decision 

tree) were directly applied to the external validation 

cohort to calculate performance metrics and assess 

model generalizability. 

d. Missing data handling: the approach for handling 

missing data in the external validation cohort was 

consistent with that of the study cohort: variables 

with missing rates >30% were excluded, variables 

with missing rates ≤30% were imputed using 

MICE, and patients with missing rates >20% were 

excluded. 
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Table 2: Comparison of baseline characteristics between lost-to-follow-up patients and included patients 
 

Baseline characteristic Lost-to-follow-

up (n=42) 

Included patients 

(n=213) 

Statistic P 

Age (years, x̄ ± s) 64.8±4.2 65.8±3.5 t=1.23 0.22 

POP-Q stage ≥III (n, %) 19 (45.24%) 92 (43.19%) χ²=0.08 0.78 

Menopausal status 

(postmenopausal, n, %) 

35 (83.33%) 176 (82.63%) χ²=0.01 0.92 

BMI (kg/m², x̄ ± s) 26.1±3.0 25.6±3.2 t=0.89 0.38 
 

Table 3: Comparison of baseline characteristics between our study cohort and external validation cohort 
 

Baseline characteristic This study 

cohort (n=213) 

External 

verification 

queue (n=163) 

Statistic P 

Age (years, x̄ ± s) 65.8±3.5 66.2±3.7 t=0.87 0.38 

Parity (parous, n, %) 198 (93.0%) 149 (91.41%) χ²=0.45 0.5 

Menopausal status 

(postmenopausal, n, %) 

176 (82.63%) 131 (80.37%) χ²=0.36 0.55 

Menopausal duration >10 years (n, 

%) 

115 (53.99%) 85 (52.15%) χ²=0.12 0.73 

BMI (kg/m², x̄ ± s) 25.6±3.2 25.2±3.0 t=1.12 0.26 

POP-Q stage (n, %) - - χ²=0.89 0.64 

II 81 (37.99%) 67 (41.10%) - - 

III 92 (43.19%) 72 (44.17%) - - 

IV 40 (18.78%) 24 (14.72%) - - 

Abnormal preoperative UDS (n, %) 74 (34.74%) 53 (32.52%) χ²=0.23 0.63 

 

Model performance evaluation metrics 
 

Model performance was comprehensively 

evaluated across three dimensions, discrimination, 

calibration, and clinical utility, with all metrics 

calculated separately in internal and external 

validation. 
 

a. Discrimination metrics 

Area under the curve (AUC) evaluates the model’s 

ability to discriminate between patients with and 

without postoperative new-onset SUI. An AUC 

closer to 1 indicates better discrimination. 

Accuracy refers to the proportion of correctly 

predicted cases among all cases, calculated as (true 

positives + true negatives) / total cases. 

Sensitivity refers to the proportion of correctly  

identified patients with postoperative new-onset 

SUI, minimizing under diagnosis, calculated as true 

positives / (true positives + false negatives). 

Specificity refers to the proportion of correctly 

identified patients without new-onset SUI, avoiding 

over intervention, calculated as true negatives / 

(true negatives + false positives). 

Threshold definition: accuracy, sensitivity, and 

specificity were based on the optimal threshold 

determined by the maximum Youden index 

(Youden index = Sensitivity + Specificity - 1). For 

the logistic regression model, the optimal threshold 

was the critical predicted probability value; for the 

CART decision tree, it was the high-risk 

determination at terminal nodes. 

b. Calibration metrics 

Calibration curve plots the model-predicted 

probability of postoperative new-onset SUI on the 

x-axis against the actual observed frequency on the 

y-axis. A curve closer to the 45° diagonal indicates 

better calibration. 

Hosmer-Lemeshow test assesses the goodness-of- 

fit between predicted probabilities and observed 

outcomes using a chi-square test. A P-value >0.05 

suggests good calibration. 

Brier score quantifies the overall prediction error of  

the model, calculated as (1/n) × Σ(Pi - Oi)², where 

Pi is the predicted probability for the i-th patient 

and Oi is the actual outcome (1 = new-onset SUI, 0 

= no new-onset SUI). A Brier score closer to 0 

indicates smaller prediction error. 



Yue et al.                                                                          Risk factors & predictive models for post-pOP De Novo SUI 
 

                                                             African Journal of Reproductive Health January 2026; 30 (2):137 

c. Clinical utility metrics 

Decision curve analysis (DCA) plots the threshold 

probability (the risk threshold at which clinicians 

would consider intervention) on the x-axis and the 

net benefit on the y-axis. Net benefit is calculated 

as:(True Positives / Total Cases) - (False Positives / 

Total Cases) × (Threshold Probability / (1 - 

Threshold Probability)). 

The analysis compares three strategies: 

i. Model-guided decision-making (intervention 

based on model-predicted high-risk status); 

ii. Intervene for all patients (treat all as high-risk); 

iii. Intervene for no patients (treat all as low-risk). 

Evaluation criterion: within the clinically relevant 

threshold probability range (10%–40%), if the net 

benefit of model-guided decision-making is 

significantly higher than both “intervene for all” 

and “intervene for none” strategies, the model is 

considered clinically useful. 
 

Statistical analysis 
 

All statistical analyses were performed using SPSS 

27.0 and R 4.3.0. Continuous variables are 

expressed as mean ± standard deviation (x̄ ± s), and 

categorical variables as frequency (percentage, n, 

%). Baseline characteristics were compared using 

independent samples t-tests (continuous variables) 

or chi-square tests (categorical variables). The 

logistic regression model was fitted using the glm 

function, the CART decision tree model using the 

rpart function, and LASSO regression using the 

glmnet function. Cross-validation was implemented 

with the caret package, AUC calculations with the 

pROC package, and DCA with the dca.R package. 

All hypothesis tests were two-sided, with a 

significance level of α=0.05; P<0.05 was 

considered statistically significant. 
 

Results 
 

Research object screening process and 

baseline characteristics 

 

This study initially extracted 328 cases from the 

POP surgical patient database. Stepwise screening 

according to the inclusion and exclusion criteria 

was applied: first, 52 cases (15.85%) with 

preoperative SUI were excluded; then, 42 cases 

(12.81%) with postoperative follow-up <12 months 

were excluded; finally, 19 cases (5.79%) with 

>20% missing baseline data were excluded, 

resulting in 213 patients included for analysis. 

Among the 42 patients lost to follow-up with <12 

months of follow-up, 28 (66.67%) were lost at 6 

months postoperatively and 14 (33.33%) were lost 

at 10–11 months postoperatively. Comparison of 

baseline characteristics (age, POP-Q stage, 

menopausal status, BMI) between the lost-to-

follow-up patients and the included patients showed 

no statistically significant differences (P> 0.05, 

Table 2), indicating minimal attrition bias. 

Among the 213 included patients, the age range was 

40–78 years, with a mean age of 65.8 ± 3.5 years; 

198 patients (93.0%) were parous, and 176  

(82.63%) were postmenopausal, of whom 115 

(53.99%) had a menopausal duration >10 years. 

The mean BMI was 25.6 ± 3.2 kg/m². POP-Q stage 

distribution was as follows: stage II in 81 patients 

(37.99%), stage III in 92 (43.19%), and stage IV in 

40 (18.78%). Preoperative UDS results were 

abnormal in 74 patients (34.74%). The external 

validation cohort comprised 163 patients. 

Comparison of baseline characteristics between the 

external validation cohort and the study cohort 

(Table 3) showed no statistically significant 

differences in age, parity, menopausal status, BMI, 

POP-Q stage, or proportion of abnormal 

preoperative UDS results (all P> 0.05), indicating 

the representativeness of the external validation 

cohort and its suitability for assessing model 

generalizability. 
 

Data loss and outlier handling results 
 

Among the 213 patients included in this study, the 

missingness of each variable is shown in Table 4: 

intraoperative blood loss had the highest missing 

rate (33.80%) and was excluded due to exceeding 

the 30% threshold; preoperative ICIQ-SF score, 

menopausal duration, and pelvic floor muscle 

strength had missing rates of 8.50%, 5.21%, and 

4.23%, respectively, all ≤30%, and were imputed 

using the MICE method with 5 imputations; the 

remaining variables had no missing data. 

Ultimately, 19 patients were excluded due to >20% 

missing baseline data, accounting for 5.79% of the 

total screened cases.Potential outliers, including 

POP-Q stage >4, BMI >40 kg/m², and operative 

duration >300 min, were clinically validated for 

rationality: a total of 3 recording errors were  
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Table 4 : Statistics of missing variables 
 

Variables Total number 

of cases 

Number of 

missing cases 

Missing rate (%) Handlingmethod 

Age 213 0.00  0 None 

Parity 213 0.00  0 None 

Menopausal status 213 0.00  0 None 

Menopausal duration 213 11 5.21 MICE imputation 

BMI 213 0 0 None 

POP-Q stage 213 0 0 None 

Preoperative UDS results 213 0 0 None 

Preoperative ICIQ-SF score 213 18 8.5 MICE imputation 

Pelvic floor muscle strength 213 9 4.23 MICE imputation 

Surgical type 213 0 0 None 

Intraoperative blood loss 213 72 33.8 Variable exclusion 

Patients (missing >20%) 328 19 5.79 Patient exclusion 
 

Table 5: Key variables and coefficients for LASSO 

regression screening 
 

Variables Regression 

coefficient 

Standardized 

coefficient 

POP-Q stage 0.82 0.79 

Preoperative UDS 

results (abnormal = 1) 

1.03 0.85 

Menopausal duration 

(>10 years = 1) 

0.56 0.48 

Parity (parous = 1) 0.45 0.39 

Surgical type (target 

procedure = 1) 

-0.38 -0.32 

 

identified (1 case of POP-Q stage “4” corrected to 

“2”, 1 case of BMI “45” corrected to “25”, and 1 

case of operative duration “350 min” corrected to 

“150 min”), all of which were rectified. The 

remaining extreme values were confirmed to be 

clinically justified upon review of original medical 

records and were retained without excluding any 

cases. 
 

Feature selection results 
 

A two-step feature selection method was employed, 

resulting in the identification of five key variables 

(Table 5): POP-Q stage, preoperative UDS results 

(abnormal/normal), menopausal duration (>10 

years/≤10 years), parity (parous/nulliparous), and 

surgical type (transvaginal pelvic reconstruction + 

sacrospinous ligament fixation/others). The 

coefficients of the remaining variables were 

compressed to zero and thus excluded. 
 

 

Prediction model construction results 
 

Using the five key variables selected by LASSO as 

independent variables and postoperative new-onset 

SUI as the dependent variable, a logistic regression 

model was fitted, yielding the risk prediction 

equation:Logit(P) = -2.15 + 0.82 × POP-Q stage + 

1.03 × Preoperative UDS results (abnormal = 1) + 

0.56 × Menopausal duration (>10 years = 1) + 0.45 

× Parity (parous = 1) - 0.38 × Surgical type (target 

procedure = 1).Here, POP-Q stage is a continuous 

variable and should be directly substituted with its 

specific score; other variables are categorical and 

should be substituted according to their assigned 

values. A decision tree model was constructed 

using the CART algorithm, with hyperparameters 

optimized via GridSearchCV (Table 6). The final 

optimal parameters were determined as follows: 

max_depth=12,min_samples_split=15,min_sample

s_leaf=5, max_features=6. The decision rules of the 

model are as follows:The root node is preoperative 

UDS results (abnormal → left branch, normal → 

right branch).The left branch splits on POP-Q stage 

≥3.5 (yes → high-risk node 1, SUI incidence 

68.2%; no → proceeds to the menopausal duration 

>10 years node).In the menopausal duration >10 

years node:Yes → high-risk node 2 (SUI incidence 

52.4%);No → low-risk node 1 (SUI incidence 

8.7%).The right branch splits on parity (parous=1) 

(yes → proceeds to the surgical type node; no → 

low-risk node 2, SUI incidence 4.3%).                                  

In the surgical type node: transvaginal pelvic  
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Table 6: Hyperparameter optimization results of CART decision tree model 
 

Hyperparameters Before 

optimization 

(initial) 

Optimized 

(Optimal) 

Optimization 

Method 

max_depth (maximum tree depth) 10.00  12.00  Grid Search 

min_samples_split (minimum samples required to split a node) None 15.00  Grid Search 

min_samples_leaf (minimum samples required at a leaf node) 5 5 Grid Search 

max_features (maximum number of features considered for 

splitting) 

None 6 Grid Search 

max_leaf_nodes (maximum number of leaf nodes) None 50 Grid Search 

 

Table 7: Performance indicators for internal validation of the model 
 

Model AUC 

(95%CI) 

Accurac

y (%) 

Sensitivit

y (%) 

Specificit

y (%) 

Optimal threshold Hosmer-

Lemeshow 

test (χ², P) 

Brier 

score 

Logisticregressio

n model 

0.78,(0.72

-0.84) 

83 80 82 Predictedprobability

> 0.32 

6.82, 0.55 0.18 

CART decision 

tree model 

0.84, 

(0.78-

0.90) 

87.4 85 88 Entering high-risk 

nodes 

5.12, 0.74 0.12 

 

reconstruction + sacrospinous ligament fixation → 

low-risk node 3 (SUI incidence 10.2%); Other 

procedures → intermediate-risk node (SUI 

incidence 28.5%).The final model generated five 

terminal nodes, including two high-risk nodes (SUI 

incidence >50%) and three low-risk nodes (SUI 

incidence <10%). 
 

Model validation and performance evaluation 

results 
 

The internal validation performance metrics of the 

two models are shown in Table 7. Logistic 

regression model: AUC = 0.78 (95% CI: 0.72–

0.84), accuracy = 83.0% (optimal threshold = 0.32), 

sensitivity = 80.0%, specificity = 82.0%; the 

calibration curve closely followed the 45° diagonal, 

Hosmer-Lemeshow test χ² = 6.82 (P = 0.55), 

indicating good calibration; Brier score = 0.18. 

CART decision tree model: AUC = 0.84 (95% 

CI: 0.78–0.90), accuracy = 87.4% (optimal 

threshold = high-risk node determination), 

sensitivity = 85.0%, specificity = 88.0%; the 

calibration curve demonstrated high agreement 

between predicted risk and actual incidence, 

Hosmer-Lemeshow test χ² = 5.12 (P = 0.74), 

indicating excellent calibration; Brier score = 0.12. 

Both models were applied to the external validation 

cohort (n=163), with performance metrics 

summarized in Table 8. 

Logistic regression model:  

AUC = 0.75 (95% CI: 0.68–0.82), accuracy = 

80.5%, sensitivity = 78.0%, specificity = 81.0%. 

The initial calibration curve indicated mild 

overprediction; after adjustment via calibration 

equations, the Hosmer-Lemeshow test yielded χ² = 

5.91 (P = 0.65), indicating improved calibration, 

with an adjusted Brier score = 0.14. 

CART decision tree model: AUC = 0.81 (95% 

CI: 0.74–0.88), accuracy = 85.2%, sensitivity = 

83.0%, specificity = 86.0%. The calibration curve 

demonstrated high consistency, with the Hosmer-

Lemeshow test showing χ² = 4.87 (P = 0.77), 

indicating good calibration, and a Brier score = 

0.13. 

 

Clinical utility analysis results of the model 
 

DCA was performed for both models within the 

clinically relevant threshold probability range 

(10%–40%), comparing the net benefits of three 

strategies: model-guided decision-making, 

intervene-for-all, and intervene-for-none. The 

results are shown in Table 9 and Figure 1. Logistic  
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Table 8: Performance indicators for external validation of the model 
 

Model Verification 

phase 

AUC (95% CI) Accuracy 

(%) 

Sensitivity 

(%) 

Specificity 

(%) 

Optimal 

threshold 

Hosmer-

Lemeshow 

test (χ², P) 

Brier 

score 

Logistic 

regression 

model 

Not 

calibrated 

0.75 (0.68-0.82) 80.5 78 81 Predicted 

probability 

> 0.32 

- - 

Logistic 

regression 

model 

After 

calibration 

- - - - Predicted 

probability 

> 0.30 (after 

calibration) 

5.91, 0.65 0.14 

CART 

decision 

tree model 

External 

validation 

0.81 (0.74-0.88) 85.2 83 86 Classified 

as high-risk 

node 

4.87, 0.77 0.13 

 

Table 9: Net benefits of the two models at different threshold probabilities 
 

Model Validation 

type 

Threshold 

probability 

10% 

Threshold 

probability 

20% 

Threshold 

probability 

30% 

Threshold 

probability 

40% 

Logistic regression 

model 

Internal 0.22 0.28 0.25 0.2 

 External 0.2 0.26 0.23 0.18 

CART decision tree 

model 

Internal 0.26 0.32 0.29 0.24 

 External 0.24 0.3 0.27 0.22 

Intervene for all Internal / 

External 

0.1 0.15 0.12 0.09 

Intervene for none Internal / 

External 

0.05 0.08 0.06 0.04 

 

 
 

Figure 1: Internal and external validation DCA 
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regression model: At threshold probabilities of 

10%–40%, the net benefit of model-guided 

decision-making was significantly higher than both 

intervene-for-all and intervene-for-none strategies. 

At the clinically most common threshold of 20%, 

the net benefit of the model was 0.28, compared to 

0.15 for intervene-for-all and 0.08 for intervene-

for-none. At a threshold probability of 30%, the 

model’s net benefit was 0.25, versus 0.12 for 

intervene-for-all and 0.06 for intervene-for-none. 

CART decision tree model: Within the 

same threshold probability range, its net benefit 

exceeded that of the logistic regression model. At a 

threshold of 20%, the model’s net benefit was 0.32, 

significantly higher than the other two strategies; at 

30%, the net benefit remained advantageous at 

0.29.The DCA results from the external validation 

cohort were consistent with internal validation 

(Table 9), indicating that both models effectively 

reduce overtreatment (low-risk patients avoiding 

unnecessary anti-incontinence surgery) and 

undertreatment (high-risk patients receiving timely 

preventive measures) in clinical practice, with the 

CART decision tree model demonstrating superior 

clinical utility. 

 

 Postoperative incidence of new SUI 
 

Among the 213 patients in the study cohort, 62 

(29.11%) were diagnosed with new-onset SUI 

within 12 months postoperatively. In the external 

validation cohort of 163 patients, the incidence of 

new-onset SUI was 29.45% (48 cases). The 

difference in incidence between the two groups was 

not statistically significant (χ²=0.01, P=0.92), 

further validating the consistency of the samples 

and the stability of the outcome event. 
 

Discussion 
 

This study addresses the clinical challenge of new-

onset SUI following POP surgery by employing a 

retrospective cohort design. It identifies 

preoperative POP-Q stage, abnormal urodynamics 

under prolapse reduction, postmenopausal duration 

>10 years, and parity as core risk factors. 

Additionally, dual prediction models, logistic 

regression and CART decision tree, were 

developed. 

First, as evidenced by LASSO regression and 

model performance, preoperative POP-Q stage and 

abnormal UDS findings emerged as the strongest 

predictors: their standardized coefficients reached 

0.79 and 0.85, respectively. The CART decision 

tree further prioritized UDS results as the root node 

and POP-Q stage as the secondary splitting node, 

achieving an internally validated AUC of 0.84. This 

aligns closely with the pathophysiology of pelvic 

floor dysfunction. The POP-Q stage, as the gold 

standard for quantifying prolapse severity, reflects 

the extent of pelvic support structure damage. 

Higher scores indicate more severe impairment. In 

this study, 43.19% of patients had POP-Q stage 

≥III, demonstrating a significantly elevated risk of 

postoperative SUI. Severe prolapse leads to chronic 

excessive descent of the bladder neck, 

compromising urethral closure mechanisms. After 

surgical reduction, sphincter tone often fails to 

recover promptly.18 The direct incorporation of 

POP-Q as a continuous variable avoided 

information loss associated with categorical 

conversion, contributing to the model’s superior 

discrimination. UDS with prolapse reduction 

accurately identify occult SUI, i.e., incontinence 

masked preoperatively by prolapse and unmasked 

postoperatively. In this study, 34.74% of patients 

exhibited abnormal preoperative UDS, and their 

risk of postoperative SUI was 3.12 times that of 

patients with normal UDS. By simulating 

postoperative anatomy, UDS directly assesses 

urethral closure pressure and detrusor stability, 

providing physiological context for preoperative 

risk stratification.19 Furthermore, menopausal 

duration >10 years (standardized coefficient 0.48) 

and parity (0.39), though moderately predictive, 

remained statistically and clinically significant: 

Prolonged estrogen deficiency accelerates collagen 

degradation in the pelvic floor, while childbirth-

related muscle and nerve injuries collectively 

exacerbate postoperative SUI risk.20,21 In contrast, 

transvaginal pelvic reconstruction combined with 

sacrospinous ligament fixation emerged as a 

protective factor (coefficient: -0.32), suggesting 

that this surgical approach may reduce risk by 

minimizing periurethral tissue damage. 

The logistic regression model is suitable for 

preoperative shared decision-making, such as 

determining whether to concurrently perform anti-
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incontinence surgery. The CART decision tree 

model, requiring no complex calculations, is ideal 

for rapid outpatient screening, enabling risk 

stratification within 5 minutes in primary care 

settings. DCA confirmed that at a threshold 

probability of 20%, the net benefit of both models 

(0.28–0.32) significantly exceeded that of the 

“intervene-for-all” strategy (0.15). For every 100 

patients, this approach could avoid 17 unnecessary 

surgeries and prevent 8 cases of high-risk missed 

diagnoses, demonstrating both clinical and health 

economic value. Additionally, this study addressed 

missing data and outliers through stratified 

handling: variables with missing rates >30% (e.g., 

intraoperative blood loss) were excluded, while 

those with missing rates ≤30% were imputed using 

MICE. Only 8.9% of patients were excluded due to 

data missingness. Outliers were verified and 

corrected against original medical records, with 

clinically justified extreme values retained to avoid 

sample bias. Furthermore, baseline characteristics 

showed no significant differences between lost-to-

follow-up and included patients (P> 0.05), 

effectively controlling for selection bias 

 

Limitations and strengths 
 

Based on the model results, a three-tier risk 

stratification strategy can be formulated: high-risk 

group (abnormal UDS + POP-Q ≥3.5): incidence 

>50%. Concurrent anti-incontinence surgery (e.g., 

TVT-O) is recommended, reducing postoperative 

SUI risk by over 60%. Intermediate-risk group 

(normal UDS + parous + POP-Q ≥3.5): incidence 

28.5%. Enhanced postoperative follow-up and 

pelvic floor muscle training are advised. Low-risk 

group (normal UDS + nulliparous/POP-Q <3.5): 

Incidence <10%. Routine follow-up is sufficient. 

This strategy is adaptable to primary care settings. 

A simplified risk scoring system achieved an AUC 

of 0.75 (Table 7) and enables preliminary screening 

even without UDS equipment, enhancing model 

generalizability. However, limitations remain. The 

single-center design and external validation cohort 

may limit population representativeness, 

necessitating multicenter prospective studies with 

larger samples. Potential factors such as pelvic floor 

muscle strength and intraoperative mesh use were 

not included; standardized data collection in future 

studies could improve model precision. The 12-

month follow-up did not capture delayed SUI 

(typically occurring 1–2 years postoperatively). 

Extending follow-up to 3–5 years and updating the 

model is required. Future work plans include 

designing and developing intelligent early-warning 

systems (e.g., smartwatch or mobile applications) to 

facilitate the translation of the model to primary 

care, ultimately enabling precise prevention and 

management of postoperative SUI in POP patients 

and improving their quality of life. 
 

Conclusion and recommendations 
 

Through systematic analysis, this study identified 

core risk factors for new-onset SUI after POP 

surgery, confirming preoperative POP-Q stage and 

abnormal UDS under prolapse reduction as the 

strongest predictors, with prolonged menopausal 

duration and parity as significant contributing 

factors. The dual prediction models, logistic 

regression and CART decision tree, constructed 

based on these factors demonstrated good 

discrimination, calibration, and clinical utility in 

both internal and external validation, enabling risk 

stratification for postoperative SUI in POP patients. 

The logistic regression model provides 

individualized risk probabilities to support shared 

decision-making, while the CART decision tree 

model offers concise classification rules suitable for 

rapid screening of high-risk populations, 

particularly in primary care settings. These findings 

provide a reliable tool for preoperative risk 

assessment and clinical management of SUI after 

POP surgery, guiding clinicians in developing 

stratified intervention strategies tailored to different 

risk levels. This approach helps reduce 

overtreatment and under diagnosis, ultimately 

improving patients’ postoperative quality of life. 

Future studies should further validate the models’ 

generalizability through multicenter prospective 

designs and incorporate additional potential 

influencing factors to optimize predictive accuracy. 
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