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Abstract

Aims/Background: Postpartum depression (PPD) is a common perinatal mental health disorder that leads to adverse maternal and infant
outcomes. Existing screening strategies rely on self-reported symptom presence, potentially delaying early identification. This study aims
to integrate biological, psychological, and social predictive factors using an ensemble learning (EL) strategy to develop a superior early
prediction machine learning (ML) model for PPD.Methods: By integrating sociodemographic characteristics, clinical baseline data, and
psychological test results of 1323 postpartum women, PPD status was classified using the Edinburgh Postnatal Depression Scale (EPDS).
Eight selection methods were used, and eleven base ML models were optimized through EL strategies (Voting and Stacking) to identify
the model with the optimal predictive performance. Results: Twenty predictor features were selected for the model construction. The
Voting top 5+XGBoost (eXtreme Gradient Boosting, Weight) model demonstrated the best overall performance (area under the curve
[AUC] = 0.835) and the highest specificity (0.906), indicating that it is more suitable for differential diagnosis following an initial
positive screening result. The Voting (Synthetic Minority Over-sampling Technique [SMOTE]) model performed exceptionally well
in sensitivity (0.758) and clinical net benefit at low-risk thresholds, indicating its suitability for early screening for PPD. Conclusion:
The results demonstrate that ensemble learning models outperform individual ML prediction models. Voting top 5+XGBoost (Weight)
and Voting (SMOTE) show respective advantages in predictive specificity and sensitivity. This suite of models can provide distinct
data-driven prediction strategies tailored to different clinical application contexts.

Keywords: postpartum depression; machine learning; ensemble learning; prediction methods

1. Introduction

Perinatal mental health affects up to 20% of pregnant
women and postpartum women, which constitutes a ma-
jor public health concern [1]. Among the causes of sui-
cide among pregnant women and new mothers, 15% are at-
tributable to postpartum depression (PPD) [2], and most oc-
cur within the first year after childbirth [3]. Moreover, PPD
can have long-term negative effects on infants’ emotional
and cognitive development, family relationships, and so-
cial functioning [4]. Comprehensive screening and proac-
tive identification of maternal mental health conditions are
among the most commonly used methods for preventing
PPD. The Edinburgh Postnatal Depression Scale (EPDS) is
currently the most widely used screening tool for PPD, with
both sensitivity and specificity exceeding 80% [5]. The re-
sults primarily rely on self-reported symptoms. This ap-
proach may lead to delayed identification or underdetection

due to stigma, cultural factors, or limited symptom aware-
ness. Moreover, the current screening strategy is typically
applied after symptom onset, limiting its value for early
prevention [6]. Therefore, constructing effective predictive
models based on pre-symptomatic predictive factors can en-
hance early screening for PPD.

Social support and sleep quality are critical factors in-
fluencing the onset and progression of PPD [7]. Research
indicates that low levels of social support during the peri-
natal period, particularly insufficient emotional and social
support from partners and families, significantly increase
maternal loneliness and stress [8]. Concurrently, physio-
logical changes and childcare demands often lead to sleep
disturbances during this period. These disturbances can fur-
ther disrupt neuroendocrine balance in emotional regula-
tion [9], increasing the risk of developing PPD. In addi-
tion to these sociopsychological factors, a series of objec-
tive, measurable physiological indicators-including inflam-
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mation markers, thyroid function [10], postpartum anemia
[11] that can be collected during pregnancy and the early
postpartum period have also been identified as important
biological factors for PPD risk. Machine learning (ML)
methods can help integrate multi-domain predictive factors
to build predictive models.

ML refers to mathematical frameworks that use algo-
rithms to automatically learn patterns and rules from data,
thereby enabling predictions or decisions on unseen data
[12,13]. Ensemble learning (EL) strategies represent a core
methodology for improving model performance in ML. By
combining the results of multiple base models, EL signifi-
cantly improves overall accuracy, robustness, and general-
ization while reducing the risk of overfitting. In ML, en-
semble methods are particularly well-suited for predicting
disease outcomes [14,15]. To date, no studies on PPD have
reported using EL strategies for model optimization.

This study aims to develop and validate interpretable
ML models for the earlier identification of women at high
risk of PPD by integrating biological, psychological, and
social factors and applying EL strategies. Based on the
above objectives, we propose the following hypotheses: (1)
By integrating diverse feature selection methods to iden-
tify robust predictors and systematically combining a broad
range of foundational ML models through EL strategies,
the resulting framework will achieve superior and more re-
liable PPD prediction compared to traditional approaches.
(2) This method is expected to generate distinct models
with clinically complementary strengths, offering better so-
lutions for early screening (high sensitivity) and confirma-
tory evaluation (high specificity).

2. Methods
2.1 Study Design and Participants

This study selected women who underwent a 42-day
postpartum follow-up visit at Zhongda Hospital and Nan-
jing Women and Children’s Healthcare Hospital from June
to December 2024. The inclusion criteria were as follows:
(1) participants aged 18 years or older, who received regular
prenatal check-ups, delivery and postpartum examinations
at the participating hospitals and who had complete clinical
information; (2) at 42 days postpartum, depressive symp-
toms over the past week were assessed using the EPDS,
sociodemographic information was collected a structured
questionnaire, the social support rating scale (SSRS) was
used to evaluate the level of social support over the past
year, and the Pittsburgh Sleep Quality Index (PSQI) was
applied to assess sleep quality during the first month post-
partum; (3) no serious cardiovascular, neurological, pul-
monary, or renal diseases; (4) no history of substance abuse;
(5) provision of signed informed consent. The exclusion
criteria were as follows: (1) twin pregnancies; (2) pre-
conception diabetes; (3) pre-pregnancy hypertensive disor-
ders; (4) hyperthyroidism; (5) those who have had a miscar-

riage or stillbirth; (6) diagnosis of schizophrenia and bipo-
lar disorder; (7) family history of mental illness; (8) lack of
clinical information; (9) missing questionnaire information.
Following the application of these inclusion and exclusion
criteria, 1323 women were enrolled in the study.

All scales were administered under the supervision of
trained physicians. Retrospective data included clinical in-
formation such as maternal baseline characteristics, neona-
tal outcomes, liver and renal function, biochemical param-
eters, and thyroid function during pregnancy, and complete
blood count results during the postpartum period. Partici-
pants were divided into PPD and control groups based on
EPDS scores (≥10 and <10, respectively).

2.2 Instruments
2.2.1 Edinburgh Postnatal Depression Scale (EPDS)

The Edinburgh Postnatal Depression Scale (EPDS),
developed by Cox et al. in 1987 [16] and adapted into Chi-
nese by Lee et al. in 1998 [17], contains 10 items assessing
symptoms such as loss of interest/pleasure, anxiety, sleep
disturbance, sadness, and self-harm thoughts. Each item is
scored from 0 to 3, with higher scores indicating greater
severity of depressive symptoms. In this study, a cutoff
score of 10 was used to identify PPD.

2.2.2 Social Support Rating Scale (SSRS)
SSRS was developed by Shuiyuan Xiao based on the

sociocultural context of China [18]. The scale comprises
10 items across three dimensions: objective support, sub-
jective support, and the utilization of social support. Higher
total scores indicate greater levels of perceived social sup-
port.

2.2.3 Pittsburgh Sleep Quality Index (PSQI)
PSQI is a commonly used tool for assessing sleep

quality [19], which consists of 19 items across seven com-
ponents. Higher scores indicate poorer sleep quality; a total
score of ≤7 reflects good sleep quality, whereas >7 indi-
cates sleep disturbance [20].

2.2.4 Sociodemographic Characteristics and Clinical
Baseline Data

This study collected sociodemographic data using a
self-designed questionnaire administered in Chinese. The
questionnaire included the following domains: age, marital
status, educational level, occupation, postpartum working
condition, smoking and drinking habits, primary caregiver,
exposure to stressful events during pregnancy, exercise sit-
uation during pregnancy, evaluation of marriage and living
environment, help-seeking behavior and willingness to dis-
close personal concerns and so on.

2.3 Feature Selection
This study performed collinearity and correlation

analysis on all variables. It used 8 methods to screen for
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predictive factors, avoiding bias from a single method and
enhancing the robustness of the screening results.

(1) Stepwise regression (SR): It is a feature selec-
tion method that iteratively selects variables to build a
parsimonious model based on predefined statistical crite-
ria. It includes three main approaches: forward selection
(FS), backward selection (BS), and bidirectional elimina-
tion (BE).

(2) Least absolute shrinkage and selection operator
(LASSO): It uses an L1-regularized regression method,
which compresses the coefficients of unimportant variables
to zero through a penalty term, automatically selects key
features to reduce overfitting, and enhances model inter-
pretability.

(3) Random forest (RF): It efficiently identifies key
features by integrating multiple decision trees, taking into
account nonlinear relationships and interactions between
features, and is suitable for high-dimensional data and re-
sistant to overfitting. Mean decrease in accuracy (MDA)
and mean decrease in Gini (MDG) coefficient were used to
quantify feature importance and to guide feature selection.

(4) eXtreme Gradient Boosting (XGBoost): It is a gra-
dient boosting-based ELmethod that can be used to identify
important features through built-in feature importance met-
rics (Gain, Weight, and Cover) and regularization mecha-
nisms. It can capture nonlinear relationships and feature
interactions, making it suitable for high-dimensional data,
and delivering strong predictive performance.

(5) Support vector machine-recursive feature elimina-
tion (SVM-RFE): It is a feature selection method that com-
bines support vector machines with a recursive elimination
strategy to iteratively remove less important features based
on their contribution to the decision function, thereby iden-
tifying the most informative features.

Considering that feature factors play a crucial role
in most feature selection methods (effectively filtering out
method-specific noise, enhancing feature robustness and re-
producibility, and implementing the concept of EL strategy
during feature selection) [21]. Balancing selection rigor
with information completeness (avoiding the loss of poten-
tially important predictors due to overly stringent criteria
or the introduction of redundancy and noise from overly le-
nient criteria) [22], we ultimately included predictive fac-
tors that occurred at least 6 times.

2.4 Model Development and Evaluation
The entire dataset was randomly split into independent

training and testing sets at an 8:2 ratio. Then, the train-
ing set was subjected to stratified 10-fold cross-validation
to maintain balanced data distribution and reduce bias in
model evaluation. Simultaneously, 2 imbalance mitiga-
tion techniques-Synthetic Minority Over-sampling Tech-
nique (SMOTE) and sample weighting (Weight)-were em-
ployed to address the class imbalance between the PPD
and control groups in the training set. Eleven basic ML

methods, including categorical boosting (CatBoost), deep
learning (DL), extremely randomized trees, gradient boost-
ing machine, light gradient boosting machine, generalized
linear model (GLM), K-Nearest Neighbors, naive bayes,
RF, support vector machine (SVM), and XGBoost, were
selected to train the models on the training set.

In the training set, 2 EL strategies-Voting and
Stacking-were employed to integrate multiple base learn-
ers. We first grouped the samples using balancing strategies
(SMOTE and Weight) and selected the top 5-performing
models from each group. These yielded 2 independent Vot-
ing models (Voting-SMOTE and Voting-Weight) to eval-
uate the effectiveness of collective Voting. Next, we se-
lected the optimal model from each base algorithm based
on the area under the curve (AUC), and then constructed
Voting top 3 and Voting top 5 by incorporating the top 3
and top 5 models, respectively. The 11 filtered base mod-
els and 2 auxiliary soft Voting EL models (Voting top 3 and
Voting top 5) constitute the first-level learners. From these
candidates, up to 6 models with the highest cross-validated
AUC were selected, and all possible combinations of 2 to 5
models were then constructed, yielding a maximum of 56
stacking candidates. Out-of-fold (OOF) predictions were
generated using 10-fold stratified cross-validation to form
meta-features, which were subsequently integrated using a
RidgeClassifierCV as the second-level meta-learner.

The discrimination metrics for all models include the
AUC, precision, sensitivity, specificity, positive likelihood
ratio (PLR), negative likelihood ratio (NLR), positive pre-
dictive value (PPV), negative predictive value (NPV), F1
score, and Brier score. The models’ discriminative ability,
predictive probability, clinical utility, and practical applica-
tion value are evaluated using receiver operating character-
istic (ROC) curves, calibration curves, decision curve anal-
ysis (DCA), and clinical impact curves. SHapley Additive
exPlanations (SHAP) and a nomogram were used to quan-
tify the explanatory model’s power. The flowchart is shown
in Fig. 1.

2.5 Data Processing and Statistical Analysis

To ensure data integrity, dual independent data entry
was implemented. Predictors with >10% missing values
or anomalies were excluded, while remaining missing data
were imputed using missForest. Normality of continuous
variables was assessed using the Shapiro-Wilk test. Vari-
ables were characterized as mean ± SD (standard devia-
tion, normal distribution), median (Q1–Q3) (skewed distri-
bution), or frequencies (categorical variables). Correlation
analyses employed Pearson or Cramer’s V for feature re-
dundancy screening and multicollinearity assessment. Uni-
variate screening (t-tests/Mann-Whitney U tests/χ2 tests;
p < 0.05) identified features for binary logistic regression
(with Z-score normalization), ultimately generating a pre-
dictive nomogram. All analyses were conducted using
SPSS 26.0 (IBM, Armonk, NY, USA), R 4.4.1 (R Foun-
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Fig. 1. Research flowchart. Abbreviations: SMOTE, Synthetic Minority Over-sampling Technique; AUC, area under the curve; ROC,
receiver operating characteristic; SHAP, SHapley Additive exPlanations.

dation for Statistical Computing, Vienna, Austria), and
Python 3.11.13 (Python Software Foundation, Wilmington,
DE, USA).

2.5.1 Missing Data Imputation

After initial data cleaning, variables with more than
10% missing values were excluded. For the remaining
variables, missing data were imputed using the missFor-
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Fig. 2. The 20 factors ultimately incorporated into the machine learning model. Abbreviations: PSQI, Pittsburgh Sleep Quality
Index; SSRS, social support rating scale; PDW, platelet distribution width; MCH, mean corpuscular hemoglobin; MCHC, mean corpus-
cular hemoglobin concentration; MCV, mean corpuscular volume; IGC, immature granulocyte count; PLT, platelet count; RDW-SD, red
cell distribution width-standard deviation; GDM, gestational diabetes mellitus.

est algorithm, a nonparametric random forest-basedmethod
suitable for datasets with mixed continuous and categori-
cal variables. To minimize the risk of information leakage,
data were first partitioned into training and test sets, and the
imputation procedure was conducted based on the training
data. The same imputation schemewas then applied consis-
tently across both the training and test sets. This approach
does not rely on distributional assumptions and is robust to
nonlinear relationships and interactions among predictors.

2.5.2 Hyperparameter Tuning

Hyperparameter optimization was performed for each
of the 11 base ML models within the training set using a
randomized search strategy. For each algorithm, a prede-
fined hyperparameter search space was specified according
to its methodological characteristics. Candidate configu-
rations were evaluated using cross-validated performance,
with AUC as the primary optimization criterion. The con-
figuration achieving the highest cross-validated AUC was
selected as the final tuned model.

2.5.3 Cross-Validation Strategy and Leakage Control

Model training and hyperparameter tuning were con-
ducted using stratified 10-fold cross-validation, ensuring
that the class distribution was preserved in each fold and
reducing evaluation bias associated with class imbalance.
All preprocessing steps were incorporated within the cross-
validation framework and applied separately within each
training fold to prevent information leakage. These steps in-

cluded feature scaling for models sensitive to variable mag-
nitude, appropriate encoding of categorical variables, and
handling of class imbalance.

3. Results
3.1 Baseline Characteristics and Correlation Analysis

Among the 1323 participants, 311 (23.5%) women
scored above the threshold (≥10) on the EPDS, indicating
PPD.Women under the age of 35 accounted for 85.2%. The
median age at marriage of the entire group was 27 years
(26–29), 64.3% were primiparous, and 77.3% had compli-
cations during pregnancy. All study variables and compar-
ative analyses were detailed in Supplementary Tables 1–
3. The correlation analysis of all variables was presented
in Supplementary Fig. 1. The top 20 collinear factors,
ranked by variance inflation factor (VIF), were presented
in Supplementary Fig. 2.

3.2 Selection of Predictor Variables

Among the 8 feature factor screening methods,
5 methods (stepwise regression-forward selection [SR-
FS], stepwise regression-backwards selection [SR-BS],
stepwise regression-bidirectional elimination [SR-BE],
LASSO, SVM-RFE) selected 21, 30, 21, 16, and 15 pre-
dictive variables, respectively. In comparison, 3 methods
(random forest-mean decrease accuracy [RF-MDA], ran-
dom forest-mean decrease in Gini [RF-MDG], XGBoost)
included all factors and ranked them (Table 1, Supplemen-
tary Figs. 3–5). The 20 predictive variables in six or more
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Table 1. Predictor variables of PPD using different selection methods.
Method Predictor variables Number of identified predictors

SR-FS Blood type, pregnancy caregiver, emergency experience, IGC, living environ-
ment, MCH, MCHC, MCV, partner employment, PDW, PLT, postpartum hem-
orrhage, GDM, pregnancy exercise, pregnancy number, PSQI score, RDW-SD,
smoking habit, SSRS score, total protein, venting

21

SR-BS Blood type, pregnancy caregiver, creatinine, emergency experience, eosinophil
percentage, IGC, living environment, lymphocyte percentage, MCH, MCHC,
MCV, miscarriage history, monocyte percentage, neutrophil percentage, neu-
trophil/lymphocyte ratio, partner employment, PDW, PLT, postpartum hem-
orrhage, assisted reproduction, GDM, preeclampsia, pregnancy number, PSQI
score, RDW-SD, smoking habit, SSRS score, total protein, uric acid, venting

30

SR-BE Blood type, pregnancy caregiver, emergency experience, IGC, living environ-
ment, MCH, MCHC, MCV, partner employment, PDW, PLT, postpartum hem-
orrhage, GDM, pregnancy exercise, pregnancy number, PSQI score, RDW-SD,
smoking habit, SSRS score, total protein, venting

21

LASSO Blood type, living environment, pregnancy caregiver, emergency experience,
help seeking, marital evaluation, MCV, PDW, postpartum hemorrhage, preg-
nancy exercise, pregnancy number, PSQI score, smoking habit, SSRS score, to-
tal protein, venting

16

RF-MDA# (top 20) PSQI score, living environment, SSRS score, emergency experience, help seek-
ing, marital evaluation, venting, pregnancy caregiver, mental history, neutrophil
percentage, lymphocyte percentage, WBC, anti TPO, neutrophil count, neu-
trophil/lymphocyte ratio, religion, MCH, PLCR, anticipated caregiver, MPV

101

RF-MDG# (top 20) PSQI score, SSRS score, living environment, emergency experience, homocys-
teine, anti TPO, PLT/lymphocyte ratio, creatinine, total cholesterol, ALT, urea,
uric acid, TSH, G-GT, ALP, triglycerides, total protein, marital evaluation, di-
rect bilirubin, FT4

101

XGBoost# (top 20) PSQI score, living environment, SSRS score, emergency experience, anti-TPO,
HDL, TSH, urea, AST, ALP, glucose, lymphocyte count, LDH, PLT/lymphocyte
ratio, MCV, RDW-SD, total bile acids, uric acid, G-GT, ALT

101

SVM-RFE basophil_count, creatinine, eosinophil percentage, lymphocyte percentage,
MCH, MCHC, monocyte percentage, neutrophil percentage, PDW, PSQI score,
SSRS score, total protein, triglycerides, urea, uric acid

15

Abbreviations: PPD, postpartum depression; SR-FS, stepwise regression-forward selection; SR-BS, stepwise regression-backward selection;
SR-BE, stepwise regression-bidirectional elimination; LASSO, least absolute shrinkage and selection operator; RF-MDA, random forest-
mean decrease accuracy; RF-MDG, random forest-mean decrease in Gini; XGBoost, eXtreme Gradient Boosting; SVM-RFE, support vector
machine-recursive feature elimination; IGC, immature granulocyte count; MCH, mean corpuscular hemoglobin; MCHC, mean corpuscular
hemoglobin concentration; MPV, mean platelet volume; MCV, mean corpuscular volume; PLT, platelet count; PLCR, platelet large cell ratio;
GDM, gestational diabetes mellitus; PSQI, Pittsburgh Sleep Quality Index; SSRS, social support rating scale; RDW-SD, red cell distribution
width-standard deviation; PDW, platelet distribution width; ALT, alanine aminotransferase; AST, aspartate aminotransferase; ALP, alkaline
phosphatase; TPO, thyroid peroxidase; FT4, free thyroxine 4; TSH, thyroid-Stimulating hormone; HDL, high-density lipoprotein; G-GT,
gamma-glutamyl transferase; LDH, lactate dehydrogenase; WBC, white blood cell count; #, RF (MDG and MDA) and XGBoost only rank
features without filtering them. The table displays only the top 20 indicators. When taking the intersection of the subsequent 8 models, these
three models separately include 101 indicators.

methods were selected as the final predictive variables, as
shown in Fig. 2. The immature granulocyte count (IGC)
was selected by six feature-engineeringmethods, indicating
that it is a strong predictor. Although its adjusted general-
ized variance inflation factor (GVIF) was high, indicating
strong collinearity with other variables, no other variables
with similarly high GVIFs were included in the final model.
Therefore, the risk of “group collinearity” was considered
extremely low, and therefore, IGC was retained.

3.3 Model Development and Comparison

The performance of the top 5 integrated PPD pre-
diction models in the test set is shown in Table 2 and
Fig. 3. While showing comparable AUCs (0.833–
0.835), these models exhibit a notable trade-off between
sensitivity and specificity: the Voting top 5+XGBoost
(Weight) achieved the highest AUC (0.835), whereas Vot-
ing (SMOTE) achieved the highest sensitivity (0.758) and
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Table 2. Performance metrics of the top 5 models in the test set.
Model AUC Accuracy SEN SPE PPV NPV PLR NLR F1 Brier

Voting top 5+XGBoost (Weight) 0.835 0.808 0.484 0.906 0.612 0.852 5.170 0.569 0.541 0.162
Voting (SMOTE) 0.834 0.785 0.758 0.793 0.528 0.915 3.664 0.305 0.623 0.153
Voting top 3+CatBoost (Weight)+RF (Weight) 0.833 0.808 0.468 0.911 0.617 0.849 5.275 0.584 0.532 0.162
Voting top 5+GLM (Weight) 0.833 0.800 0.484 0.897 0.588 0.850 4.677 0.576 0.531 0.162
Voting top 3+CAT (Weight) 0.833 0.808 0.468 0.911 0.617 0.849 5.275 0.584 0.532 0.161
Abbreviations: RF, random forest; XGBoost, eXtreme Gradient Boosting; CatBoost, categorical boosting; GLM, gen-
eralized linear model; SMOTE, Synthetic Minority Over-sampling Technique; AUC, area under the curve; SEN, sensi-
tivity; SPE, specificity; PPV, positive predictive value; NPV, negative predictive value; PLR, positive likelihood ratio;
NLR, negative likelihood ratio. Weight, Sample Weight; Voting, Voting Ensemble Model.

F1-score (0.623). SMOTE strategy significantly improved
sensitivity but reduced the specificity of models, while
Weight strategy maintained high specificity (0.897–0.911)
at lower sensitivity (0.468–0.484) of models. All models
demonstrated good calibration (Brier scores: 0.153–0.162),
with Voting (SMOTE) showing superior calibration and the
highest net benefit in DCA at low thresholds (0.05–0.30),
indicating enhanced clinical utility for early screening. This
model’s high sensitivity enables efficient identification of
true positives, potentially reducing misdiagnosis rates in
practice. Additional performance metrics and clinical im-
pact curves are presented in Supplementary Tables 4–6
and Supplementary Figs. 6,7.

3.4 Model Interpretability
3.4.1 SHAP Analysis

The SHAP values were used to elucidate the impact of
each variable on PPD prediction. As shown in Fig. 4A, the
importance of the four factors (PSQI score, SSRS score, en-
countering emergencies during pregnancy, and an average
evaluation of the living environment) is significantly higher
than that of the other factors. The strength and direction of
each predictive factor are shown in Fig. 4B. In the posi-
tive SHAP value region, the concentration of red samples
is high, indicating that the variable is a predictive factor.
Conversely, in the negative SHAP value region, the concen-
tration of red samples is high, indicating that the variable is
a protective factor. Fig. 4C,D show the SHAP values at the
individual level.

3.4.2 Nomogram Analysis
The nomogram (Supplementary Fig. 8) incorporates

11 predictive factors (Supplementary Table 7), which
quantified PPD risk through weighted scoring: smoking
(19 points), pregnancy inactivity (9 points), suboptimal liv-
ing environment (32 points), pregnancy emergencies (28
points), lack of prenatal support (43 points), passive com-
munication (20 points), and blood type B (10 points).
Higher PSQI scores, platelet count (PLT), andmean corpus-
cular volume (MCV) values, alongwith lower SSRS scores,
were associated with a proportional increase in the top-axis
points and corresponding PPD risk.

3.4.3 Sample Size Assessment
Supplementary Fig. 9 shows that the AUC exhib-

ited a stage-dependent growth pattern as the sample size
increased. It rose steadily at first and then plateaued at
approximately 400 cases, suggesting that this threshold
achieves optimal predictive performance with no further
improvement from additional sample expansion.

4. Discussion
This study integrates biological, psychological, and

social factors to apply an EL strategy to screen and vali-
date reliable ML models for the early prediction of PPD.
Compared to previous studies [23,24,25], this research em-
ploys 8 feature selection methods to enhance the reliability
of feature selection and reduce the bias that may be intro-
duced by a singlemethod [26]. Furthermore, by applying an
EL strategy, the ML model’s robustness, stability, and abil-
ity to capture complex data patterns of the ML model were
fundamentally strengthened. This systematically enhanced
the potential for discovering optimal predictive combina-
tions while ensuring the generalizability and methodolog-
ical rigor of the findings. Ultimately, we selected 2 ML
models suitable for different clinical scenarios.

PSQI scores, SSRS scores, platelet distribution width
(PDW), and total protein serve as the core predictors iden-
tified by consensus across 8 feature selection methods,
demonstrating their extreme robustness as PPD predictors.
Research indicates that sleep disorders lead to an abnor-
mal elevation in cortisol levels through sustained activation
of the hypothalamic-pituitary-adrenal (HPA) axis, thereby
promoting the release of inflammatory cells [27,28]. In-
creased cortisol reactivity and delayed recovery may rep-
resent the biological basis of depression, contributing to
worsening depressive symptoms over time [29]. SSRS cap-
tures perceived social support, which buffers postpartum
stress and reduces the incidence of PPD by regulating psy-
chological resilience and facilitating access to practical re-
sources [30]. More mechanistically novel are the hemato-
logical markers. Platelets have increasingly been found to
play a crucial role in inflammation, and research indicates
that they serve as a bridge linking inflammatory responses
to mental disorders [31]. PDW serves as a key indicator re-
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Fig. 3. Performance of the top 5 models on the test set. (A)
ROC curves of the top 5 models. (B) Calibration curves of the top
5 models. (C) Decision curve analysis of the top 5 models.

flecting platelet activation and heterogeneity. Its alterations
reflect subclinical systemic inflammation and endothelial
dysfunction [32,33,34], both of which are associated with
neuroinflammation and emotional regulation [35,36]. Si-
multaneously, total protein levels, while nonspecific, could
signal underlying nutritional status, chronic low-grade in-
flammation, or stress-related physiological dysregulation
[37]. Reproducible predictors of PPD across different
screening strategies suggest that PPD involves complex
pathophysiological processes. Interactions among social
support, sleep disturbances, inflammation, and other fac-
tors may increase susceptibility to PPD.

In this study, we addressed the sample imbalance is-
sue in the training set using 2 mechanisms: SMOTE and
Weight. SMOTE alleviates class imbalance by synthesizing
minority-class samples, effectively expanding the model’s
decision boundaries for high-risk cases [38]. This strategy
tends to enhance sensitivity and reduce false-negative rates,
making it particularly suitable for early screening or risk-
stratification tasks. It mitigates intervention delays caused
by missed potential PPD cases. In contrast, sample weight-
ing does not alter the data distribution; instead, it introduces
a penalty for misclassifying minority samples during model
optimization. This approach encourages the model to make
more conservative positive predictions, thereby improving
specificity and reducing false positives. This makes it more
suitable for confirmatory assessment or differential diagno-
sis following a preliminary positive screening, particularly
in resource-constrained clinical settings [39]. Among final
models, the Voting top 5+XGBoost (Weight) model exhib-
ited optimal overall discriminative performance on the test
set (AUC = 0.835) and high specificity (0.906).

In contrast, the Voting (SMOTE) model excelled
in sensitivity (0.758) and clinical net benefit at low-risk
thresholds. High sensitivity indicates that the model can
maximize the identification of potential patients, making it
suitable for early screening and reducing the risk of missed
diagnoses. High specificity indicates that the model prior-
itizes diagnostic accuracy, making it suitable for confirma-
tory assessments and helping minimize unnecessary driven
by false positives in resource-constrained settings. Our re-
sults indicate that SMOTE-based and weight-based ensem-
ble models are not mutually exclusive but possess com-
plementary strengths. This dual strategy enables flexible
model selection across clinical scenarios, achieving a bal-
anced trade-off between sensitivity and specificity in a tar-
geted and clinically meaningful manner.

At the same time, we found that EL models gener-
ally outperform single-base ML models, but not all stack-
ing approaches-combining multiple independent models-
yield additional performance gains. This demonstrates
that the effectiveness of integration is highly dependent on
the diversity and complementarity of base models. If the
combined models are highly correlated, exhibit similar er-
ror patterns, or individual models perform too poorly, the
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Fig. 4. Analyzing the interpretability of important variables. (A) Distribution of each feature factor based on the mean SHAP value.
(B) Summary of SHAP values for each feature factor. (C,D) Two SHAP force plots: The color indicates the contribution of each feature
factor. Blue indicates that the feature factor has a negative impact on the prediction, while red indicates that the feature factor has a positive
impact on the prediction. The length of the color bar represents the strength of the contribution. Abbreviations: PSQI, Pittsburgh Sleep
Quality Index; SSRS, social support rating scale; PDW, platelet distribution width; MCH, mean corpuscular hemoglobin; MCHC, mean
corpuscular hemoglobin concentration; MCV, mean corpuscular volume; IGC, immature granulocyte count; PLT, platelet count; RDW-
SD, red cell distribution width-standard deviation; GDM, gestational diabetes mellitus. emergency experience-2, suffering emergency
events during pregnancy; living environment-2, the evaluation of the living environment is average; venting-2, confide only in those
who are extremely close; venting-3, only confide when asked; pregnancy exercise-2, regular exercise during pregnancy; Blood type-2,
B; Blood type-3, O; pregnancy number-2, the second pregnancy; postpartum hemorrhage-2, experiencing postpartum hemorrhage.

stacked architecture may not only fail to improve decision
quality but also amplify shared errors or introduce unnec-
essary complexity [40,41,42]. This study incorporates 11
heterogeneous base algorithms to proactively create low-
correlation conditions among prediction errors, thereby
meeting the prerequisites for effective EL.

Using SHAP analysis, we identified PSQI scores and
SSRS scores as the two most significant factors in this
model. Social support and sleep disorders are key areas
currently amenable to intervention. The key hematological
indicators identified by this model, such asMCV, mean cor-
puscular hemoglobin concentration (MCHC), red cell dis-
tribution width-standard deviation (RDW-SD), PLT, mean
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corpuscular hemoglobin (MCH), and IGC, provide multidi-
mensional insights into the biological basis of PPD. Among
these, changes in MCV, MCH, and MCHC indicate sub-
clinical nutritional and metabolic abnormalities, particu-
larly in iron and vitamin B metabolism. Deficiencies in fo-
late or vitamin B12 impair neurotransmitter synthesis and
are associated with perinatal mental health [43,44,45]. The
changes in RDW-SD, PLT, and IGC indicate chronic low-
grade inflammation [46]. Physiological stress, tissue re-
pair processes, and psychological pressure during the peri-
natal period collectively create a pro-inflammatory envi-
ronment, leading to sustained activation of the innate im-
mune system and linking to central emotional regulation
[47,48]. These alterations in peripheral blood parameters
may serve as measurable intermediate biomarkers linking
physiological stress during pregnancy, nutritional deple-
tion, and dysfunction of postpartum emotional-regulation
neural circuits. This suggests the potential for nutritional in-
terventions or anti-inflammatory strategies to prevent PPD.
The nomogram analysis revealed that blood types B and
A were associated with a higher PPD risk than AB or O,
largely consistent with previous domestic research [49].

Limitations
There are certain limitations to note. Firstly, although

the sample size (n = 1323) is sufficient to ensure stable
predictive performance, the study population was entirely
drawn from 2 hospitals in Nanjing, China, with 97.7% Han
Chinese, indicating a degree of homogeneity. The valid-
ity and applicability of the model and conclusions require
further verification when applied to populations in other re-
gions or with different ethnic or cultural backgrounds. Sec-
ondly, PPD classification was based on EPDS scores rather
than clinical diagnostic interviews. Despite being adminis-
tered under professional supervision, the self-report nature
of the EPDSmay introduce reporting and social desirability
biases, leading to potential misclassification. Future stud-
ies should incorporate standardized psychiatric diagnoses
or longitudinal assessments to further validate the proposed
models. Finally, a key limitation of this study is that the
developed ML model has been validated only on internal
datasets and has not yet been tested on an independent ex-
ternal cohort. Consequently, the model’s demonstrated su-
perior performance may exhibit a degree of optimistic bias,
and its ability to generalize to other populations, different
healthcare institutions, or broader geographic regions re-
mains uncertain. A primary step for future research is to
collect multicenter, diverse prospective cohort data to rig-
orously validate our model externally, thereby confirming
its clinical applicability, universality, and robustness.

5. Conclusion
This study integrates biological, psychological,

and sociodemographic predictors to develop a high-
performance EL models for PPD prediction. Through

SHAP and nomogram analyses, the model’s clinical
interpretability is demonstrated. Adaptable to diverse
clinical settings and integrable with electronic health
record systems, this model provides an effective tool for
early warning and intervention in PPD.

Key Points
•Undetected PPD carries severe risks for both mother

and child, which elevates early detection to a critical public
health priority.

• We propose a novel early prediction framework for
PPD that synergistically combinesMLmethodwith biopsy-
chosocial determinants, and refines model performance
through EL strategies, thereby addressing the critical lag in-
herent in conventional symptom-based screening.

• Our framework supports tailored model selection
for diverse clinical scenarios, bridging ML innovation with
practical healthcare needs.
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