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Objective: To develop and validate a robust machine learning (ML) model for the onset of peritoneal dialysis-associated peritonitis 
(PDAP) within three months using time-updated data from routine electronic health record (EHR).
Methods: A retrospective cohort analysis of 1143 unique continuous ambulatory PD (CAPD) patients generating 25,710 quarterly 
assessments (patient-semesters) from 2017 to 2025 was randomly divided into training (n=8537 observations), internal validation 
(n=8538), and temporal validation (n=6635 observations, 2024–2025) sets. Thirty-one EHR variables were processed via low-variance 
filtering, correlation analysis, and Boruta selection. Nine ML models (including a Stacking ensemble model) were constructed with 
patient-level stratified 10-fold cross-validation, optimizing for recall to minimize missed diagnoses. The primary outcome was PDAP 
onset within three months after routine laboratory tests.
Results: In internal validation cohort, the stacking model achieved good performance with area under the curve (AUC) of 0.811 (95% 
CI 0.792–0.830) and the highest recall of 0.794 (95% CI 0.769–0.819). In temporal validation cohort, it maintained robust good 
classification performance, achieving AUC of 0.795 (95% CI 0.771–0.819) and the highest recall of 0.833 (95% CI 0.792–0.874). The 
SHapley Additive exPlanation analysis identified several key features, supporting model interpretability and clinical utility for PDAP 
risk stratification.
Conclusion: Integrating time-updated EHR data with ML enables robust and clinically actionable PDAP risk stratification, facilitat
ing timely interventions to optimize CAPD patient management and reduce peritonitis-related complications.
Keywords: peritonitis, machine learning, peritoneal dialysis, risk prediction, dynamic data, time-updated

Introduction
Continuous ambulatory peritoneal dialysis (CAPD) is a vital renal replacement therapy (RRT) for end-stage kidney 
disease (ESKD) patients, offering home-based flexibility and residual renal function preservation.1 However, PD- 
associated peritonitis (PDAP) remains a leading complication, severely contributing to morbidity, technique failure, 
and increased healthcare costs.2–4 Despite advances in antibiotic therapies and catheter care, recurrent PDAP persists, 
highlighting an urgent need for improved early detection strategies.

Previous studies have identified various clinical and biochemical PDAP risk factors, however, established risk 
stratification models rely primarily on static baseline measurements.5,6 These models fail to capture the dynamic nature 
of patients’ clinical trajectories, resulting in suboptimal predictive performance. In addition, most studies focused on 
PDAP onset within a fixed period, overlooking the variability in recurrence patterns and the need for imminent risk 
assessment.7,8
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Machine learning (ML) offers a promising approach for enhancing predictive accuracy by integrating multidimen
sional clinical data and exploring nonlinear relationships and interactions among predictors.9,10 In the context of ESKD, 
though several models have been explored for the onset and prognosis of ESKD patients, comprehensive analyses 
leveraging time-updated and longitudinal data for PDAP prediction remain scarce.11,12 Moreover, while Zhou et al 
developed ML models for early-onset PDAP, their approach utilized baseline static data rather than time-updated 
assessments, limiting real-time risk stratification during long-term CAPD follow-up.13 Hence, this study aimed to 
develop and validate ML models using routine time-updated data for PDAP occurring within the subsequent three 
months, time-updated EHR data, capturing temporal fluctuations in patient status to establish a robust, interpretable tool 
for clinical practice.

Materials and Methods
Study Design and Population
A retrospective cohort study was conducted on CAPD patients treated at Wuhan No.1 Hospital, a large dialysis center in 
central China, between January 2017 and May 2025. Relevant clinical guidelines for peritoneal dialysis recommend that 
all patients undergo blood laboratory tests approximately every 3 months, with even more frequent re-evaluations for 
those with unstable clinical conditions. Moreover, the electronic health record (EHR) system collects routine patient data 
quarterly, ensuring at least four annual assessments for patients not lost to follow-up (death, hemodialysis transition, or 
kidney transplantation). On these basis, we selected the 3-month timeframe as the prediction window for this study.

Inclusion criteria were: (1) age ≥ 18 years, (2) CAPD as initial RRT for a minimum of 3 months, and (3) availability 
of complete EHR data for all predictor variables. Exclusion criteria included: (1) transition from hemodialysis or failed 
renal transplant, (2) missing or unclear EHR data, (3) transferred to external dialysis centers, and (4) transfer to HD or 
kidney transplantation at our center within 3 months. Ultimately, this study included 1143 unique CAPD patients 
generating 25,710 quarterly assessments (patient-semesters) from 2017 to 2025. To ensure no data leakage and preserve 
the independence of validation sets, we implemented a two-stage splitting strategy:

Temporal split: All observations were divided by calendar time into a derivation cohort (19,075 observations from 
854 unique patients, collected between January 2017 and December 2023) and a temporal validation cohort (6,635 
observations from 289 unique patients, collected between January 2024 and May 2025). No overlap in calendar time 
existed between the predictor measurements and outcome windows of the derivation and temporal validation cohorts. Of 
note, the same patient may contribute observations to both the derivation and temporal validation cohorts, as patients 
received ongoing CAPD treatment across the study period; however, the strict time-based split eliminates look-ahead 
bias, as the model is trained exclusively on earlier data and tested on later, unseen future data.

Patient-level stratified split for internal validation: Within the 2017–2023 derivation cohort, we performed a random 
split at the unique patient to generate the training set (50% of unique patients, contributing 8537 observations) and 
internal validation set (remaining 50% of unique patients, contributing 8538 observations). This patient-level split 
ensures that all observations from a single patient are exclusively assigned to either the training or internal validation 
set, with no patient overlap between the two sets, completely eliminating data leakage between model development and 
internal validation.

The study was approved by the Wuhan No.1 Hospital Ethics Committee (No.2025–71), with waived informed 
consent due to retrospective design and patient de-identification.

Data Collection and Processioning
To develop a user-friendly prediction model without imposing additional medical expenses, we included only character
istics that were readily available in the EHR database, such as demographics, dialysis duration, and laboratory findings. 
A total of 31 variables were extracted from EHRs, and the detailed features included in this study are listed in the 
Supplemental Table 1. We structured all data in a time-updated format, with each row representing a unique, individual 
laboratory assessment (from a quarterly follow-up visit), linked to a strictly subsequent, non-overlapping 3-month 
outcome window for the primary endpoint. For patients with multiple laboratory assessments within a single 3-month 

https://doi.org/10.2147/JIR.S595197                                                                                                                                                                                                                                                                                                                                                                                                                                                           Journal of Inflammation Research 2026:19 2

Wang et al                                                                                                                                                                           

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

https://www.dovepress.com/article/supplementary_file/595197/595197%20revised%20Supplementary%20materials.docx


period, each assessment was included as a separate observation, with each linked exclusively to the 3-month outcome 
window following that specific test date. This structure ensures that all predictor variables are measured before the 
outcome window, with no look-ahead bias or overlap between predictor and outcome data. Each observation is treated as 
a time-updated risk assessment, reflecting the patient’s most recent clinical status at the time of testing.

The primary outcome is defined as the first onset of PDAP within the 3-month window following the routine 
laboratory assessment. Peritonitis was defined as meeting at least two of the following criteria:1 turbid peritoneal dialysis 
effluent;2 a white blood cell counts in peritoneal dialysis effluent exceeding 100/mm3 with 50% polymorphonuclear 
leukocytes; and3 a positive culture from peritoneal dialysis effluent.

Feature Selection
To address multi-collinearity among clinical variables that could weaken the predictive ability of models, we employed 
a three-step strategy for feature dimensionality reduction and selection. Initially, low-variance features, which provided 
minimal discriminative power, were discarded. Subsequently, to reduce redundancy, features exhibiting a high pairwise 
correlation (Spearman correlation coefficient > 0.8) were removed. Finally, we utilized the Boruta feature selection 
method, a valuable tool for identifying all relevant features, through the “Boruta” R package to further select important 
indices.

ML Models Construction and Evaluation
ML models for 3-month PDAP risk stratification were developed using the training dataset. Eight established ML 
algorithms were selected: Logistic Regression (LR), Random Forest (RF), k-Nearest Neighbors (KNeighbors), Decision 
Tree (DT), Adaptive Boosting (AdaBoost), eXtreme Gradient Boosting (XGBoost), Light Gradient Boosting Machine 
(LightGBM), Support Vector Machine (SVM), and a Stacking ensemble classifier. The selection of base models and the 
meta-model in the stacking framework was guided by both prior research and empirical evaluation during preliminary 
experiments. In this study, we employed three diverse ML algorithms - LightGBM, RF, XGBoost - as base models. Each 
base model is trained on the training dataset and generated predictions, which were then used as input features for the 
meta-learner. The meta-learner, implemented using LR, learned from these predictions and produced the final classifica
tion output.14

To address the significant class imbalance between PDAP events and non-event observations in the training set, we 
applied the Synthetic Minority Over-Sampling Technique (SMOTE) exclusively to the training set, after the patient-level 
split into training and internal validation sets was completed. SMOTE was used to resample the minority class (PDAP 
events) to generate a balanced class distribution for model training. Crucially, the model’s final evaluation was performed 
on pristine, non-synthesized validation sets.

Hyperparameter tuning was conducted via a structured grid search with patient-level stratified 10-fold cross- 
validation on the training set only. Specifically, the cross-validation folds were split at the unique patient level: all 
observations from a single patient were assigned to the same fold, ensuring that no patient’s data appeared in both the 
training and validation subsets during cross-validation. The search spaces for key parameters were defined based on 
established literature and software conventions, ensuring a systematic and repeatable optimization process focused on 
maximizing recall.

Model performance was assessed across the internal validation and temporal validation cohorts. Performance metrics, 
including accuracy, sensitivity, specificity, F1 score, and Brier score were calculated. Discriminatory ability was 
evaluated using the area under the receiver operating characteristic curve (AUC). The Brier score served as 
a quantitative measure of both discrimination and calibration, with lower scores indicating superior performance. 
Calibration plots were utilized to visually assess the agreement between model-predicted probabilities and actual 
observed outcomes.

Feature Importance and Model Interpretation
Given the inherent complexity of ML models, which often function as “black boxes,” we employed SHapley Additive 
exPlanations (SHAP) to enhance the interpretability of the best-performing model. SHAP summary analysis provided 
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global insight into overall feature importance across the dataset. For local, instance-level explanations, Local 
Interpretable Model-agnostic Explanations (LIME) were implemented to clarify the rationale behind individual predic
tions. Furthermore, SHAP dependence plots were generated for the four most influential features to visualize how 
variations in each feature impact the model’s output.

Statistical Analysis
Baseline characteristics were compared using t-tests for normally distributed continuous variables, Mann–Whitney 
U-tests for non-normally distributed variables, and chi-square tests for categorical variables. All analyses were performed 
in R (version 4.3.2) and Python (version 3.11). Detailed information on the analysis and feature selection is provided in 
the supplementary materials. A two-sided p-value <0.05 was considered statistically significant.

Result
Baseline Characteristics
The baseline characteristics of all patients are presented in Table 1. Most features, including the 3-month PDAP, differed 
significantly between two cohorts. The mean age was 58 years, and there were 1022 (5.4%) and 300 (4.5%), respectively, 
laboratory tests were conducted within three months before the onset of PDAP in both cohorts.

Construction of ML Models in the Training Set
Three demographic features and 28 blood indices were initially included in this analysis. First, the Spearman correlation 
analysis indicated that no clinical features had strong correlations with others. Subsequently, the Boruta feature selection 

Table 1 Comparisons of Baseline Characteristics in All Cohorts

Characteristics Derivation Cohort Temporal Validation Cohort P value

Unique patients, n 854 289 –

Total observations (patient-semesters), n 19075 6635 –
Median observations per patient (IQR) 37 (23, 54) 20 (12, 39) –

Age, years old 58.0 ± 12.8 60.0 ± 12.2 <0.0001

Gender, male, n (%) 9396 (50.7) 3563 (53.7) <0.0001
Duration of CAPD, months 33.0 (9.0, 74.0) 34.0 (10.0, 72.0) <0.0001

Laboratory values

WBC, × 109/L 7.0 ± 2.1 7.1 ± 2.3 0.0719
Hemoglobin, g/dL 98.2 ± 21.8 105.1 ± 22.0 <0.0001

Platelet, × 109/L 209.5 ± 61.4 212.7 ± 59.5 <0.0001

RBC, × 1012/L 3.4 ± 0.8 3.5 ± 0.8 <0.0001
Hematocrit, % 30.5 ± 6.7 32.3 ± 6.9 <0.0001

Neutrophil, × 109/L 5.0 ± 1.8 5.2 ± 2.0 0.0025

Lymphocyte, × 109/L 1.3 ± 0.3 1.2 ± 0.4 <0.0001
ALT, U/L 14.0 (10.0, 21.0) 14.0 (9.0, 20.0) 0.1294

AST, U/L 18.0 (13.0, 24.0) 17.0 (13.0, 24.0) 0.0070

Total protein, g/L 63.7 ± 8.1 63.2 ± 8.0 <0.0001
Albumin, g/L 35.2 ± 5.9 34.4 ± 5.8 <0.0001

Globulin, g/L 28.6 ± 7.2 29.1 ± 7.2 <0.0001

Total bilirubin, umol/L 10.6 ± 3.3 10.9 ± 3.5 0.0004
Glucose, mmol/L 5.6 ± 1.4 5.6 ± 1.33 0.2293

TC, mmol/L 4.6 ± 1.4 4.5 ± 1.2 <0.0001

TG, mmol/L 1.9 ± 0.7 1.8 ± 0.5 0.4623
HDL-C, mmol/L 1.2 ± 0.3 1.2 ± 0.3 0.0009

LDL-C, mmol/L 2.6 ± 0.7 2.7 ± 0.7 <0.0001

BUN, mol/L 18.3 ± 5.7 18.0 ± 4.9 <0.0001

(Continued)
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method was employed to further identify important features related to PDAP. As displayed in Figure 1, three clinical 
features (gender, glucose, and intact parathyroid hormone) were identified as less important and were therefore excluded.

Nine ML techniques were utilized to select important clinical indices and construct predictive models for 3-month 
PDAP. Figure 2A and Table 2 describes the performance of PDAP risk stratification models in the internal validation 
dataset. Among these models, stacking model provided the good performance with AUC of 0.811 (95% CI 0.792–0.830) 

Table 1 (Continued). 

Characteristics Derivation Cohort Temporal Validation Cohort P value

Creatinine, umol/L 734.7 ± 92.7 750.2 ± 107.5 0.0005

Uric acid, umol/L 383.2 ± 81.7 363.8 ± 79.9 <0.0001
TCO2, mmol/L 25.2 ± 4.5 25.0 ± 4.2 <0.0001

Sodium, mmol/L 137.9 ± 4.4 137.71 ± 4.0 0.0027

Potassium, mmol/L 4.2 ± 0.8 4.2 ± 0.8 0.0074
Calcium, mmol/L 2.3 ± 0.3 2.3 ± 0.2 <0.0001

Chlorine, mmol/L 101.1 ± 5.8 100.3 ± 5.3 <0.0001

Phosphorus, mmol/L 1.6 ± 0.6 1.5 ± 0.6 <0.0001
iPTH, pg/mL 280.0 (142.5, 435.0) 300.0 (165.0, 519.0) <0.0001

Primary outcome

PDAP, n (%) 1022 (5.4) 300 (4.5) 0.0087

Abbreviations: CAPD, continuous ambulatory peritoneal dialysis, WBC, white blood cell, RBC, red blood cell, ALT, alanine 
aminotransferase, AST, aspartate aminotransferase, TG, triglyceride, TC, total cholesterol, HDL-C, high-density lipoprotein- 
cholesterol, LDL-C, low-density lipoprotein-cholesterol, BUN, blood urea nitrogen, TCO2, total carbon dioxide, iPTH, intact 
parathyroid hormone.

Figure 1 The feature importance based on Boruta feature selection method.
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Figure 2 The ROC curves of nine machine learning models for the prediction of PDAP in the internal validation cohort (A) and in the temporal validation cohort (B).
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and the highest Recall of 0.794 (95% CI 0.769–0.819), outperforming other models. Additional predictive parameters, 
including specificity, sensitivity, and Brier score, are presented in Table 2. Calibration curves, confusion matrices, and 
precision - recall plots indicated satisfactory performance for all nine models (Supplemental Figure 1, Supplemental 
Figure 3, and Supplemental Figure 5).

ML Model Interpretations with SHAP
We employed the SHAP method to interpret the stacking model effectively. SHAP analysis provided insights into the 
stacking model’s functionality at both global and local levels. Global explanations illustrated the overall contributions of 
top 10 clinical features to the predictive model, assessed using average SHAP values (Figure 3A), and the top 10 features 
in order of importance are: albumin, hemoglobin, dialysis duration, serum creatinine, potassium, total carbon dioxide, 
total bilirubin, lymphocytes, white blood cell count, and total protein (Figure 3B). We further explored clinically 
meaningful pairwise interactions between our top-ranked predictive features to refine the model's clinical interpretability. 
Notably, we identified a significant synergistic interaction between low serum albumin and prolonged dialysis duration: 
the risk-increasing effect of hypoalbuminemia on 3-month PDAP onset was markedly amplified in patients with longer 
dialysis duration, with this combination driving a more substantial elevation in infection risk than either factor alone. For 
local interpretation, SHAP dependence plots revealed how individual top four features, albumin, total carbon dioxide, 
serum creatinine, and hemoglobin, influence predictions made by the stacking model (Figure 4A–D). SHAP values less 
than 0 generally corresponded to predictions of the negative class (indicating low 3-month PDAP risk).

Examples of Real Application with the Stacking Model
We presented two additional cases, one with PDAP and the other without PDAP, which were accurately classified by the 
stacking model using the LIME method to demonstrate the clinical applicability and practical value of the model in real- 
world clinical scenarios. Figure 5A illustrates a case with PDAP, which was correctly categorized as having peritonitis 
(the probability of PDAP was 0.84), primarily attributed to the following factors: high levels of neutrophil, low levels of 

Table 2 Performance of the ML Prediction Models Using All Features

Model AUC Accuracy Sensitivity (Recall) Specificity F1 Score Brier Score

Internal validation set

LR 0.775 0.739 0.652 0.743 0.211 0.176

DT 0.728 0.782 0.679 0.756 0.219 0.186
RF 0.797 0.786 0.600 0.797 0.230 0.142

XGBoost 0.797 0.821 0.617 0.756 0.195 0.126

LightGBM 0.831 0.786 0.754 0.711 0.190 0.114
KNeighbors 0.674 0.798 0.586 0.795 0.238 0.152

SVM 0.775 0.733 0.663 0.737 0.211 0.180

AdaBoost 0.774 0.683 0.710 0.681 0.193 0.203
Stacking 0.811 0.710 0.794 0.685 0.189 0.133

Temporal Validation set

LR 0.785 0.720 0.700 0.721 0.185 0.187
DT 0.697 0.784 0.613 0.758 0.178 0.208

RF 0.794 0.754 0.643 0.759 0.191 0.156

XGBoost 0.739 0.815 0.673 0.745 0.175 0.121
LightGBM 0.802 0.781 0.753 0.701 0.156 0.115

KNeighbors 0.593 0.766 0.551 0.673 0.128 0.140

SVM 0.781 0.700 0.712 0.700 0.198 0.201
AdaBoost 0.760 0.650 0.727 0.646 0.157 0.173

Stacking 0.795 0.706 0.833 0.675 0.149 0.126

Abbreviations: ML, machine learning, AUC, area under the curve of ROC, 95% CI, confidence interval, LR, logistic regression, DT, 
decision tree, RF, random forest, KNeighbors, k-Nearest Neighbor, XGBoost eXtreme Gradient Boosting, lightGBM, light gradient 
boosting machine, SVM support vector machine, AdaBoost, Adaptive Boosting.
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Figure 3 Global explanation for the Stacking model by the SHAP analysis. The SHAP summary bar plot (A) and SHAP summary dot plot (B) display the feature importance 
in the Stacking model.

Figure 4 (A–D) SHAP dependence plots show the top four key features in the Stacking model.
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lymphocyte and potassium, and the middle range of albumin, along with the corresponding values of serum creatinine 
exerted an adverse impact on the final classification result. Notably, the “middle range of albumin” in this case was 
flagged as a minor risk-contributing factor, which appears to contradict the global finding that low albumin is the 
strongest predictor of high PDAP risk. This discrepancy is explained by the nonlinear feature interactions captured by the 
stacking model: in the context of this patient’s multiple other high-risk abnormal parameters, a mid-range albumin level 
(which is not protective) contributed to the overall risk prediction, rather than acting as an independent risk factor in 
isolation. This example highlights the importance of instance-level interpretability, as the model integrates all of 
a patient’s clinical features to generate a personalized risk assessment, rather than relying on population-level threshold 
effects. Therefore, local interpretation utilizing the LIME algorithm holds significant clinical significance for assisting 
clinicians in assessing the risk of Peritonitis. We then described a case without PDAP, which was correctly identified as 
no peritonitis (the probability of PDAP was 0.16), mainly determined by the following conditions: elevated dialysis 
duration, high levels of age and potassium (Figure 5B).

Temporal Validation of the ML Models
In the temporal validation dataset, the stacking model also had good classification performance with AUC of 0.795 (95% 
CI 0.771–0.819), and showed the best Recall of 0.833 (95% CI 0.792–0.874) compared to other ML models, a high 
Recall indicated a lower PDAP missed diagnosis rate (Figure 2B). Additional predictive parameters are also displayed in 
Table 2. Calibration curves, confusion matrices, and precision - recall plots indicated satisfactory performance for all 
eight models in the temporal validation cohort (Supplemental Figure 2, Supplemental Figure 4, and Supplemental 
Figure 6).

Discussion
This study first resorted nine advanced ML models for the subsequent 3-month PDAP in CAPD patients using routinely 
available and time-updated EHR data and demonstrated that the excellent predictive ability of the stacking model in both 

Figure 5 Local Interpretable of the Stacking model based on the LIME method. LIME plots for the for the case who was PDAP (A) and the case who was not PDAP (B).
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internal validation and temporal validation cohorts, highlighting the robustness and universality of the EHR data-based 
model. Importantly, the SHAP method provides transparent explanation of the stacking model. In brief, these results 
provide an innovative strategy for the convenient and accurate prediction of PDAP among CAPD patients, emphasizing 
the importance of routinely available and time-updated EHR data in combination with ML techniques.

PDAP remains a devastating complication, often leading to CAPD technique failure and increased mortality. The 
recurrence of peritonitis episodes often precipitates technique failure, leading to premature discontinuation of PD and 
transition to hemodialysis, thereby increasing healthcare burden and adversely affecting patient quality of life.15,16 

Epidemiological data indicate a persistent incidence rate of peritonitis in CAPD patients, hence, it’s vital for effective 
early identification and intervention strategies to mitigate its detrimental sequelae.17 A large number of biomarkers, 
including inflammatory cytokines,18 nutritional parameters,19,20 and indexes in the peritoneal dialysis effluent and 
systemic circulation,21,22 had been explored to have predictive value for PDAP in CAPD patients; however, most of 
those were measured statically and the predictive effectiveness varies. And more importantly, current researches 
predominantly relied on baseline indicators to predict the incidence of PDAP within a single fixed period, overlooking 
the imbalance in its occurrence – that is, some patients remain peritonitis-free for extended durations while others 
experience repeated episodes within a short timeframe. Thus, to some extent, it loses clinical relevance in predicting how 
a patient’s current results reflect their impending risk of peritonitis, which could otherwise guide timely interventions and 
then improve their prognosis. In this study, the indices used in our model were easily retrieved and time-updated, and 
more crucially, the indexes were basic assessment items for all CAPD patients, posing no additional load on them. Our 
findings extend previous epidemiological correlations by integrating machine learning to quantify risk contributions of 
these factors dynamically, enabling refined stratification beyond static categorizations. These findings may also inform 
future clinical guidelines and foster the development of personalized care pathways within the CAPD population.

The identification of anemia, hypoalbuminemia, and prolonged dialysis duration as the top risk factors for PDAP 
implicates multifactorial pathophysiological pathways involving state of nutrition, immune impairment, and peritoneal 
membrane alterations. Hypoalbuminemia and anemia reflect malnutrition and systemic inflammation, compromising 
humoral immunity and tissue repair processes essential for peritoneal defense. Extended dialysis duration is associated 
with cumulative bioincompatibility-induced mesothelial cell injury and peritoneal fibrosis, leading to impaired peritoneal 
clearance and local immune dysfunction. These intertwined mechanisms synergistically increase infection risk. Our study 
advances understanding by integrating these variables into a dynamic predictive model using machine learning, enabling 
early identification of high-risk patients and facilitating timely interventions.

While traditional risk assessment methods, which rely on a limited set of clinical indicators, often fail to capture the 
complexity of patient health and multifactorial disease nature, ML has emerged as a powerful alternative by integrating 
diverse datasets to identify patterns and correlations, thereby enabling more nuanced risk stratification and improved 
outcome prediction. Recently, ML model plays a significant role in assessing patient risks such as progression to 
ESKD,23,24 complications related to hemodialysis,25,26 acute kidney injury,27,28 and so on. As for patients with CAPD, 
ML models had also been widely applied to improve precise diagnosis and outcome prediction for CAPD patients. Lv 
et al also conducted a study of 68 observations from 38 patients with PDAP who were treated with vancomycin and 
demonstrated that ML models outperformed conventional regression in evaluating the concentration of vancomycin, 
which might be useful for controlling of vancomycin in clinical settings.29 Moreover, a recent multicenter prospective 
cohort study of 675 initiating PD patients and demonstrated that ML models had good predictive value for early-onset 
PDAP.13 However, a common limitation among these prior ML efforts is their reliance on static modeling frameworks, 
which utilize baseline or fixed-timepoint measurements. While informative, such models operate under the assumption 
that risk factors remain constant over time-an assumption often inconsistent with the dynamic clinical trajectory of 
CAPD patients. In contrast, our study challenges this static paradigm by incorporating a time series clinical data 
structure. This methodology recognizes that patient risk is fluid and continuously influenced by the most recent 
laboratory results. The strong performance of our model, particularly its robustness in temporal validation, underscores 
the critical importance of capturing such dynamism. It further suggests that the trajectory of clinical parameters may be 
useful for PDAP comparable to or greater than their absolute values at any single time point. More importantly, in 
contrast to long-term PDAP models, the identification of imminent PDAP risk based on dynamic data serves 
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a fundamentally distinct motivation: to trigger targeted interventions on modifiable factors. The Stacking model can be 
integrated into EHR systems to automatically generate PDAP risk scores during quarterly follow-ups. High-risk patients 
could receive enhanced monitoring (eg., monthly laboratory tests, educational interventions on catheter care) and targeted 
interventions (eg., nutritional support for hypoalbuminemia, anemia management). Low-risk patients could maintain 
standard follow-up, reducing healthcare burden.

The limitations of this study are noteworthy. First, as a retrospective analysis conducted within a single regional 
cohort, our study may be susceptible to selection bias and unmeasured confounding, as several prognostically relevant 
variables including frailty, functional status, medication adherence, and socioeconomic factors were not available in our 
EHRs. Second, designating the Stacking model as optimal has limitations: while it achieves the highest recall to 
minimize PDAP missed diagnoses, it has relatively low accuracy, specificity, F1 score, AUC, and Brier score, however, 
these trade-offs are inevitable when prioritizing the clinically critical goal of reducing missed diagnoses in rare events 
(particularly considering the adverse consequences of missed diagnosis of PDAP).Furthermore, while our analysis 
identifies significant predictors, it remains associational and does not provide mechanistic insight or establish causality. 
Additionally, although our approach utilized time-updated data, it was based on the most recent clinical assessments 
rather than explicitly modeling the dynamic trajectories of biomarkers over time. These limitations directly inform future 
research priorities. There is a clear need for prospective, multi-center external validation across diverse populations to 
verify generalizability.

Conclusions
Using time-updated electronic health record data from 25,710 quarterly assessments of continuous ambulatory peritoneal 
dialysis patients, we developed machine learning models achieving 79–83% sensitivity for predicting peritonitis within 
three months. Albumin, hemoglobin, and dialysis duration emerged as key risk factors. However, the high false-positive 
rate (30%) and single-center retrospective design limit immediate clinical deployment. Multicenter prospective valida
tion, workflow integration studies, and cost-effectiveness analyses are essential next steps before implementation. This 
approach demonstrates feasibility of dynamic PDAP risk stratification but requires rigorous validation to establish 
clinical utility.
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