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Abstract 

Background  Postpartum depression (PPD) is a significant public health issue. This study aimed to develop and vali-
date machine learning (ML) models using biopsychosocial predictors to predict the risk of PPD for perinatal women 
and to provide several risk assessment tools for the early detection of PPD.

Methods  Candidate predictors, including history of mental illness and demographic, psychosocial, and physiologi-
cal factors, were obtained from 1138 perinatal women between August 2021 and August 2022. The primary outcome 
of PPD was measured with the Edinburgh Postnatal Depression Scale at 6 weeks postpartum. Seven feature selec-
tion methods and six ML algorithms were employed to develop models, and their prediction performances were 
compared.

Results  A total of 11 potential predictive factors associated with PPD were identified and subsequently used to con-
struct prenatal and postpartum predictive models for PPD. The cross-validation results showed that the models built 
on logistic regression (LR) [area under the curve (AUC): 0.801, 0.858] and artificial neural network (ANN) (AUC: 0.787, 
0.844) algorithms exhibited the best prediction performance. In contrast to the prenatal models, the addition of post-
partum predictors (primary caregiver and mother-in-law’s care) remarkably improved the predictive performance 
of the postpartum models. The risk-stratification score, the nomogram, and the Shapley additive explanation were 
used to visualize and interpret the risk prediction model for predicting PPD in the early stage.

Conclusions  The LR and ANN models achieved the best predictive performances. Applying these models and risk 
assessment tools to early predict and screen PPD has several implications for public health.
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Introduction
The physical health of perinatal women has dramatically 
improved over the past few decades, leading to a substan-
tial decline in miscarriage and mortality rates [25, 38]. 
However, their mental health has increasingly become a 
global public health problem [24]. Postpartum depres-
sion (PPD) is an apparent depressive symptom or a typi-
cal depressive episode in the perinatal period [45]. As the 
most common type of perinatal psychiatric syndrome, 
PPD is frequently characterized by persistent low mood, 
anhedonia, and loss of pleasure [2]. The largest and most 
inclusive meta-analysis of PPD to date found that the 
global pooled prevalence of PPD was 17.22% (95% CI 
16.00%–18.51%) [43]. Notably, the coronavirus disease 
2019 (COVID-19) has evolved into a global pandemic 
and further exacerbated mental health risks, especially 
in perinatal women [12]. Therefore, women’s postpar-
tum depressive symptoms should receive adequate global 
public health attention during this period. Previous stud-
ies have suggested that PPD is affected by a complex 
combination of factors, such as demographic, physical, 
psychological, social, and obstetrics-related factors [8, 
48]. However, the underlying mechanism of PPD remains 
unclear, so it is still an enormous challenge to prevent 
and intervene PPD.

PPD not only has severe and lasting adverse effects on 
mothers, infants, and partners [40, 42] but also affects 
harmonious family relationships, increases medical 
expenditures, and impedes social development [34, 44]. 
Although the exact etiology of PPD is unknown, early 
identification and appropriate intervention by combin-
ing biopsychosocial factors to predict the risk of PPD 
can help prevent the abovementioned adverse effects. 
Consistently, self-report questionnaires [such as the 
Edinburgh Postnatal Depression Scale (EPDS) and Beck 
Depression Inventory (BDI)] are the primary tools for 
PPD screening, and diagnosis is mainly dependent on 
the presence of clinical symptoms [19]. In this case, PPD 
may have already occurred but may not have been noted 
before the screening. In addition, some perinatal women 
with PPD are affected by social stigma and are inclined to 
hide their clinical symptoms [28]. Therefore, developing 
appropriate predictive models can be helpful in quickly 
identifying perinatal women with PPD and facilitating 
supportive care or amelioration of the disease course 
before overt symptoms develop.

Recently, multiple studies developed prediction models 
to predict the risk of PPD in women, and most models 
showed good generalization performance and predic-
tive capability [11]. Nevertheless, only a single type of 
feature selection method or model construction method 
was used in some studies [3, 46]. Recent literature on 
prediction models suggested that results from different 

prediction models would be potentially helpful for accu-
racy improvement [31]. On the other hand, similar to 
most psychiatric disorders, PPD has a complex etiology 
involving an interplay of biopsychosocial factors. Tradi-
tional modeling approaches have certain limitations in 
handling complex and multidimensional data [10]. With 
the advancement of computer technology and data sci-
ences, the emergence of machine learning (ML) algo-
rithms provides a powerful approach for addressing the 
limitations of traditional methods and has been widely 
applied to develop diagnostic or prognostic predictive 
models for improving health care in public health and 
medical research fields [30]. Unfortunately, some pre-
diction models for PPD are based on complex ensem-
ble learning algorithms, which may not be interpreted 
biologically [22, 49]. Moreover, few studies have been 
translated into clinical assessment tools to guide clinical 
decision-making.

Inspired by these advances and limitations, the purpose 
of the present study was to (1) identify the predictors of 
PPD, (2) develop multiple risk prediction models for per-
inatal women, and (3) design various clinical assessment 
tools for early screening and personalized care.

Methods
Study population
This prospective cohort study followed the Transpar-
ent Reporting of a Multivariable Prediction Model for 
Individual Prognosis or Diagnosis (TRIPOD) report-
ing guidelines [13] (Supplementary TRIPOD check-
list). Women who underwent obstetric examinations 
were recruited from a public tertiary maternity hospital 
between August 2021 and August 2022. To ensure suffi-
cient registry information before and after childbirth, we 
only recruited women over 18 years of age, had a gesta-
tion period ≤ 21 weeks, and underwent routine obstetric 
and laboratory examinations until delivery at this hospi-
tal. Women with pregnancy losses (including abortion, 
miscarriage, or stillbirth), as well as those with preterm 
deliveries (defined as deliveries occurring before 37 
weeks of gestation), were excluded from the study. This 
exclusion was made to minimize the confounding effects 
of pregnancy-related complications on the prediction of 
PPD risk, as these conditions are associated with distinct 
psychological and physiological stressors. In addition, 
pregnant women diagnosed with fetal structural or chro-
mosomal abnormalities were also excluded. In the study, 
all participants provided informed consent before par-
ticipation and were asked to attend four follow-up visits 
for data collection: second trimester (gestation weeks 
21–24), third trimester (gestation weeks 35–40), 2 weeks, 
and 6 weeks postpartum.
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Data collection
Candidate predictors associated with PPD were selected 
based on a literature review [36, 48] and consulting 
experts in the field. These predictors are easily ascer-
tained and readily available in different clinical scenarios. 
The actual data were collected prospectively at four-time 
points and could be classified into four categories:

1.	 demographic characteristics (age, residence, housing 
condition, monthly income, education, primiparous 
women, and planning pregnancy);

2.	 history of mental illness (women were diagnosed 
with mental illness before pregnancy or first-degree 
relatives were diagnosed with mental illness);

3.	 psychosocial factors (primary caregiver in prenatal 
(PCPN) and postpartum (PCPP), mother-in-law’s 
care in prenatal (MCPN) and postpartum (MCPP) 
(a 10-point scale ranging from 1 “very poor” to 10 
“excellent”), stress-coping style [simplified cop-
ing style questionnaire [47] (SCSQ)], personal-
ity [Eysenck personality questionnaire [20] (EPQ)] 
[including psychoticism dimension (EPQ-P), extra-
version dimension (EPQ-E), neuroticism dimension 
(EPQ-N), and melancholic temperament (MT)], 
social support [perceived social support scale [7] 
(PSSS)], prenatal anxiety [Beck anxiety inventory [5] 
(BAI)], prenatal depression [Beck depression inven-
tory [6] (BDI)], marital satisfaction [Enrich marital 
satisfaction scale [17] (EMSS)], and sleep quality dur-
ing late gestation [Pittsburgh sleep quality inventory 
[9] (PSQI)]; and

4.	 physiological measures [women’s blood parameters 
in the third trimester, including thyroid function tests 
(TSH, FT3, FT4), blood lipid assays (TG, TC, HDL-
C, LDL-C), serum calcium (Ca) and iron (Fe) levels].

According to the number of predictor parameters, we 
performed a sample size analysis using the “pmsampsize” 
package in R language and obtained a required sample 
size of 1014 women. Eventually, 1138 (89.89% overall 
adherence rate) participants completed all follow-up 
evaluations and questionnaires. After data collection, 
all participants were anonymized and assigned internal 
identification codes. Figure 1 illustrates the steps of par-
ticipant recruitment and data collection.

Study outcome
The PPD outcome was assessed using the Edinburgh 
Postnatal Depression Scale [14] (EPDS) at 6 weeks post-
partum. The EPDS is an internationally used 10-item self-
report questionnaire to assess the presence and severity 
of postpartum depressive symptoms. It has satisfactory 

psychometric properties and has been translated into 
several languages. The United Kingdom National Insti-
tute for Health and Care Excellence guidelines [32] and 
the United States preventive services task force [39] rec-
ommend the EPDS for screening PPD, but a clear cutoff 
value has yet to be identified. To avoid missed diagnoses 
and identify most patients, this study’s EPDS cutoff value 
was set as 11 [27].

Feature selection
Before developing the predictive models, seven feature 
selection methods were applied to the study population 
to mitigate high correlations among predictors and cap-
ture complex relationships between predictors and the 
outcome variable. These methods were chosen based on 
their established effectiveness in handling high-dimen-
sional data and identifying the most relevant predictors 
in predictive modeling. The feature selection methods 
used were:

1.	 Stepwise Regression (SR): This method can itera-
tively add or remove predictors based on statistical 
significance, making it useful for identifying the most 
important variables while controlling for multicollin-
earity. We implemented three variations of stepwise 
regression: forward selection (FS), backward selec-
tion (BS), and bidirectional elimination (BE).

2.	 Least Absolute Shrinkage and Selection Operator 
(LASSO): By applying a penalty to the coefficients 
of less important predictors, LASSO helps to shrink 
coefficients toward zero, thus identifying a subset of 
relevant features while avoiding overfitting.

3.	 Random Forest (RF): We utilized two variations of 
the RF method: mean decrease accuracy (MDA) and 
mean decrease Gini impurity (MDG). RF was chosen 
for its robustness in handling nonlinear relationships 
and interactions between predictors, as well as its 
ability to rank predictors based on their importance 
in predicting the outcome.

4.	 Support Vector Machine-Recursive Feature Elimina-
tion (SVM-RFE): Utilized for its iterative elimination 
strategy to optimize feature subsets based on model 
performance, ensuring relevance to the classifier.

We summarized 35 candidate predictors screened by 
different filtering methods and took their intersection. 
Under this approach, we chose the predictors with more 
than five intersections. Finally, we consulted with clini-
cal experts and combined them with clinical reality to 
determine the final predictors for developing a predictive 
model of PPD.
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Model development and evaluation
We calculated the sample size again based on the final 
predictors to determine the split ratio. Then, the entire 
dataset was randomly split, stratified by class, into a 
training and a validation set. The training set was used 
for model development by six ML algorithms, while the 
validation set was used for model evaluation. ML algo-
rithms include logistic regression (LR), decision tree 
(DT), RF, extreme gradient boosting (XGBoost), SVM, 
and artificial neuron network (ANN). A grid search with 
fivefold cross-validation was used to obtain optimized 

parameters (Supplementary Hyperparameter Tuning 
Details). Furthermore, optimal models were developed 
separately for prenatal and postnatal women to predict 
PPD [PN-PPD model (based on prenatal predictors) and 
PP-PPD model (based on all predictors)].

We assessed and compared all models’ discrimina-
tion, calibration, and clinical net benefit performances. 
Multiple discrimination metrics included sensitivity 
(SEN, this is also called Recall) and specificity (SPE), 
the area under the receiver-operating curve (AUC), 
the cutoff value, the positive likelihood ratio (PLR), the 

Fig. 1  Flowchart of participants recruitment and data collection. SCSQ simplified coping style questionnaire, EPQ Eysenck personality questionnaire, 
PSSS perceived social support scale, BAI Beck anxiety inventory, BDI Beck depression inventory, EMSS Enrich marital satisfaction scale, PSQI Pittsburgh 
sleep quality inventory, TSH Thyroid-stimulating hormone, FT3 serum-free triiodothyronine, FT4 serum-free thyroxine, TG triglyceride, TC total 
cholesterol, HDL-C high-density lipoprotein-cholesterol, LDL-C low-density lipoprotein-cholesterol, Ca serum calcium, Fe serum iron, EPDS Edinburgh 
postnatal depression scale
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negative likelihood ratio (NLR), the positive predictive 
value (PPV, this is also called Precision), the negative 
predictive value (NPV) and the F1-Score. The AUCs of 
these models were compared by using the DeLong test. 
The net reclassification improvement (NRI) and inte-
grated discrimination improvement (IDI) were used to 
evaluate the additional predictive ability of the PP-PPD 
model. Calibration was assessed by calibration plots 
and Brier scores. Clinical usefulness and net benefit 
were estimated with decision curve analysis (DCA). 
For interpreting complex optimal models, the SHAP 
was implemented in Python using the shap package 
(https://​shap.​readt​hedocs.​io/​en/​latest/). We also calcu-
lated the importance of ranking features from the final 
model. Figure  2 shows the entire analysis workflow of 
the present study.

Statistical analysis
Two independent data entry clerks performed double 
entry and proofreading to ensure accuracy and reli-
ability. We removed predictors with more than 10% 
missing values and outliers for data processing. Miss-
ing values in less than 10% of variables were imputed 
using the missForest method. In addition, in the case of 
sparse data, categories were combined if necessary. In 
statistical description terms, continuous variables were 
described as the mean (SD) or median (interquartile 
range [IQR]) as appropriate. Correlations were deter-
mined by Pearson or Spearman analysis. The variance 
inflation factor (VIF) and tolerance were used to iden-
tify collinear independent variables. Univariate analy-
sis was performed using the t-test, chi-square test, or 
Wilcoxon rank sum test. Statistical significance was 
defined as a two-sided P value < 0.05. All data were ana-
lyzed using R statistics software (version 4.0.3; https://​
www.r-​proje​ct.​org) and Python (version 3.10.8; https://​
www.​python.​org).

Results
Baseline characteristics and correlation analysis
Among the entire dataset, 355 (31.2%) women were above 
the cutoff values (≥ 11) on the EPDS and were regarded as 
having PPD. The entire cohort’s median age was 29 (IQR 
27–32), and 55.4% were primiparous women, while 59.0% 

were from urban areas. Detailed characteristics of the 
entire cohort are described in Table  1, and the missing 
data are summarized in Supplementary Table S1. Women 
with PPD significantly differed from women without PPD 
in terms of the MCPN and the MCPP, diagnosis of men-
tal illness before pregnancy, diagnosis of mental illness in 
first-degree relatives, and SCSQ, EPQ-P, EPQ-E, EPQ-N, 
MT, PSSS, BAI, BDI, EMSS, and PSQI scores.

Supplementary Fig. S1 displays correlations between all 
continuous variables. The correlation heatmap showed 
that TC was highly correlated with LDL-C, and the corre-
lation coefficient was 0.90 (P < 0.01). In addition, the cor-
relation coefficient between MCPN and MCPP was 0.50. 
All variables were analyzed by collinearity analysis (Sup-
plementary Table  S2). The VIF of TC was greater than 
10 (tolerance less than 0.10), and LDL-C was close to 10 
(tolerance close to 0.10), indicating the presence of severe 
multicollinearity between them [33]. However, MCPP 
and MCPN did not show multicollinearity.

Selection of predictor variables
The predictor variables obtained by the seven selection 
methods are shown in Table  2. The specific parameters 
of all methods (SR-FS, SR-BS, SR-BE, LASSO, RF-MDA, 
RF-MDG, and SVM-RFE) are shown in Supplementary 
Table S3 and Figs. S2–4. Thirty-two, 18, 18, 9, 10, 10, and 
5 predictors were identified using seven selection meth-
ods. Figure  3 describes the intersection of the predic-
tors selected by the seven methods. The predictors with 
more than five intersections were chosen as the final pre-
dictors, including MCPP, BDI, EPQ-N, BAI, TC, PCPP, 
EPQ-P, MT, and EMSS. Moreover, primiparous women 
and FT3 were included in the final predictor set through 
expert consultation and literature review [26, 29]. Ulti-
mately, 11 predictors were included in developing the 
model. Notably, MCPP and PCPP were measured after 
childbirth.

Model development and comparison
When 11 variables were included, the sample size was 
again calculated to be 369 women. Therefore, all data 
were split into training and validation sets at a ratio of 
6:4. Supplementary Table  S4 provides the descriptive 
statistics of the two datasets. The training and validation 

(See figure on next page.)
Fig. 2  Analysis workflow for the development and evaluation of models. FS forward selection, BS backward selection, BE bidirectional elimination, 
LASSO least absolute shrinkage and selection operator, MDA mean decrease accuracy, MDG mean decrease Gini impurity, RFE recursive feature 
elimination, PN-PPD prenatal prediction model for postpartum depression, PP-PPD postpartum prediction model for postpartum depression, ROC 
receiver operating characteristic, AUC​ area under the curve, SEN sensitivity, SPE specificity, PLR positive likelihood ratio, NLR negative likelihood ratio, 
PPV positive predictive value, NPV negative predictive value, SHAP Shapley additive explanations

https://shap.readthedocs.io/en/latest/
https://www.r-project.org
https://www.r-project.org
https://www.python.org
https://www.python.org
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Fig. 2  (See legend on previous page.)
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sets were relatively uniformly distributed, in which only 
the P value of the primiparous women was less than 0.05. 
The prevalence of PPD was 31.2% in both the training 
and validation sets. Twelve models were developed by six 
ML algorithms (PN-PPD and PP-PPD models). The esti-
mates of odd ratios in the LR models are reported in Sup-
plementary Tables S5 and 6 and presented in forest plots 
(Supplementary Fig. S5 and 6). In addition, Supplemen-
tary Figs. S7–14 shows other models’ visualization and 
variable importance.

Table 3 describes the PN-PPD model and the PP-PPD 
model performance metrics of the validation set. The 
AUC values of the PN-PPD models ranged from 0.683 
to 0.801, and the PP-PPD models ranged from 0.727 to 
0.858. According to the DeLong test, the models con-
structed by the LR and ANN algorithms achieved higher 
AUC values (0.801 [95% CI 0.758–0.844] in the PN-PPD 
model and 0.858 [95% CI 0.821–0.895] in the PP-PPD 
model by LR; 0.858 [95% CI 0.821–0.895] in the PN-
PPD model and 0.844 [95% CI 0.805–0.883] in the PP-
PPD model by ANN) than the other models, and these 
AUC values were statistically significant (P < 0.05) (Sup-
plementary Tables S7 and 8). In addition, The LR and 
ANN algorithms demonstrated higher SEN (i.e., recall), 
PPV (i.e., precision), and F1 scores among other algo-
rithms. For the PN-PPD model, the LR algorithm had a 
SEN (i.e., recall) of 0.810 (95% CI 0.745–0.874), a PPV 
(i.e., precision) of 0.532 (95% CI 0.466–0.599), and an F1 
score of 0.642, while the ANN algorithm showed a SEN 
(i.e., recall) of 0.655 (95% CI 0.577–0.733), a PPV (i.e., 
precision) 0.554(95% CI 0.478–0.629), and an F1 score 
of 0.600. For the PP-PPD model, the LR algorithm had 
a SEN (i.e., recall) of 0.768 (95% CI 0.698–0.837), a PPV 
(i.e., precision) of 0.669 (95% CI 0.596–0.741), and an F1 
score of 0.715, while the ANN algorithm showed a SEN 
(i.e., recall) of 0.711(95% CI 0.637–0.786), a PPV (i.e., 
precision) of 0.660 (95% CI 0.585–0.735), and an F1 score 
of 0.685.

The discrimination, calibration, and clinical net ben-
efit of the PN-PPD and PP-PPD models on the valida-
tion set are shown in Fig.  4. In contrast, the agreement 
between the observed and predicted events was rela-
tively good with the LR and ANN algorithms and dem-
onstrated a higher net clinical benefit across most ranges 
of threshold probabilities. On the other hand, compared 
to the PN-PPD models (except for the decision tree mod-
els), the PP-PPD models had higher reclassification and 
prediction ability (Supplementary Tables S9 and 10). In 
summary, these results suggest that the LR and ANN 
algorithms are the optimal ML models for predicting 
women’s PPD.

Optimal model interpretability
We generated three types of nomograms to provide con-
venient and personalized risk estimates of PPD. The static 
and interactive nomograms were assigned in propor-
tion to the effect sizes in the LR model (Supplementary 
Figs. S15–18). The dynamic nomogram was developed 
to allow clinicians to enter the values of the variables and 
then obtain the risk of PPD (https://​yongj​ianwa​ng.​shiny​
apps.​io/​PN_​PPD_​Nomog​ram/ and https://​yongj​ianwa​
ng.​shiny​apps.​io/​PP_​PPD_​Nomog​ram/) (Supplemen-
tary Figs. S19 and 20). Moreover, to further improve the 
clinical application of the models, we calculated the risk-
stratification score separately for prenatal and postnatal 
screening based on the LR coefficients (Supplementary 
Tables S11 and 12). Tertiles of the total risk scores (16 
to 23 for the PN-PPD model and 6 to 19 for the PP-PPD 
model) were used to categorize low-risk, intermediate-
risk, and high-risk groups for perinatal women.

To explain the complex ANN model, we applied the 
SHAP value to illustrate how predictors affect women’s 
PPD. The feature importance and interpretation of the 
ANN model are shown in Fig.  5. The results demon-
strated that the EPQ-N, MCPP, BDI, and BAI were sig-
nificantly more important than other factors, as shown in 
Fig. 5A and E. In addition, Fig. 5B and F clearly illustrate 
the strength and direction of every predictor. A higher 
MCPP score indicated a lower risk of PPD, and greater 
neuroticism was associated with a greater risk of PPD in 
the figures. For local interpretability, Fig.  5C, D, G, and 
H provides four typical relative samples and shows how 
the ANN models make clinical decisions for individual 
women. The SHAP value for every predictor as a force 
contributed to pushing the overall SHAP value (1 = with 
PPD, 0 = without PPD) higher (red) or pushing it lower 
(blue), and combined to predict the risk of PPD for indi-
vidual women. For example, in Fig. 5C, one woman was 
predicted to suffer PPD due to FT3, EPQ-P, and BAI. The 
elevated risk was offset by the woman’s MT and EPQ-N.

Discussion
This is the first study to present a novel approach to 
determine the risk factors for predicting PPD by inte-
grating seven feature selection techniques with real-
world perinatal data. Unlike previous models that relied 
on a limited set of predictors, our study incorporates 
these methods to systematically identify the most rel-
evant risk factors, ensuring a robust and generalizable 
model. Additionally, by comparing six ML algorithms, 
we comprehensively evaluate different modeling strate-
gies, demonstrating that LR and ANN algorithms achieve 
superior predictive performance. A key innovation is 
the development of interactive risk assessment tools, 
including nomograms and web-based risk calculators, 

https://yongjianwang.shinyapps.io/PN_PPD_Nomogram/
https://yongjianwang.shinyapps.io/PN_PPD_Nomogram/
https://yongjianwang.shinyapps.io/PP_PPD_Nomogram/
https://yongjianwang.shinyapps.io/PP_PPD_Nomogram/
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Table 1  Baseline characteristics of the whole dataset

Characteristic Total (n = 1138) PPD (n = 355, 31.2%) Non-PPD (n = 783, 68.8%) P-value

Demographic factors

 Age (years), median (IQR) 29 (27–32) 29 (27–32) 29 (27–32) 0.725

 Residence, n (%) 0.124

  Country 143 (12.6) 50 (14.1) 93 (11.9)

  Town 323 (28.4) 87 (24.5) 236 (30.1)

  City 672 (59.0) 218 (61.4) 454 (58.0)

 Housing condition, n (%) 0.218

  Good 48 (4.2) 11 (3.1) 37 (4.7)

  Moderate 498 (43.8) 148 (41.7) 350 (44.7)

  Poor 592 (52.0) 196 (55.2) 396 (50.6)

 Monthly income (yuan), n (%) 0.597

  < 6000 377 (33.1) 125 (35.2) 252 (32.2)

  6000–10000 430 (37.8) 129 (36.3) 301 (38.4)

  > 10,000 331 (29.1) 101 (28.5) 230 (29.4)

 Education (years), n (%) 0.213

  < 12 142 (12.5) 51 (14.4) 91 (11.6)

  12–16 890 (78.2) 277 (78.0) 613 (78.3)

  > 16 106 (9.3) 27 (7.6) 79 (10.1)

 Primiparous women, n (%) 0.063

  Yes 630 (55.4) 211 (59.4) 419 (53.5)

  No 508 (44.6) 144 (40.6) 364 (46.5)

 Planning pregnancy, n (%) 0.287

  Yes 631 (55.4) 201 (56.6) 430 (54.9)

  No 507 (44.6) 154 (43.4) 353 (45.1)

History of mental illness

 Women were diagnosed before pregnancy, n (%)  < 0.001

  Yes 16 (1.4) 11 (3.1) 5 (0.6)

  No 1122 (98.6) 344 (96.9) 778 (99.4)

 First-degree relatives were diagnosed with mental illness, n (%) 0.011

  Yes 33 (2.9) 17 (4.8) 16 (2.0)

  No 1105 (97.1) 338 95.2) 767 (98.0)

Psychosocial factors

 PCPN, n (%) 0.383

  Mother-in-law 325 (28.6) 96 (27.0) 229 (29.2)

  Mother 202 (17.7) 73 (20.6) 129 (16.5)

  Husband 531 (46.7) 160 (45.1) 371 (47.4)

  Confinement nurse 80 (7.0) 26 (7.3) 54 (6.9)

 PCPP, n (%) 0.299

  Mother-in-law 511 (44.9) 151 (27.0) 360 (46.0)

  Mother 283 (24.9) 100 (20.6) 183 (23.4)

  Husband 140 (12.3) 39 (45.1) 101 (12.9)

  Confinement nurse 204 (17.9) 65 (7.3) 139 (17.7)

 MCPN (score), median (IQR) 8 (6–10) 8 (6–9) 8(7–10)  < 0.001

 MCPP (score), median (IQR) 7 (5–9) 5 (2–7) 8 (6–9)  < 0.001

 SCSQ, n (%) 0.006

  Positive 1025 (90.1) 307 (86.5) 718 (91.7)

  Negative 113 (9.9) 48 (13.5) 65 (8.3)

 EPQ-P (score), n (%) < 0.001

  < 43.3 129 (11.3) 25 (7.0) 104 (13.3)



Page 10 of 18Qi et al. Journal of Translational Medicine          (2025) 23:291 

which facilitate immediate clinical application. Nota-
bly, by employing SHAP values to enhance interpret-
ability, our study bridges the gap between complex ML 
models and practical clinical decision-making, allowing 

healthcare providers to understand and trust the model’s 
predictions.

We selected 11 features associated with PPD, includ-
ing MCPP, prenatal depression, neuroticism, prenatal 

Table 1  (continued)

Characteristic Total (n = 1138) PPD (n = 355, 31.2%) Non-PPD (n = 783, 68.8%) P-value

  43.3–56.7 730 (64.2) 191 (53.8) 539 (68.8)

  > 56.7 279 (24.5) 139 (39.2) 140 (17.9)

 EPQ-E (score), n (%) < 0.001

  < 43.3 220 (19.3) 98 (27.6) 122 (15.6)

  43.3–56.7 494 (43.4) 152 (42.8) 342 (43.7)

  > 56.7 424 (37.3) 105 (29.6) 319 (40.7)

 EPQ-N (score), n (%) < 0.001

  < 43.3 474 (41.7) 80 (22.5) 394 (50.3)

  43.3–56.7 474 (41.7) 152 (42.8) 322 (41.1)

  > 56.7 190 (16.6) 123 (34.7) 67 (8.6)

 MT, n (%) < 0.001

  Yes 66 (5.8) 51 (14.4) 15 (1.9)

  No 1072 (94.2) 304 (85.6) 768 (98.1)

 PSSS (score), n (%) < 0.001

  ≤ 60 322 (28.3) 146 (41.1) 176 (22.5)

  > 60 816 (71.7) 209 (58.9) 607 (77.5)

 BAI (score), n (%) < 0.001

  ≤ 7 850 (74.7) 204 (57.5) 646 (82.5)

  > 7 288 (25.3) 151 (42.5) 137 (17.5)

 BDI (score), n (%) < 0.001

  ≤ 13 1052 (92.4) 280 (78.9) 772 (98.6)

  > 13 86 (7.6) 75 (21.1) 11 (1.4)

 EMSS (score), n (%) < 0.001

  < 30 105 (9.2) 63 (17.8) 42 (5.4)

  30–42 529 (46.5) 178 (50.1) 351 (44.8)

  > 42 504 (44.3) 114 (32.1) 390 (49.8)

 PSQI (score), n (%) < 0.001

  < 5 357 (31.4) 76 (21.4) 281 (35.9)

  ≥ 5 781 (68.6) 279 (78.6) 502 (64.1)

Physiological measures

 TSH (μIU/mL), median (IQR) 1.94 (1.37–2.65) 1.93 (1.25–2.62) 1.95 (1.40–2.65) 0.125

 FT3 (pmol/L), median (IQR) 4.06 (3.79–4.38) 4.10 (3.83–4.42) 4.04 (3.75–4.37) 0.050

 FT4 (pmol/L), median (IQR) 12.93 (11.80–14.22) 13.04 (11.84–14.3) 12.86 (11.79–14.20) 0.300

 TG (mmol/L), median (IQR) 2.90 (2.35–3.64) 2.93 (2.35–3.64) 2.90 (2.35–3.64) 0.810

 TC (mmol/L), median (IQR) 6.15 (5.46–6.90) 6.14 (5.47–6.88) 6.15 (5.44–6.92) 0.811

 HDL-C (mmol/L), median (IQR) 1.96 (1.71–2.22) 1.99 (1.71–2.19) 1.95 (1.71–2.22) 0.727

 LDL-C (mmol/L), median (IQR) 3.58 (2.95–4.24) 3.57 (2.92–4.23) 3.60 (2.96–4.25) 0.434

 Ca (mmol/L), median (IQR) 2.15 (2.10–2.21) 2.15 (2.10–2.20) 2.15 (2.10–2.21) 0.530

 Fe (μmol/L), median (IQR) 13.20 (9.3–18.8) 13.70 (9.22–19.28) 112.9 (9.3–18.48) 0.485

PPD postpartum depression, IQR interquartile range, PCPN primary caregiver in prenatal, PCPP primary caregiver in postpartum, MCPN mother-in-law’s care 
in prenatal, MCPP mother-in-law’s care in postpartum, SCSQ simplified coping style questionnaire, EPQ-P psychoticism dimension of the Eysenck personality 
questionnaire, EPQ-E extraversion dimension of the Eysenck personality questionnaire, EPQ-N neuroticism dimension of the Eysenck personality questionnaire, MT 
melancholic temperament, PSSS perceived social support scale, BAI Beck anxiety inventory, BDI Beck depression inventory, EMSS Enrich marital satisfaction scale, PSQI 
Pittsburgh sleep quality inventory, TSH Thyroid-stimulating hormone, FT3 serum free triiodothyronine, FT4 serum free thyroxine, TG triglyceride, TC total cholesterol, 
HDL-C high density lipoprotein-cholesterol, LDL-C low-density lipoprotein-cholesterol, Ca serum calcium, Fe serum iron
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Table 2  Predictor variables of PPD using different selection methods

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 Gini, SVM-RFE support vector machine-
recursive feature elimination, PCPN primary caregiver in prenatal, PCPP primary caregiver in postpartum, MCPN mother-in-law’s care in prenatal, MCPP mother-in-
law’s care in postpartum, SCSQ simplified coping style questionnaire, EPQ-P psychoticism dimension of the Eysenck personality questionnaire, EPQ-E extraversion 
dimension of the Eysenck personality questionnaire, EPQ-N neuroticism dimension of the Eysenck personality questionnaire, MT melancholic temperament, PSSS 
perceived social support scale, BAI Beck anxiety inventory, BDI Beck depression inventory, EMSS Enrich marital satisfaction scale, PSQI Pittsburgh sleep quality 
inventory, TSH Thyroid-stimulating hormone, FT3 serum free triiodothyronine, FT4 serum free thyroxine, TG triglyceride, TC total cholesterol, HDL-C high density 
lipoprotein-cholesterol, LDL-C low-density lipoprotein-cholesterol, Ca serum calcium, Fe serum iron

Methods Predictor variables

SR-FS age (years), residence, housing condition, monthly income (yuan), education (years), primiparous women, Planning pregnancy, 
PCPN, PCPP, MCPN, MCPP, women were diagnosed with mental illness before pregnancy, first-degree relatives were diagnosed 
with mental illness, SCSQ, EPQ-E, EPQ-N, EPQ-P, MT, PSSS, BAI, BDI, EMSS, PSQI, TSH, FT3, FT4, TG, TC, HDL-C, LDL-C, Ca, Fe

SR-BS residence, primiparous women, Planning pregnancy, PCPP, MCPN, MCPP, ENP-P, ENP-N, MT, PSSS, BAI, BDI, EMSS, FT3, TG, TC, LDL-C, Fe

SR-BE residence, primiparous women, Planning pregnancy, PCPP, MCPN, MCPP, ENP-P, ENP-N, MT, PSSS, BAI, BDI, EMSS, FT3, TG, TC, LDL-C, Fe

LASSO primiparous women, MCPP, ENP-P, ENP-N, MT, PSSS, BAI, BDI, EMSS

RF-BDA MCPP, BDI, EPQ-N, BAI, EMSS, MT, EPQ-P, TC, MCPN, PCPP

RF-MDG MCPP, BDI, EPQ-N, TSH, Fe, FT3, FT4, TG, TC, LDL-C

SVM-REF MCPP, BDI, BAI, EPQ-N, PCPP

Fig. 3  Upset plot of interactions between the predictors. A Age (years), housing condition, monthly income (yuan), education (years), primary 
caregiver in prenatal, women were diagnosed with mental illness before pregnancy, first-degree relatives were diagnosed with mental illness, 
simplified coping style questionnaire (score), extraversion dimension of the Eysenck personality inventory (score), Pittsburgh sleep quality 
inventory (score), high-density lipoprotein-cholesterol, and serum calcium. B Thyroid-stimulating hormone and serum-free thyroxine. C Residence 
and planned pregnancy. D Serum-free triiodothyronine, triglyceride, low-density lipoprotein-cholesterol, and serum iron. E Primiparous women 
and perceived social support scale (score). F Mother-in-law’s care in prenatal (score). G Psychoticism dimension of the Eysenck personality inventory 
(score), melancholic temperament, and Enrich marital satisfaction scale (score). H Primary caregiver in postpartum. I Total cholesterol. J Beck anxiety 
inventory (score). K Mother-in-law’s care in postpartum (score), Beck depression inventory (score), and neuroticism dimension of the Eysenck 
personality inventory (score). 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 Gini, SVM-RFE support vector machine-recursive feature elimination
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anxiety, TC, PCPP, MT, marital satisfaction, primiparity, 
and FT3 (Fig. 3). Among them, MCPP, prenatal depres-
sion, prenatal anxiety, and neuroticism were deter-
mined to be the most significant predictors according to 
the SHAP value (Fig.  5). Our results indicated that low 
MCPP was significantly associated with an increased 
risk of PPD, which might be attributed to poor relation-
ships between mothers-in-law and postpartum women 
[36]. In China, to help women recuperate after childbirth, 
mothers-in-law usually play an essential role in postnatal 
care for both the mother and baby during the postpar-
tum period. However, conflicts between mothers-in-law 
and postpartum women are common due to different 
parenting views and lifestyles [4]. Thus, inadequate car-
egiving as a significant stressor increased PPD risk for 
Chinese women. This is concordant with our prior stud-
ies [37]. Notably, in our study, prenatal anxiety and pre-
natal depression were common in pregnancy and were 
significantly associated with PPD. This is supported by 
a large number of previous studies showing that prena-
tal depression and anxiety are strong predictors of PPD 
[1, 48]. One possible explanation is that pregnant women 

with depression or anxiety have more prolonged depres-
sive or anxious symptoms, even into the postpartum 
period [23]. Another possible reason is that women with 
a history of mental disorders have a higher recurrence 
rate after delivery [15]. Interestingly, we found that neu-
roticism was a significant predictor associated with PPD. 
Originally defined by Eysenck, neuroticism is a key per-
sonality trait for affective processing [16]. Specifically, 
when faced with stress in the postpartum period, neu-
rotic women tend to experience greater nervousness and 
are more likely to experience worrying and depression 
[35].

Discrimination, calibration, and clinical net benefit 
were best in the LR and ANN models (for both PN-PPD 
and PP-PPD models). Collectively, the newly developed 
LR and ANN models, which incorporated readily avail-
able prenatal and postnatal variables, performed well, as 
supported by the AUC values of 0.787–0.858 in the vali-
dation set. In addition to AUC, we utilize other evalua-
tion metrics, including precision, recall, and F1 score, to 
evaluate the performance of LR and ANN models. With 
its relatively simpler structure, the LR model displayed 

Table 3  Predictive performance metrics of different machine learning algorithms of the validation set

LR logistic regression, DT decision tree, RF random forest, XGBoost extreme gradient boosting, SVM support vector machine, ANN artificial neuron network, AUC​ area 
under receiver-operating curve, SEN sensitivity, SPE specificity, PLR positive likelihood ratio, NLR negative likelihood ratio, PPV positive predictive value, NPV negative 
predictive value

Models Validation set

LR DT RF SVM XGBoost ANN

PN-PPD

 AUC (95%CI) 0.801 (0.758–0.844) 0.683 (0.630–0.735) 0.707 (0.653–0.761) 0.737 (0.684–0.790) 0.697 (0.645–0.748) 0.787 (0.743–0.832)

 Cutoff value 0.277 0.243 0.411 0.232 0.194 0.280

 SEN (95%CI) 0.810 (0.745–0.874) 0.507 (0.425–0.589) 0.549 (0.467–0.631) 0.592 (0.511–0.672) 0.577 (0.496–0.659) 0.655 (0.577–0.733)

 SPE (95%CI) 0.677 (0.626–0.729) 0.856 (0.817–0.895) 0.805 (0.761–0.849) 0.792 (0.747–0.837) 0.738 (0.689–0.787) 0.760 (0.713–0.808)

 PLR (95%CI) 2.510 (2.098–3.002) 3.527 (2.573–4.834) 2.819 (2.152–3.692) 2.849 (2.205–3.679) 2.204 (1.746–2.783) 2.733 (2.170–3.442)

 NLR (95%CI) 0.281 (0.198–0.398) 0.576 (0.484–0.684) 0.560 (0.463–0.677) 0.516 (0.420–0.633) 0.573 (0.467–0.702) 0.454 (0.359–0.574)

 PPV (95%CI) 0.532 (0.466–0.599) 0.615 (0.527–0.704) 0.561 (0.479–0.644) 0.564 (0.484–0.643) 0.500 (0.423–0.577) 0.554 (0.478–0.629)

 NPV (95%CI) 0.887 (0.847–0.927) 0.793(0.750–0.836) 0.797 (0.753–0.842) 0.810 (0.767–0.854) 0.794 (0.747–0.840) 0.829 (0.786–0.873)

 F1 score 0.642 0.556 0.555 0.578 0.536 0.600

 Brier score 0.162 0.184 0.191 0.173 0.250 0.141

PP-PPD

 AUC (95%CI) 0.858 (0.821–0.895) 0.727 (0.675–0.780) 0.809 (0.766–0.852) 0.786 (0.741–0.831) 0.800 (0.757–0.844) 0.844 (0.805–0.883)

 Cutoff value 0.312 0.242 0.266 0.218 0.047 0.321

 SEN (95%CI) 0.768 (0.698–0.837) 0.585 (0.503–0.666) 0.789 (0.722–0.856) 0.768 (0.698–0.837) 0.768 (0.698–0.837) 0.711 (0.637–0.786)

 SPE (95%CI) 0.827 (0.786–0.869) 0.837 (0.796–0.878) 0.719 (0.669–0.769) 0.690 (0.639–0.741) 0.696 (0.646–0.747) 0.834 (0.793–0.875)

 PLR (95%CI) 4.449 (3.434–5.764) 3.587 (2.693–4.779) 2.805 (2.305–3.415) 2.477 (2.051–2.991) 2.529 (2.090–3.060) 4.281 (3.270–5.605)

 NLR (95%CI) 0.281 (0.207–0.380) 0.496 (0.406–0.607) 0.294 (0.212–0.407) 0.337 (0.247–0.458) 0.334 (0.245–0.454) 0.346 (0.266–0.450)

 PPV (95%CI) 0.669 (0.596–0.741) 0.619 (0.537–0.702) 0.560 (0.491–0.629) 0.529 (0.461–0.597) 0.534 (0.466–0.603) 0.660 (0.585–0.735)

 NPV (95%CI) 0.887 (0.851–0.923) 0.816 (0.774–0.859) 0.882 (0.843–0.922) 0.867 (0.825–0.910) 0.869 (0.827–0.910) 0.864 (0.826–0.903)

 F1 score 0.715 0.602 0.655 0.626 0.630 0.685

 Brier score 0.137 0.180 0.158 0.168 0.194 0.141
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Fig. 4  ROC curves, calibration plots and decision curve analysis of PN-PPD and PP-PPD models on the validation set. ROC receiver operating 
characteristic curve, LR logistic regression, DT decision tree, RF random forest, XGBoost extreme gradient boosting, SVM support vector machine, 
ANN artificial neuron network, AUC​ area under the receiver-operating curve
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excellent interpretability and high performance across 
these key metrics. While the ANN model demonstrated 
a similar AUC and F1 score, it has the advantage of pow-
erful self-learning capabilities, which make it particularly 
well-suited for capturing complex nonlinear relationships 
in the data. The higher F1 scores of LR and ANN mod-
els indicate that both models strike a reasonable balance 
between precision and recall, thus ensuring that false 
positives and negatives are minimized, which is criti-
cal in clinical decision-making. For the term of calibra-
tion, the agreements between prediction and actuality 
are shown in the calibration plots. More importantly, 
the decision curve analysis showed that the LR and ANN 
models could provide good clinical net benefits to sup-
port clinical decision-making. Regarding model appli-
cability, the LR model has the characteristics of a simple 
structure and strong interpretability. Compared with 
the LR model, the ANN model has powerful self-learn-
ing capabilities and an outstanding advantage in dealing 
with nonlinear relationships. However, the difference in 
prediction performance between the two models was 
insignificant in the study. Furthermore, adding postnatal 
predictors to the prenatal models can improve prediction 
performance. Therefore, we recommend combining pre-
natal and postnatal predictors to enhance the predictive 
accuracy of PPD. In future research, better prediction 
results may be achieved with more prenatal and postpar-
tum clinical information.

Despite the growing interest in ML models for clini-
cal decision-making, most published prediction models 
never reach clinical practice. This may be because the 
models are difficult to understand or because the results 
lack representativeness and reproducibility [18]. In this 
study, we primarily included clinically applicable and 
easy to identify predictors. For clinical use of the opti-
mal model, we designed various risk assessment tools 
to enable physicians to identify high-risk women imme-
diately. According to the LR algorithm, the nomogram 
could serve as a tool to evaluate the risk ratio of PPD. 
On this basis, we developed a website calculator, which 
may be readily integrated into secondary care to improve 

screening efficiency and reduce the burden on physi-
cians. In addition, applying risk scores opens new oppor-
tunities to enhance risk stratification and to help prevent 
PPD. Of note, due to its black-box nature, it is difficult for 
the ANN model to provide meaningful physician inter-
pretations. Interpretability is generally defined as the 
ease with which humans can comprehend and explain 
the process of the ML model’s predictions [41]. To 
address this problem, we applied SHAP values to obtain 
more readily understandable interpretations. SHAP val-
ues are widely accepted and are useful for explaining the 
relationship between variables and outcomes [21]. It can 
help physicians better understand the model’s decision-
making process for appropriate early intervention for 
women with PPD. Overall, adopting risk assessment tools 
developed in this study could provide rapid results to 
physicians.

From a clinical perspective, this study has signifi-
cant implications for improving PPD screening and 
intervention strategies. Traditional screening meth-
ods for PPD are often time-consuming and require 
trained personnel, limiting their scalability in resource-
constrained settings. The ML-based models devel-
oped in this study provide a rapid and automated risk 
assessment framework, allowing early identification of 
high-risk individuals. Moreover, by integrating both 
prenatal and postpartum predictors, these models offer 
a dynamic approach to monitoring maternal mental 
health from pregnancy to postpartum recovery. The 
practical implementation of our risk assessment tools 
in clinical settings can facilitate targeted interventions, 
optimize resource allocation, and improve maternal 
and neonatal outcomes. We suggest that these tools 
could be embedded in hospital electronic health record 
systems and routine perinatal care in the future. Cli-
nicians can utilize these assessment tools in real-time 
during prenatal and postpartum visits for prenatal PPD 
risk stratification and postpartum PPD monitoring. 
During routine prenatal screenings, clinicians can input 
readily available variables into the web-based calculator 
to generate individualized PPD risk scores. This enables 

Fig. 5  The feature importance and interpretation of the PP-PPD model (based on the ANN algorithm). A and E The importance ranking of features 
based on the mean (|SHAP value|). B and F A summary plot of the SHAP values for each feature. C and G SHAP force plot for a woman (PPD). D 
and H: SHAP force plot for a woman (without PPD). The higher the SHAP value of the feature, the impact of the feature on the model is larger. 
The red dots in the feature value represent higher values for that individual patient, whereas the blue dots indicate lower feature values. MCPP 
mother-in-law’s care in postpartum, BDI.1 Beck depression inventory(> 13 scores), BAI.1 Beck anxiety inventory (> 7 scores), EPQ-N.2 neuroticism 
dimension of the Eysenck personality questionnaire (> 56.7 scores), EPQ-P.2 psychoticism dimension of the Eysenck personality questionnaire 
(> 56.7 scores), PCPP.2 primary caregiver in postpartum (husband), MT.1 melancholic temperament (yes), PCPP.3 primary caregiver in postpartum 
(confinement nurse); Primopara.1, (yes); FT3 serum-free triiodothyronine, EPQ-N.1 neuroticism dimension of the Eysenck personality questionnaire 
(43.3–56.7 scores), EMSS.2 Enrich marital satisfaction scale (< 30 scores), PPPC.1 primary caregiver in postpartum (mother), EMSS.1 Enrich marital 
satisfaction scale (30–42 scores), EPQ-P.1 psychoticism dimension of the Eysenck personality questionnaire (43.3–56.7 scores), TC total cholesterol

(See figure on next page.)
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Fig. 5  (See legend on previous page.)
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early identification of high-risk women, prompting tar-
geted mental health interventions such as counseling 
or prophylactic therapy. Moreover, pregnant women 
outside the hospital can use the web calculator to self-
assess their PPD risk. The dynamic integration of post-
natal predictors allows for ongoing risk reassessment 
during postpartum checkups, ensuring timely adjust-
ments to care plans. However, several potential barriers 
to their implementation must be acknowledged. First, 
embedding these tools into electronic health records 
requires interoperability with existing hospital systems, 
which may involve technical and administrative hur-
dles. Second, healthcare providers may need training to 
effectively interpret ML-derived risk scores and SHAP-
based explanations. Notably, the ethical implications of 
false positives and negatives in PPD prediction warrant 
careful deliberation. Overestimation of risk could lead 
to unnecessary psychological interventions, increas-
ing perinatal women’s anxiety and healthcare costs, 
and underestimation of risk may delay critical inter-
ventions. While SHAP values enhance interpretability, 
clinicians must remain vigilant against over-reliance on 
model outputs. Therefore, we recommend combining 
model predictions with clinical judgment and longitu-
dinal symptom monitoring to ensure perinatal women’s 
safety and well-being. Additionally, clinicians should be 
aware of the potential psychological impact on patients 
when these assessment tools are used for risk predic-
tion, and appropriate counseling should be provided 
when necessary.

Limitations
Several study limitations need to be discussed. First, 
while the prospective design and robust internal vali-
dation via cross-validation strengthen methodological 
rigor, the absence of external validation on independent 
cohorts remains a critical constraint. The single-center 
nature of our dataset introduces potential selection bias 
and may limit the model’s generalizability to popula-
tions with distinct demographic profiles, clinical prac-
tices, or regional healthcare systems. To address this, 
future multicenter collaborations will be prioritized to 
validate and refine the model across diverse settings, 
ensuring broader clinical applicability. Second, this 
study primarily focused on second- and third-trimes-
ter pregnancies, and first-trimester information was 
not collected. In future studies, to further improve the 
accuracy, the number of variables or specific mark-
ers could be increased to estimate PPD. Finally, the 
women in the entire dataset could only be considered 
representative of the Chinese population with cau-
tion, and the risk assessment tools in postpartum were 

more likely suitable for women who were cared for by 
their mothers-in-law. MCPP and PCPP have unique 
Asian cultural features as predictors of postpartum and 
need to be considered in future research and clinical 
application.

Conclusion
In this study, by combining biopsychosocial risk factors 
for PPD, we developed and validated ML predictive mod-
els to identify the risk of PPD. The LR and ANN models 
showed excellent and reliable prediction performance. 
Combining prenatal and postnatal predictors to establish 
predictive models can significantly improve prediction 
performance. Various risk assessment tools are easily 
implemented in practice and could help physicians make 
clinical decisions easily. Therefore, we believe that our 
study could be utilized to individually predict the risk 
of PPD in prenatal and postnatal women, thus assisting 
clinicians in early precise intervention and effectively 
reducing or delaying the development of PPD. However, 
external validation is required to demonstrate the accu-
racy of the model’s predictions in future studies.

Statement of significance
Problem
We need a robust risk-based approach to plan the man-
agement of women with postpartum depression, enabling 
shared decision-making and more personalized care.

What is already known
Preventive medical care may reduce medical costs and 
population burden of postpartum depression compared 
with treatment post-diagnosis. However, identifying and 
screening women with high postpartum depression risk 
and making a standardized preventive and treatment 
strategy remains a major challenge.

What this paper adds
To promote translation into clinical care, this study has 
been translated into several simple and intuitive risk 
assessment tools. These tools allow clinicians and nurses 
to calculate individualized risks of postpartum depres-
sion to facilitate shared decision-making on antenatal 
care and risk-stratified approaches to prevention and 
intervention.
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