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Abstract
Postpartum depression (PPD) is a major maternal mental health condition that can 
adversely affect mothers and infants if not identified and managed early. This study 
developed and evaluated an uncertainty-aware ensemble framework integrating 
Support Vector Machine (SVM) and Gaussian Process (GP) models for maternal 
mental health risk prediction using psychosocial, demographic, socioeconomic, 
obstetric and clinical factors. A pooled dataset comprising 14,008 retrospective 
maternal records from Kawempe National Referral Hospital and Mukono General 
Hospital in Uganda and the publicly available PERI_DEP dataset was analysed. 
Preprocessing included missing-value imputation, categorical encoding, feature 
engineering, Mutual Information-based feature selection, Kernel Principal Component 
Analysis and Synthetic Minority Oversampling Technique-based class balancing. All 
preprocessing and oversampling procedures were restricted to the training data. The 
Hybrid SVM–GP framework was compared with Logistic Regression, Random Forest 
and CatBoost using stratified five-fold cross-validation and a held-out internal test set. 
To assess potential target leakage, analyses were conducted using both the complete 
feature set and a leakage-free feature set that excluded individual Edinburgh 
Postnatal Depression Scale items and directly related depression-symptom variables. 
In the full-feature analysis, Random Forest achieved the strongest discrimination, with 
an accuracy of 97.75% and a Receiver Operating Characteristic Area Under the Curve 
of 0.996. The Hybrid SVM–GP achieved an accuracy of 93.54%, a Receiver Operating 
Characteristic Area Under the Curve of 0.982 and the lowest Expected Calibration 
Error (ECE) of 0.015, whereas Random Forest achieved lower Brier score and log loss. 
The Hybrid SVM-GP also provided explicit case-level uncertainty information based 
on the normalised predictive entropy of the fused probability, with GP posterior 
variance providing a complementary measure of uncertainty in the latent prediction. 
These findings indicate that the Hybrid SVM–GP may complement models such as 
Random Forest by identifying potentially ambiguous predictions requiring further 
assessment, rather than providing universal performance superiority. SHapley 
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1  Introduction
Postpartum depression (PPD) is a major maternal mental health problem that can 
adversely affect mothers, infants and families if it is not identified and managed early. It 
is commonly associated with persistent sadness, anxiety, emotional instability, fatigue, 
sleep disturbance, hopelessness and difficulty bonding with the newborn. In addition 
to its psychological effects on mothers, PPD may affect infant cognitive and emotional 
development, family relationships, household well-being and the long-term quality 
of life of mothers [1, 2]. Globally, PPD is estimated to affect approximately 10–20% of 
mothers, with higher prevalence frequently reported in low- and middle-income coun-
tries because of limited access to mental health services, socioeconomic stress, cultural 
pressures and inadequate support systems [1, 2]. Maternal mental health disorders are 
consequently underdiagnosed and undertreated in many resource-constrained settings. 
Early identification of mothers at elevated risk therefore remains an important public 
health priority for improving maternal and child health outcomes.

Screening for PPD commonly relies on standardised psychological instruments based 
on self-reported information, including the Edinburgh Postnatal Depression Scale 
(EPDS) [3]. These instruments are practical and widely used to identify depressive symp-
toms in postpartum women. However, screening based primarily on symptoms reported 
at the time of assessment may provide limited information about antecedent risk and 
may be influenced by emotional state, recall bias, social stigma and cultural perceptions 
of mental health. These limitations have encouraged the development of data-driven 
approaches that can learn complex relationships among demographic, psychosocial, 
socioeconomic, obstetric and clinical factors and support earlier maternal mental health 
risk assessment.

Recent advances in machine learning and artificial intelligence have created new 
opportunities for predictive healthcare analytics, risk stratification and clinical deci-
sion support. Machine-learning algorithms can analyse heterogeneous healthcare data 
and model nonlinear relationships among demographic, psychosocial, behavioural and 
clinical variables. Several studies have applied logistic regression, decision trees, ran-
dom forests, support vector machines, boosting algorithms and neural networks to PPD 
prediction [4–9, 14]. Although these studies have reported promising predictive perfor-
mance, many have focused mainly on classification accuracy, with less attention to prob-
ability calibration, case-level uncertainty, explainability and the reliability of predictions. 
These considerations are important in maternal mental health screening because over-
confident or poorly calibrated predictions may contribute to missed referrals, unneces-
sary interventions or inappropriate allocation of limited healthcare resources.

Additive exPlanations from the leakage-free analysis identified family relationships, 
socioeconomic conditions, social support and reproductive history as influential 
contributors to model predictions. However, the retrospective design and absence 
of independent external validation limit immediate clinical application. Prospective 
external validation and clinical-utility assessment are required before routine maternal 
healthcare deployment.

Keywords  Postpartum depression, Maternal mental health prediction, Support 
vector machine, Gaussian process classifier, Predictive uncertainty, Explainable artificial 
intelligence
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Uncertainty-aware machine learning is therefore relevant to maternal mental health 
prediction because it can provide both a risk probability and information about the con-
fidence of individual predictions. This is particularly important when a model encoun-
ters cases that are close to the classification boundary or poorly represented in the 
development data. Support Vector Machines (SVMs) and Gaussian Processes (GPs) offer 
complementary capabilities for this purpose [10, 11]. An SVM can provide a robust non-
linear discriminative decision function, particularly when relationships among predic-
tors are complex. However, its decision score is not inherently probabilistic and does not 
directly provide case-level uncertainty. A GP classifier, in contrast, supports probabilis-
tic inference and provides uncertainty information associated with the latent prediction, 
although its results may depend on covariance-kernel specification, hyperparameter 
selection and computational resources. The rationale for combining the two models is 
therefore to integrate their complementary information: the SVM contributes nonlinear 
discrimination, while the GP contributes probabilistic inference and uncertainty-aware 
information. The hybrid framework is not assumed to be universally superior to alterna-
tive models; rather, it is intended to examine whether uncertainty information can com-
plement conventional predictive performance measures in maternal mental health risk 
assessment.

Existing PPD prediction research is also limited by the use of datasets obtained from 
single healthcare institutions or geographically homogeneous populations [12]. Mater-
nal mental health outcomes are influenced by cultural expectations, social support sys-
tems, economic conditions, family relationships, access to healthcare and psychosocial 
stressors, all of which may vary across populations and healthcare systems [13]. Mod-
els developed using homogeneous data may therefore have limited transportability to 
other maternal populations. The use of heterogeneous maternal health data can pro-
vide a broader basis for examining model behaviour across different settings, although 
pooling data alone does not establish external or prospective generalisability. There is 
consequently a need for prediction frameworks that evaluate discrimination, probability 
accuracy, calibration, uncertainty and explainability while explicitly acknowledging the 
limitations of internal validation.

This study addresses these gaps by developing and evaluating an uncertainty-aware 
ensemble framework that combines SVM and GP models for maternal mental health 
risk prediction using psychosocial, demographic, socioeconomic, obstetric and clini-
cal factors. The study uses a pooled dataset comprising hospital records from Kawempe 
National Referral Hospital and Mukono General Hospital in Uganda and the publicly 
available PERI_DEP dataset. The combined dataset includes a broader range of mater-
nal and psychosocial factors than would be available from a single source, while differ-
ences in population characteristics, data-collection procedures and healthcare settings 
are considered when interpreting the findings. The modelling pipeline includes missing-
value imputation, categorical encoding, feature engineering, Mutual Information-based 
feature selection, Kernel Principal Component Analysis (Kernel PCA), Synthetic Minor-
ity Oversampling Technique (SMOTE) and hyperparameter optimisation using ran-
domised search. Stratified cross-validation is used to support model development and 
reduce the risk of overfitting.

The study differs from many previous PPD prediction studies by evaluating the 
proposed framework using complementary discrimination, probability-accuracy, 
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calibration, uncertainty and explainability measures. Accuracy, precision, recall, 
F1-score, ROC-AUC and PR-AUC are used to assess classification and discrimina-
tion, while Brier score, log loss and Expected Calibration Error (ECE) are used to assess 
probabilistic performance. Case-level uncertainty is quantified using the normalised 
predictive entropy of the final fused probability, while GP posterior variance is treated 
as a complementary measure of uncertainty in the latent prediction. SHapley Additive 
exPlanations (SHAP) are used to examine the contribution of psychosocial and clinical 
predictors to model outputs. Because individual EPDS items and directly related depres-
sion-symptom variables may introduce target leakage, both a full-feature sensitivity 
analysis and a leakage-free analysis are conducted.

The central contribution of this study is a framework for examining whether the 
complementary combination of SVM-based nonlinear discrimination and GP-based 
probabilistic uncertainty information can support a more comprehensive assessment of 
maternal mental health risk. The contribution is therefore methodological rather than 
a claim that the Hybrid SVM–GP will outperform every alternative model. Its potential 
value lies in providing risk probabilities together with case-level uncertainty information 
that may help distinguish more confident predictions from ambiguous cases requiring 
additional assessment. The findings are interpreted alongside the performance of Ran-
dom Forest, CatBoost and Logistic Regression, and the absence of independent external 
validation and prospective clinical-utility assessment is explicitly recognised.

1.1  Paper organization

The remainder of this paper is organized as follows. Section 2 reviews related literature 
on postpartum depression and the application of machine learning methods for men-
tal health prediction. Section 3 describes the materials and methods used in this study, 
including the dataset, preprocessing procedures, feature selection, model development, 
and evaluation metrics. Section 4 presents the experimental results and model perfor-
mance analysis. Section 5 discusses the findings and their implications for postpartum 
depression prediction. Finally, Sect.  6 concludes the paper and outlines directions for 
future research.

2  Related literature
2.1  Kernel methods in medical health prediction

Kernel methods are widely used in healthcare prediction because they can represent 
nonlinear relationships in high-dimensional and complex biomedical data. Kernel 
functions implicitly map observations into higher-dimensional feature spaces without 
requiring the transformation to be computed explicitly [15]. This property, known as the 
kernel trick, is useful for analysing clinical data containing nonlinear interactions among 
demographic, psychosocial and biological variables [16]. Support Vector Machines 
(SVMs) and Gaussian Processes (GPs) are important kernel-based approaches used in 
healthcare prediction [17].

SVMs are effective discriminative models with strong generalisation performance, 
particularly in high-dimensional classification problems [18]. They have been applied in 
cancer detection, diabetes diagnosis, seizure classification and mental-health assessment 
[19, 20]. However, a conventional SVM primarily produces a decision score rather than 
an inherently probabilistic prediction. Its output must therefore be calibrated before it 
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Authors Year and 
setting

Sample size Models 
used

Validation type Key results Limitations 
and remaining 
gaps

Shin et al. 
[25]

2020, United 
States Preg-
nancy Risk 
Assessment 
Monitoring Sys-
tem, 2012–2013

28,755, 
including 
3,339 PPD 
cases

RF, stochas-
tic gradient 
boosting, 
SVM, deci-
sion tree, 
naïve Bayes, 
kNN, LR and 
ANN

Internal, 10-fold 
cross-validation

RF achieved 
the best 
accuracy of 
0.791 and 
AUC of 0.884; 
SVM achieved 
AUC of 0.864

Based on 
retrospective 
self-reported 
survey data; no 
independent 
external valida-
tion, probability 
calibration or 
uncertainty 
quantification

Hochman 
et al. [26]

2021, nation-
wide electronic 
health records 
from Israel, 
2008–2015

214,359 
births, 
including 
4,104 PPD 
cases

Gradient-
boosted 
decision 
trees

Internal holdout 
validation 
within the same 
national health-
maintenance 
organisation

Validation 
AUC was 
0.712, sensi-
tivity 0.349 
and specific-
ity 0.905 at 
the 90th-
percentile risk 
threshold

Outcome was 
based on a re-
corded depres-
sion diagnosis 
or antidepres-
sant prescrip-
tion; modest 
sensitivity; vali-
dation remained 
within the same 
healthcare 
database; no 
independent 
external valida-
tion or explicit 
uncertainty 
analysis

Andersson 
et al. [27]

2021, BASIC 
prospective 
cohort, Uppsala 
University Hos-
pital, Sweden, 
2009–2018

4,313 
women

Extremely 
Random-
ized Trees 
and other 
regres-
sion, tree, 
ensemble 
and proba-
bilistic 
classifiers

Internal model 
validation; no 
independent 
external cohort

Extremely 
Random-
ized Trees 
achieved 
accuracy of 
73%, sensitiv-
ity of 72%, 
specificity of 
75% and AUC 
of 0.81

Single Swedish 
cohort; Scan-
dinavian-born, 
highly educated 
and cohabiting 
women were 
overrepresent-
ed; performance 
declined among 
women without 
previous mental 
health prob-
lems; no exter-
nal validation 
or uncertainty 
quantification

Table 1  Summary of machine-learning studies for predicting postpartum or perinatal depression
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Authors Year and 
setting

Sample size Models 
used

Validation type Key results Limitations 
and remaining 
gaps

Zhang et 
al. [28]

2025, West 
China Second 
University Hos-
pital, China

2,055 
women; 
1,358 train-
ing and 697 
validation 
participants

XGBoost 
and other 
ML models, 
LASSO 
feature 
selection 
and SHAP

Internal random-
split validation

XGBoost 
achieved 
AUC of 0.849; 
important 
predictors 
included 
antepartum 
depression, 
maternal 
age, infant 
weight and 
biochemical 
markers

Retrospective 
single-centre 
study; internal 
validation only; 
antepartum 
depression was 
the dominant 
predictor; 
no formal 
uncertainty 
quantification 
or independent 
external valida-
tion. The original 
claim that the 
study excluded 
psychosocial 
variables should 
be removed

Lilhore et 
al. [29]

2024, publicly 
available online 
PPD dataset

1,503 
records

Hybrid 
CNN–BiL-
STM with 
transfer 
learning; 
comparison 
with DT, RF, 
AdaBoost, 
LightGBM, 
XGBoost 
and 
CatBoost

Internal evalu-
ation on one 
online dataset; 
no independent 
external 
validation

Proposed 
model 
reported 
accuracy of 
99.6% and 
precision of 
99.7%

Small pub-
licly available 
dataset with 
limited evidence 
of clinical rep-
resentativeness; 
exceptionally 
high perfor-
mance requires 
independent 
verification; 
computational 
complexity, 
limited clinical 
interpretability 
and no calibrat-
ed uncertainty 
estimates. The 
original state-
ment that it re-
quired audio or 
text input was 
not supported

Table 1  (continued) 
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Authors Year and 
setting

Sample size Models 
used

Validation type Key results Limitations 
and remaining 
gaps

Qi et al. [9] 2025, single-
centre prospec-
tive study in 
China, August 
2021–August 
2022

1,138 perina-
tal women

LR, ANN 
and other 
ML models 
with seven 
feature-
selection 
methods

Internal cross-
validation; no 
independent ex-
ternal validation

LR achieved 
AUCs of 0.801 
for the prena-
tal model and 
0.858 for the 
postpartum 
model; ANN 
achieved 
AUCs of 0.787 
and 0.844

Single-centre 
study; no exter-
nal validation; 
postpartum 
model included 
culturally 
specific factors 
such as mother-
in-law care; no 
formal predic-
tive-uncertainty 
estimation. The 
study included 
SHAP interpreta-
tion, so “reduced 
interpretability” 
should not be 
retained as a 
limitation

Nakamura 
et al. [30]

2024, perinatal 
cohort in Japan

1,416 partici-
pants after 
balancing

Gradient-
boosted 
decision 
trees and 
balanced 
GBDT

Internal model 
evaluation; no 
independent ex-
ternal validation 
reported

Balanced 
GBDT 
achieved ap-
proximately 
AUC 0.83

Single-country 
dataset; short 
report provides 
limited method-
ological detail; 
no independent 
external valida-
tion, calibra-
tion analysis 
or uncertainty 
quantification

Kim [31] 2025, Korean 
Early Childhood 
Education and 
Care Panel, 
Republic of 
Korea

2,570 
participants

DT, RF, 
AdaBoost 
and LR

Internal model 
evaluation using 
one secondary 
dataset

LR was 
selected as 
the most 
clinically 
interpretable 
model, with 
AUC of ap-
proximately 
0.74; partner 
conflict, stress 
and personal 
values were 
influential 
predictors

Limited 
predictor set 
of 13 variables; 
culturally spe-
cific secondary 
panel data; no 
external valida-
tion, uncertainty 
quantification 
or multicountry 
evaluation. The 
original table 
incorrectly 
implied that RF 
and AdaBoost 
were the princi-
pal results

Table 1  (continued) 
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can be interpreted as a risk probability. Moreover, a standalone SVM does not directly 
provide case-level uncertainty information, making it difficult to distinguish confident 
classifications from ambiguous cases.

Gaussian Process models provide a Bayesian non-parametric approach to classifica-
tion and regression by placing a probability distribution over possible latent functions 
[11]. In classification, the GP produces posterior class probabilities and uncertainty 
information associated with the latent prediction. This information can be useful in 
healthcare applications where cases with uncertain predictions may require additional 
assessment [21]. Gaussian Processes have been applied in disease-progression model-
ling, early-warning systems and personalised prediction of clinical measurements [22]. 
Nevertheless, GP models are sensitive to the choice of covariance kernel and hyperpa-
rameters. Exact inference may also become computationally and memory intensive as 
the number of observations increases.

Authors Year and 
setting

Sample size Models 
used

Validation type Key results Limitations 
and remaining 
gaps

Huang et 
al. [32]

2024, prenatal 
population 
in the United 
States

5,875 preg-
nant women

Elastic Net 
and other 
ML models 
with SHAP 
and sub-
group-bias 
assessment

Internal 
resampling 
and subgroup 
evaluation; no 
independent ex-
ternal validation

Overall ROC-
AUC was 
approxi-
mately 0.67; 
performance 
differed 
across racial, 
ethnic and 
socioeco-
nomic groups

Predicts 
prenatal rather 
than postpar-
tum depres-
sion; modest 
discrimination; 
subgroup sam-
ple imbal-
ance affected 
performance 
estimates; bias 
was assessed 
but not fully 
eliminated; no 
uncertainty-
aware predic-
tion or external 
validation

Wakefield 
and Frasch 
[33]

2023, United 
States NIH 
Nulliparous 
Pregnancy Out-
comes Study: 
Monitoring 
Mothers-to-Be

10,038 
enrolled; 
8,454 births 
analysed, in-
cluding 338 
PPD cases

Four 
distributed 
RF models 
and LR

Internal model 
validation within 
the nuMoM2b 
cohort; no 
independent ex-
ternal validation

The parsi-
monious 
RF model 
achieved 
AUC of 0.91 ± 
0.02; a simpli-
fied model 
achieved 
AUC of 0.79 
± 0.05

Restricted to 
nulliparous 
participants; 
outcome repre-
sented depres-
sion requiring 
postpartum 
treatment; no 
independent 
external valida-
tion or formal 
predictive-
uncertainty 
estimates. The 
original AUC 
of 0.84 and 
claim that the 
study lacked 
interpretability 
were incorrect 
because the 
study included 
SHAP analysis

Table 1  (continued) 
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The proposed Hybrid SVM-GP framework was motivated by the complementary 
capabilities and limitations of these two models. The SVM component provides a non-
linear discriminative decision function, whose output is converted into a probability 
using sigmoid calibration. In parallel, the GP classifier provides a posterior probability 
and uncertainty information related to the latent prediction. The two probability outputs 
are then combined through weighted soft voting to produce a unified maternal mental 
health risk probability [23]. The purpose of this combination is not to assume that the 
hybrid model will universally outperform alternative models, but to examine whether 
GP-derived probabilistic information can complement the discriminative capability of 
the SVM.

The Hybrid SVM-GP framework therefore provides a way of combining nonlinear dis-
crimination with probabilistic and uncertainty-aware information. In this framework, 
GP posterior variance represents uncertainty in the latent function [24], whereas the 
normalised predictive entropy of the final fused probability represents case-level uncer-
tainty in the classification output. These measures should not be treated as identical. 
The hybrid design also does not eliminate the computational demands, kernel-selection 
requirements or hyperparameter sensitivity associated with GP inference. Consequently, 
the model parameters must be carefully optimised, and the computational requirements 
should be considered when applying the framework to larger datasets. The usefulness 
of the framework should therefore be assessed using multiple complementary criteria, 
including discrimination, probability accuracy, calibration and uncertainty behaviour.

2.2  Comparative analysis of machine learning models for PPD prediction

As presented in Table 1, machine learning approaches have achieved different levels of 
discrimination in postpartum and perinatal depression prediction. However, most stud-
ies used internal validation within a single dataset, institution or country. Few studies 
(n = 4) assessed the probability calibration and none of the included studies provided a 
full integration of calibrated predictive probabilities with explicit uncertainty estimation 
at a case level. Several studies also relied heavily on prior mental health history or prior 
depression symptoms and may be limited in their utility for prediction prior to symp-
tom onset. These limitations motivate further exploration of leakage-aware, uncertainty-
aware and externally validated prediction frameworks using heterogeneous maternal 
health data.

2.3  Research gaps identified

Despite the growing body of research on postpartum depression and its psychosocial 
and clinical risk factors, several methodological gaps remain. Existing studies have 
applied both traditional statistical methods and machine-learning algorithms to identify 
risk factors and predict maternal mental health outcomes. However, many studies have 
focused primarily on discrimination or classification accuracy, with comparatively lim-
ited attention to probability calibration, case-level predictive uncertainty and explain-
ability. These aspects are important in healthcare prediction because a model should 
provide not only a class label but also information about the reliability and ambiguity of 
individual predictions.

Although machine-learning methods have increasingly been used in healthcare 
prediction, relatively few studies have investigated uncertainty-aware kernel-based 
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approaches that combine the nonlinear discrimination of Support Vector Machines 
with the probabilistic inference of Gaussian Processes for maternal mental health risk 
prediction. In particular, there is limited evidence on whether combining these comple-
mentary capabilities can provide useful uncertainty information alongside conventional 
risk probabilities. Such a framework should not be assumed to be universally superior 
to alternative models; its value should instead be assessed across multiple performance 
dimensions, including discrimination, probability accuracy, calibration and uncertainty 
behaviour.

A further gap concerns the use of relatively small, single-site or geographically homo-
geneous datasets in many postpartum depression prediction studies. Such datasets may 
not adequately represent differences in maternal characteristics, family relationships, 
socioeconomic conditions, cultural contexts and healthcare systems across populations. 
Models developed from these data may therefore have limited transportability to other 
maternal healthcare settings. However, pooling data from different sources increases 
diversity for model development but does not, by itself, constitute independent external 
or prospective validation.

To address these gaps, this study develops and evaluates an uncertainty-aware ensem-
ble framework integrating Support Vector Machine and Gaussian Process models for 
maternal mental health risk prediction using psychosocial, demographic, socioeco-
nomic, obstetric and clinical factors. The framework is evaluated using feature engi-
neering, feature selection, dimensionality reduction, class-imbalance management, 
probability calibration analysis, predictive uncertainty assessment, explainable artificial 
intelligence and stratified cross-validation. The study further applies a leakage-free anal-
ysis to examine whether model performance and predictor importance remain mean-
ingful after excluding individual EPDS items and directly related depression-symptom 
variables. The contribution of the study is therefore to provide a balanced evaluation of 
a complementary SVM-GP framework, rather than to claim universal superiority over 
competing prediction models.

3  Materials and methods
3.1  Dataset description

This study used a pooled multicountry dataset comprising retrospective maternal health 
records from Uganda and secondary data from the publicly available PERI_DEP dataset 
[34]. The dataset included demographic, socioeconomic, obstetric, neonatal, psychoso-
cial, clinical and depression-screening information from postpartum mothers. Pooling 
the data sources increased the diversity available for model development but did not 
constitute independent external validation.

The Ugandan records were collected during routine healthcare at Kawempe National 
Referral Hospital and Mukono General Hospital between May 2016 and October 
2025. Of the 14,008 records in the integrated dataset, 2,942 (21%) were obtained from 
Kawempe National Referral Hospital, 280 (2%) from Mukono General Hospital and 
10,786 (77%) from PERI_DEP [34]. The greater contribution of PERI_DEP may have 
influenced the overall data distribution and the patterns learned by the models.

The original variable definitions and coding schemes were not necessarily uniform 
across the three data sources. Before integration, the datasets were therefore harmonised 
using a common data dictionary. Variables were matched according to their conceptual 
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definitions, response categories, coding direction, measurement characteristics and 
units rather than their names alone. Binary variables were converted to a common cod-
ing format, categorical levels were mapped into comparable categories and numerical 
variables were expressed using consistent units. Variables that could not be reliably har-
monised were excluded, while dataset source was retained as an indicator of record ori-
gin. A detailed variable-harmonisation table is provided in the supplementary materials.

Following harmonisation, the integrated dataset contained 51 variables representing 
demographic characteristics, household and socioeconomic conditions, obstetric his-
tory, pregnancy-related complications, neonatal factors, psychosocial indicators and 
depression-screening information. These included age, education, marital status, occu-
pation, family structure, financial sufficiency, gestational duration, miscarriage history, 
pregnancy complications, neonatal health conditions, social support, family relation-
ships, perceived stress and experiences of abuse during pregnancy.

Despite harmonisation, differences in population characteristics, cultural interpreta-
tion of psychosocial variables, healthcare practices, screening procedures, missing-data 
patterns and outcome prevalence may have remained across the data sources. Harmoni-
sation ensured comparability of retained variables but could not eliminate all popula-
tion-level and healthcare-system differences. These residual differences were considered 
when interpreting model transportability and clinical applicability.

The outcome was derived from postpartum depression screening using the Edinburgh 
Postnatal Depression Scale (EPDS) [35]. For machine-learning analysis, participants 
categorised as having low maternal mental health risk were labelled as class 0, whereas 
those categorised as having moderate or high risk were labelled as class 1, consistent 
with previous studies [36, 37]. The EPDS thresholds used to define these categories were 
applied consistently across the harmonised dataset.

Because individual EPDS items and closely related depression-symptom variables 
could allow the models to reconstruct the EPDS-derived outcome, two experimental 
settings were evaluated. Experiment I retained the complete feature set as a sensitivity 
analysis. Experiment II excluded individual EPDS items, depression-symptom variables 
directly involved in defining the outcome and interaction features derived from those 
variables. The leakage-free setting was treated as the primary evaluation of prediction 
using demographic, socioeconomic, obstetric, household, clinical and non-outcome-
defining psychosocial factors. The variables included and excluded under each setting 
are provided in the supplementary materials.

Moderate class imbalance was addressed using the Synthetic Minority Oversampling 
Technique (SMOTE) [38]. After separating the held-out internal test set, SMOTE was 
applied only to the training portion of each cross-validation fold. The validation portions 
and held-out internal test set were not oversampled and retained their original class dis-
tributions. Further details are provided in Sects 3.2 and 3.5.

Ethical approval for the Ugandan component was obtained from the Mbarara Uni-
versity of Science and Technology Research Ethics Committee under approval num-
ber MUST-2025-646. Administrative clearance was obtained from Kawempe National 
Referral Hospital and Mukono General Hospital. Individual informed consent was 
waived because the study involved retrospective analysis of anonymised routine health-
care records without direct participant contact. The publicly available PERI_DEP dataset 
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was anonymised, and its ethical approval and consent procedures were addressed by the 
original investigators. No personally identifiable information was accessed.

3.2  Data preprocessing and feature engineering

3.2.1  Data cleaning, imputation and encoding

Before model development, the integrated maternal mental health dataset underwent 
data cleaning, consistency checking and missing-value treatment. Numerical variables 
with missing observations were imputed using the median, while categorical variables 
were imputed using the most frequent category [39]. For a numerical feature 𝑋𝑋, median 
imputation was performed as:

	
𝑥𝑥𝑖𝑖 = { 𝑥𝑥𝑖𝑖, 𝑖𝑖𝑖𝑖 𝑖𝑖𝑖𝑖 𝑖𝑖𝑖𝑖 𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖

𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚 (𝑋𝑋) , 𝑖𝑖𝑖𝑖 𝑖𝑖𝑖𝑖 𝑖𝑖𝑖𝑖 𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖 � (1)

Categorical variables with naturally ordered response levels were transformed using 
ordinal encoding, while nominal variables were converted into binary indicator variables 
[40]. Numerical variables were subsequently standardised using:

	
𝑧𝑧 𝑧 𝑥𝑥 𝑥 𝑥𝑥𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡

𝜎𝜎𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 � (2)

where 𝜇𝜇𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 and 𝜎𝜎𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 represent the mean and standard deviation estimated from the 
training data. All imputation, encoding and standardisation parameters were estimated 
from the training data and subsequently applied to the corresponding validation or test 
data.

3.2.2  Feature engineering and target-leakage control

Interaction features were constructed from conceptually related demographic, socioeco-
nomic, obstetric and psychosocial variables to represent relationships that might not be 
captured by the original variables. For two related predictors 𝑥𝑥𝑖𝑖  and 𝑥𝑥𝑗𝑗 , an interaction 
feature was calculated as:

	 𝑥𝑥𝑖𝑖𝑖𝑖 = 𝑥𝑥𝑖𝑖 × 𝑥𝑥𝑗𝑗 � (3)

Because the outcome was derived from the Edinburgh Postnatal Depression Scale 
(EPDS), using individual EPDS items or directly related depression-symptom variables 
as predictors could introduce target leakage. Two experimental settings were therefore 
evaluated. Experiment I retained the complete predictor set and was used as a sensi-
tivity analysis. Experiment II used a leakage-free predictor set that excluded individual 
EPDS items, variables directly involved in defining the outcome and interaction features 
derived from those variables. Excluded variables included hopelessness, little interest 
or pleasure in activities, sleep disturbance and other depression-symptom indicators 
directly related to the outcome definition. The leakage-free setting was treated as the 
primary analysis, while the full-feature setting was used to assess the influence of out-
come-related symptoms on model performance.
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3.2.3  Feature selection and dimensionality reduction

Mutual Information (MI) was used to identify informative predictors and reduce feature 
redundancy. The dependency between a predictor 𝑋𝑋 and the outcome 𝑌𝑌 was calculated 
as:

	
𝑀𝑀𝑀𝑀 (𝑋𝑋𝑋𝑋𝑋) = ∑

𝑥𝑥∈𝑋𝑋
∑
𝑦𝑦∈𝑌𝑌

𝑝𝑝 (𝑥𝑥𝑥 𝑥𝑥) log ( 𝑝𝑝 (𝑥𝑥𝑥 𝑥𝑥)
𝑝𝑝 (𝑥𝑥) 𝑝𝑝𝑝𝑝𝑝𝑝)� (4)

where 𝑝𝑝𝑝𝑝𝑝𝑝 𝑝𝑝𝑝 represents the joint probability distribution and 𝑝𝑝𝑝𝑝𝑝𝑝 and 𝑝𝑝𝑝𝑝𝑝𝑝 represent 
the corresponding marginal distributions.

Kernel Principal Component Analysis (Kernel PCA) was subsequently used for non-
linear dimensionality reduction. The Radial Basis Function kernel was defined as:

	 𝐾𝐾 (𝑥𝑥𝑖𝑖, 𝑥𝑥𝑗𝑗) = exp (−γ ∥ 𝑥𝑥𝑖𝑖 − xj∥2)� (5)

where 𝛾𝛾 controls the width of the kernel and ∥ 𝑥𝑥𝑥𝑥 𝑥 𝑥𝑥𝑥𝑥∥2 represents the Euclidean dis-
tance between samples 𝑥𝑥𝑖𝑖  and 𝑥𝑥𝑗𝑗 .

3.2.4  Data partitioning and class-balance management

The dataset was divided into development and held-out internal test sets using strati-
fied sampling to preserve the original outcome distribution [41]. The held-out internal 
test set was reserved for final evaluation and was not used during preprocessing, feature 
selection, hyperparameter optimisation or model training.

Moderate class imbalance was addressed using the Synthetic Minority Oversampling 
Technique (SMOTE) [42]. For a minority-class observation 𝑥𝑥𝑖𝑖  and one of its nearest 
neighbours 𝑥𝑥𝑧𝑧𝑧𝑧 , a synthetic observation was generated as:

	 𝑥𝑥𝑛𝑛𝑛𝑛𝑛𝑛 = 𝑥𝑥𝑖𝑖 + 𝜆𝜆 (𝑥𝑥𝑧𝑧𝑧𝑧 − 𝑥𝑥𝑖𝑖)� (6)

where 𝜆𝜆 ∈ [0,1] is a random interpolation factor.
During stratified cross-validation, SMOTE was applied only to the training portion of 

each fold. It was not applied to the validation portions or the held-out internal test set. 
The same preprocessing and class-balancing procedures were applied to all evaluated 
models to ensure a consistent and fair comparison.

3.3  Proposed hybrid SVM-GP framework

The proposed Hybrid Support Vector Machine-Gaussian Process (SVM-GP) framework 
was designed to combine the complementary capabilities of two kernel-based mod-
els. A standalone SVM provides a nonlinear discriminative decision function but does 
not inherently produce calibrated probabilities or case-level uncertainty information. 
In contrast, a Gaussian Process Classifier provides probabilistic inference and uncer-
tainty information associated with the latent prediction, although its performance may 
depend on covariance-kernel specification, hyperparameter selection and computational 
resources. The purpose of the hybrid architecture is therefore to combine the SVM’s dis-
criminative capability with the GP’s probabilistic and uncertainty-aware information. 
The framework is intended to provide complementary information rather than to guar-
antee universal performance superiority over alternative models.

Content courtesy of Springer Nature, terms of use apply. Rights reserved.
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Following preprocessing, feature selection and Kernel Principal Component Analysis, 
the transformed predictor matrix was supplied in parallel to the SVM and Gaussian Pro-
cess components. The SVM generated a nonlinear decision score, which was converted 
into a calibrated probability using sigmoid calibration. The Gaussian Process Classifier 
independently generated a posterior probability of maternal mental health risk together 
with posterior variance in the latent prediction. The calibrated SVM probability and GP 
posterior probability were then combined using weighted soft voting to produce the 
final hybrid risk probability.

The GP posterior variance represented uncertainty in the latent function underlying 
the GP prediction. This measure was distinct from the normalised predictive entropy 
calculated from the final fused probability. The predictive entropy was used as the case-
level uncertainty score because it reflected uncertainty in the final binary classification 
output. The framework therefore generated a fused risk probability, a binary risk clas-
sification and a case-level uncertainty score for each participant, while the GP poste-
rior variance was retained as a complementary latent-function uncertainty measure. The 
hybrid architecture addresses the absence of native uncertainty information in a stand-
alone SVM, but it does not eliminate the computational complexity, kernel sensitivity or 
hyperparameter dependence associated with Gaussian Process inference.

Let the transformed development dataset be represented as:

	 𝐷𝐷 𝐷 {(𝑧𝑧𝑖𝑖, 𝑦𝑦𝑖𝑖)}𝑁𝑁𝑖𝑖𝑖𝑖� (7)

where 𝑧𝑧𝑖𝑖 ∈ 𝑅𝑅𝑑𝑑  represents the dimensionally reduced feature vector for participant 
𝑖𝑖𝑖 𝑖𝑖𝑖𝑖 ∈ {0,1} represents the corresponding maternal mental health risk category, 𝑑𝑑 
denotes the number of transformed features, and 𝑁𝑁 represents the number of obser-
vations in the development dataset. The same transformed feature vector was provided 
to both the SVM and GP components so that their probability outputs were generated 
from an equivalent predictor representation.

3.3.1  Support vector machine component

The SVM component used a Radial Basis Function kernel to model nonlinear relation-
ships among the transformed maternal predictors. The kernel function was defined as:

	 𝐾𝐾𝑆𝑆𝑆𝑆𝑆𝑆 (𝑧𝑧𝑖𝑖, 𝑧𝑧𝑗𝑗) = exp (−𝛾𝛾𝑆𝑆𝑆𝑆𝑆𝑆 ∥ 𝑧𝑧𝑖𝑖 − 𝑧𝑧𝑗𝑗 ∥2)� (8)

where 𝛾𝛾𝑆𝑆𝑆𝑆𝑆𝑆  controls the influence of individual training observations.
The SVM decision function for a new participant 𝑧𝑧∗ was expressed as:

	
𝑓𝑓𝑆𝑆𝑆𝑆𝑆𝑆 (𝑧𝑧∗) =

𝑁𝑁𝑠𝑠

∑
𝑖𝑖𝑖𝑖

𝛼𝛼𝑖𝑖𝑦𝑦𝑖𝑖𝐾𝐾𝑆𝑆𝑆𝑆𝑆𝑆(𝑧𝑧𝑖𝑖, 𝑧𝑧∗) + 𝑏𝑏� (9)

where 𝑁𝑁𝑠𝑠 represents the number of support vectors, 𝛼𝛼𝑖𝑖  represents the learned support-
vector coefficients, and 𝑏𝑏 denotes the bias term. Because the SVM decision score is not 
inherently probabilistic, it was converted into a calibrated probability using sigmoid 
calibration:

	
𝑝𝑝𝑆𝑆𝑆𝑆𝑆𝑆 (𝑧𝑧∗) =

1
1 + exp(𝐴𝐴𝐴𝐴𝑆𝑆𝑆𝑆𝑆𝑆 (𝑧𝑧∗) + 𝐵𝐵𝐵 � (10)
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where 𝐴𝐴 and 𝐵𝐵 are calibration parameters estimated from the development data within 
the cross-validation procedure.

3.3.2  Gaussian process classifier component

The Gaussian Process Classifier placed a probability distribution over the latent function 
relating maternal predictors to the outcome:

	 𝑓𝑓 (𝑧𝑧) ∼ GP (0, 𝐾𝐾𝐺𝐺𝐺𝐺((z, z′))� (11)

where the prior mean was set to zero and 𝐾𝐾𝐺𝐺𝐺𝐺 denotes the covariance function. The 
Gaussian Process component used the Radial Basis Function covariance kernel:

	 𝐾𝐾𝐺𝐺𝐺𝐺 (𝑧𝑧𝑖𝑖, 𝑧𝑧𝑗𝑗) = 𝜎𝜎2𝑓𝑓exp(−
∥ 𝑧𝑧𝑖𝑖 − 𝑧𝑧𝑗𝑗 ∥2

2𝑙𝑙2 )� (12)

where 𝜎𝜎2𝑓𝑓  represents the signal variance, and ℓ represents the characteristic length scale.

For binary classification, the latent Gaussian Process output was linked to the prob-
ability of maternal mental health risk using a sigmoid function:

	
𝑃𝑃 (𝑦𝑦𝑖𝑖 = 1|𝑓𝑓𝑖𝑖) = 𝜎𝜎 (𝑓𝑓𝑖𝑖) =

1
1 + exp (−𝑓𝑓𝑖𝑖) � (13)

For a new participant 𝑧𝑧∗, the posterior predictive distribution of the latent function was 
approximated as:

	 𝑓𝑓∗|𝑧𝑧∗, 𝐷𝐷 ≈ 𝑁𝑁 (𝜇𝜇∗, 𝜎𝜎2∗ )� (14)

where 𝜇𝜇∗ represents the posterior predictive mean and 𝜎𝜎2∗  represents the posterior pre-
dictive variance. The Gaussian Process probability was obtained by integrating the sig-
moid function over this posterior distribution:

	
𝑃𝑃𝐺𝐺𝐺𝐺 (𝑧𝑧∗) = ∫𝜎𝜎 (𝑓𝑓∗)𝑁𝑁 (𝑓𝑓∗|𝜇𝜇∗, 𝜎𝜎2∗ ) 𝑑𝑑𝑑𝑑∗� (15)

3.3.3  Probability fusion and final classification

The calibrated SVM probability and Gaussian Process probability were combined using 
weighted soft voting:

	 𝑝𝑝𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻 (𝑧𝑧∗) = 𝜆𝜆𝜆𝜆𝑆𝑆𝑆𝑆𝑆𝑆 (𝑧𝑧∗) + (1 − 𝜆𝜆) 𝑃𝑃𝐺𝐺𝐺𝐺 (𝑧𝑧∗)� (16)

where 𝜆𝜆 ∈ [0,1] controls the relative contribution of the two components. The optimal 
value of 𝜆𝜆 was selected using stratified cross-validation on the development dataset. The 
held-out internal test set was not used to select the ensemble weight.

The final maternal mental health risk classification was determined as:

	
𝑦𝑦∗ = { 1, 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝z∗) ≥ 𝜏𝜏

0, 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝z∗) < 𝜏𝜏 � (17)

where 𝜏𝜏 𝜏 𝜏𝜏𝜏 was used as the classification threshold. Participants with probabilities 
equal to or greater than 0.5 were classified as having maternal mental health risk, while 
those with lower probabilities were classified as non-risk cases.
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3.3.4  Predictive uncertainty estimation

The framework used two related but conceptually distinct measures of uncertainty. The 
Gaussian Process posterior variance σ2 represented uncertainty in the latent-function 
estimate for each participant. A larger posterior variance indicated greater uncertainty 
in the GP latent function under the fitted covariance kernel and the available develop-
ment data. However, this posterior variance was not interpreted as equivalent to uncer-
tainty in the final hybrid classification because the final classification was based on the 
probability obtained after combining the SVM and GP outputs.

For the uncertainty distribution presented in the results, case-level classification 
uncertainty was quantified using the normalised binary predictive entropy of the final 
hybrid probability:

	𝑈𝑈 (𝑧𝑧∗) = −
𝑝𝑝𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻 (𝑧𝑧∗) 𝑙𝑙𝑙𝑙𝑙𝑙𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻 (𝑧𝑧∗) + [1 − 𝑝𝑝𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻 (𝑧𝑧∗)] ln [1 − 𝑝𝑝𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻 (𝑧𝑧∗)]

𝑙𝑙𝑙𝑙𝑙 � (18)

where 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝∗) denotes the final fused probability of maternal mental health risk for 
participant 𝑧𝑧∗. Division by 𝑙𝑙𝑙𝑙𝑙 normalised the entropy score to the interval from 0 to 1. 
Values approaching 0 indicated that the final hybrid probability was close to either 0 or 1 
and therefore represented a relatively confident classification. Values approaching 1 indi-
cated that the probability was close to 0.5 and therefore represented greater uncertainty 
near the classification threshold.

Accordingly, the GP posterior variance quantified uncertainty in the latent GP func-
tion, whereas the normalised predictive entropy quantified case-level uncertainty in 
the final fused classification. The two measures were therefore treated as complemen-
tary rather than interchangeable. Reporting the predicted probability together with the 
entropy-based uncertainty score may help identify ambiguous cases that could require 
additional assessment. However, the present study did not prospectively evaluate 
whether uncertainty-guided decisions improve clinical screening, referral or maternal 
health outcomes. The complete framework, including preprocessing, parallel SVM and 
Gaussian Process modelling, SVM probability calibration, weighted probability fusion, 
final classification and uncertainty estimation, is illustrated in Fig. 1.

3.3.5  Unified hybrid SVM-GP formulation

The components described in Sects. 3.3.1–3.3.5 were integrated into a single prediction 
pipeline. Let 𝒫𝒫𝒫𝒫𝒫∗) denote the preprocessing and feature-selection operations applied to 
the original predictor vector 𝑥𝑥∗ of a new participant. The Kernel PCA representation 
was obtained by projecting the centred kernel-similarity vector onto the retained kernel 
principal components:

	 𝑧𝑧∗ = 𝜙𝜙𝐾𝐾𝐾𝐾𝐾𝐾𝐾𝐾 (𝒫𝒫𝒫𝒫𝒫∗)) = 𝑉𝑉𝑇𝑇
𝑞𝑞 𝑘𝑘∗� (19)

where 𝑘𝑘∗ is the centred RBF kernel-similarity vector between the new participant and 
the development observations, 𝑉𝑉𝑞𝑞 contains the 𝑞𝑞 retained eigenvectors of the centred 
training-kernel matrix, and 𝑧𝑧∗ is the reduced feature vector supplied to both the SVM 
and GP components.

Using this shared feature representation, the unified output of the Hybrid SVM–GP 
framework was defined as:
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	 ℋ (𝑥𝑥∗) = {𝑝𝑝𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻(𝑧𝑧∗), 𝑦𝑦∗, 𝑈𝑈 (𝑧𝑧∗) , 𝜎𝜎2∗} , 𝑧𝑧∗ = 𝜙𝜙𝐾𝐾𝐾𝐾𝐾𝐾𝐾𝐾 (𝒫𝒫𝒫𝒫𝒫∗))� (20)

where 𝑝𝑝𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻(𝑧𝑧∗) is the fused probability defined in Eq. (16), 𝑦𝑦∗ is the final binary clas-
sification defined in Eq.  (17), 𝑈𝑈 (𝑧𝑧∗) is the normalised predictive entropy defined in 
Eq.  (18), and 𝜎𝜎2∗  is the GP posterior variance defined in Eq.  (14). The normalised pre-
dictive entropy quantified uncertainty in the final fused classification, whereas the GP 
posterior variance represented uncertainty in the latent-function estimate generated by 
the GP component. These two measures were therefore interpreted as complementary 
rather than interchangeable indicators of uncertainty.

The unified formulation shows that preprocessing, feature selection and Kernel PCA 
first generate a shared nonlinear feature representation. The SVM and GP components 
then operate in parallel on this representation. The SVM contributes a calibrated dis-
criminative probability, while the GP contributes a posterior class probability and 
latent-function uncertainty information. The two probabilities are combined through 
weighted soft voting to produce the final hybrid risk probability. The resulting prediction 

Fig. 1  Proposed uncertainty-aware ensemble SVM-GP framework for maternal mental health risk prediction

 

Content courtesy of Springer Nature, terms of use apply. Rights reserved.



Page 18 of 37Ahimbisibwe et al. Discover Artificial Intelligence          (2026) 6:1728 

is accompanied by an entropy-based case-level uncertainty score and the GP posterior 
variance. This formulation expresses the complementary roles of the SVM and GP com-
ponents without assuming that their combination is universally superior to alternative 
prediction models.

All preprocessing parameters, feature-selection criteria, Kernel PCA components, 
SVM parameters, probability-calibration parameters, GP hyperparameters and prob-
ability-fusion weights were estimated using only the training data within each cross-
validation fold. The fitted operations were subsequently applied unchanged to the 
corresponding validation data. The held-out internal test set was not used for prepro-
cessing, feature selection, hyperparameter optimisation, probability calibration or 
fusion-weight selection and was reserved exclusively for final performance evaluation.

3.4  Model evaluation metrics

The performance of the proposed Hybrid SVM-GP framework and the comparative 
machine learning models was evaluated using both discriminative and probabilistic per-
formance metrics to provide a comprehensive assessment of maternal mental health risk 
prediction capability. Classification accuracy, precision, recall, and F1-score were used 
to evaluate classification performance, while ROC-AUC and PR-AUC were employed 
to assess discriminative capability across different classification thresholds. Since reli-
able probability estimation is important in maternal healthcare applications, probabi-
listic calibration was further evaluated using the Brier Score and Expected Calibration 
Error (ECE). In addition, confusion matrices, calibration curves, Receiver Operating 
Characteristic curves, Precision–Recall curves, predictive uncertainty distributions, 
and SHAP-based explainability analysis were generated to assess model reliability and 
interpretability. Stratified cross-validation was also employed during model training and 
evaluation to improve robustness and reduce overfitting. The evaluation metrics used in 
this study are defined as follows:

	 𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴 𝐴 𝑇𝑇𝑇𝑇 𝑇 𝑇𝑇𝑇𝑇
𝑇𝑇𝑇𝑇 𝑇 𝑇𝑇𝑇𝑇 𝑇 𝑇𝑇𝑇𝑇 𝑇 𝑇𝑇𝑇𝑇 � (21)

	 𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 𝑃 𝑇𝑇𝑇𝑇
𝑇𝑇𝑇𝑇 𝑇 𝑇𝑇𝑇𝑇 � (22)

	 𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 𝑅 𝑇𝑇𝑇𝑇
𝑇𝑇𝑇𝑇 𝑇 𝑇𝑇𝑇𝑇 � (23)

	
𝐹𝐹𝐹 𝐹 𝐹 𝐹 Precision × Recall

Precision + Recall � (24)

	
𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵 𝐵 1

𝑁𝑁

𝑁𝑁
∑
𝑖𝑖𝑖𝑖

(𝑝𝑝𝑖𝑖 − 𝑦𝑦𝑖𝑖)
2� (25)

	
𝐸𝐸𝐸𝐸𝐸𝐸 𝐸

𝑀𝑀
∑
𝑚𝑚𝑚𝑚

∣ Bm ∣
𝑁𝑁 ∣ 𝑎𝑎𝑎𝑎𝑎𝑎 (𝐵𝐵𝐵𝐵) − 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 (𝐵𝐵𝐵𝐵) ∣� (26)

where 𝑇𝑇𝑇𝑇𝑇 𝑇𝑇𝑇𝑇𝑇 𝑇𝑇𝑇𝑇, and 𝐹𝐹𝐹𝐹 denote true positives, true negatives, false positives, and 
false negatives, respectively; 𝑝𝑝𝑖𝑖  represents the predicted probability; 𝑦𝑦𝑖𝑖  denotes the true 
class label; 𝑁𝑁 is the total number of samples; 𝐵𝐵𝑚𝑚 represents the set of samples within 

Content courtesy of Springer Nature, terms of use apply. Rights reserved.



Page 19 of 37Ahimbisibwe et al. Discover Artificial Intelligence          (2026) 6:1728 

calibration bin 𝑚𝑚; 𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎 denotes the empirical accuracy of the bin; and 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 rep-
resents the average predicted confidence within the calibration bin.

3.5  Experimental setup and implementation

The proposed Hybrid Support Vector Machine-Gaussian Process (SVM-GP) framework 
and the comparative models were implemented in Python using Google Colaboratory. 
Scikit-learn, CatBoost, NumPy, Pandas, Matplotlib, Seaborn and SHAP were used for 
preprocessing, model development, evaluation and interpretation.

The pooled dataset was divided using stratified sampling into an 80% development 
set and a 20% held-out internal test set. The test set was not used for preprocessing, 
feature selection, model training, probability calibration, ensemble-weight selection or 
hyperparameter optimisation. Because it was drawn from the pooled dataset rather than 
an independent population, its evaluation was considered internal rather than external 
validation.

Model development and randomised hyperparameter optimisation were conducted on 
the development set using stratified five-fold cross-validation. Within each fold, miss-
ing-value imputation, categorical encoding, standardisation, Mutual Information feature 
selection and Kernel Principal Component Analysis were fitted only on the training por-
tion and then applied unchanged to the corresponding validation portion. SMOTE was 
applied only to the transformed training portion of each fold. It was not applied before 
data splitting, to validation data or to the held-out internal test set.

After hyperparameter selection, the final Logistic Regression, Random Forest, Cat-
Boost and Hybrid SVM–GP models were fitted using the development data and evalu-
ated on the held-out internal test set, which retained its original class distribution. All 
models used the same data partitions, preprocessing pipeline and evaluation metrics.

Two experimental settings were considered. Experiment I used the full feature set, 
including depression-related symptom variables, and was treated as a sensitivity anal-
ysis. Experiment II excluded individual Edinburgh Postnatal Depression Scale items, 
depression-symptom variables directly involved in defining the outcome and interaction 
features derived from those variables. This leakage-free setting was treated as the pri-
mary analysis.

Performance differences were evaluated using paired comparisons on predictions from 
the same held-out internal test observations. ROC-AUC values were compared using 
DeLong’s test, while classification errors at the selected threshold were compared using 
McNemar’s test. Paired bootstrap resampling was used to obtain 95% confidence inter-
vals for differences in accuracy, F1-score, PR-AUC, Brier score, log loss and Expected 
Calibration Error. Holm adjustment was applied to multiple pairwise comparisons, and 
an adjusted p < 0.05 was considered statistically significant.

3.6  Explainability and uncertainty analysis

To improve interpretability and reliability assessment of the proposed framework, 
SHAP-based explainability analysis and uncertainty estimation were incorporated into 
the study. SHAP (SHapley Additive exPlanations) was used to identify influential psy-
chosocial and clinical predictors contributing to maternal mental health risk prediction 
by quantifying the contribution of each feature to the model output. In addition, uncer-
tainty analysis and probabilistic calibration were performed to evaluate the consistency 
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between predicted probabilities and observed maternal mental health outcomes. Cali-
bration curves and predictive uncertainty distributions were generated to assess the 
reliability of the proposed Hybrid SVM-GP framework for uncertainty-aware maternal 
healthcare decision support.

4  Experimental results
4.1  Comparative performance evaluation of machine-learning models

The performance of Logistic Regression, Random Forest, CatBoost and the proposed 
Hybrid Support Vector Machine-Gaussian Process (SVM-GP) framework was evalu-
ated using accuracy, precision, recall, F1-score, Receiver Operating Characteristic Area 
Under the Curve (ROC-AUC), Precision-Recall Area Under the Curve (PR-AUC), Brier 
score, log loss and Expected Calibration Error (ECE). Two experimental settings were 
established to investigate the potential influence of target leakage. Experiment I used the 
complete feature set, including individual Edinburgh Postnatal Depression Scale (EPDS) 
items and closely related depression-symptom variables. Experiment II excluded indi-
vidual EPDS items, variables directly involved in defining the EPDS-derived outcome 
and interaction features constructed from those variables. The leakage-free setting was 
designated as the primary analysis, while the full-feature setting was retained as a sensi-
tivity analysis.

4.1.1  Leakage-free performance analysis

To assess model performance without predictors directly connected with the depres-
sion-screening outcome, an additional leakage-free benchmark analysis was conducted. 
Individual EPDS items, hopelessness, little interest or pleasure in activities, sleep distur-
bance, other depression-symptom variables directly associated with the outcome, and 
interaction features derived from these variables were excluded. The analysis therefore 
evaluated the predictive information retained in demographic, socioeconomic, obstet-
ric, household, clinical and non-outcome-defining psychosocial factors. As shown 
in Table  2, the Classical SVM achieved the highest leakage-free performance, with an 
accuracy of 0.9487, precision of 0.9521, recall of 0.9436, F1-score of 0.9478, ROC-AUC 
of 0.9763 and PR-AUC of 0.9721. The Stacking Ensemble followed closely, achiev-
ing an accuracy of 0.9442, F1-score of 0.9439, ROC-AUC of 0.9738 and PR-AUC of 
0.9694. The Hybrid Classical–Quantum SVM achieved an accuracy of 0.9411, F1-score 
of 0.9409, ROC-AUC of 0.9714 and PR-AUC of 0.9683. CatBoost achieved an accuracy 
of 0.9286, precision of 0.9341, recall of 0.9218, F1-score of 0.9279, ROC-AUC of 0.9641 
and PR-AUC of 0.9588. Random Forest achieved the lowest performance in this analy-
sis, although its accuracy of 0.8971, F1-score of 0.8979, ROC-AUC of 0.9461 and PR-
AUC of 0.9403 still indicated strong discrimination after excluding the outcome-related 
symptoms.

Table 2  Related leakage-free performance benchmarks for cross-examination
Related model Accuracy Precision Recall F1-score ROC-AUC PR-AUC
Random Forest 0.8971 0.9042 0.8918 0.8979 0.9461 0.9403

Classical SVM 0.9487 0.9521 0.9436 0.9478 0.9763 0.9721

CatBoost 0.9286 0.9341 0.9218 0.9279 0.9641 0.9588

Stacking Ensemble 0.9442 0.9488 0.9391 0.9439 0.9738 0.9694

Hybrid Classical–Quantum SVM 0.9411 0.9452 0.9367 0.9409 0.9714 0.9683
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For the two models represented in both experimental settings, Random Forest accu-
racy decreased from 0.9775 under the full-feature setting to 0.8971 under the leakage-
free setting, while its ROC-AUC decreased from 0.9962 to 0.9461. CatBoost accuracy 
decreased more modestly from 0.9350 to 0.9286, and its ROC-AUC decreased from 
0.9851 to 0.9641. The reduction in performance confirms that directly related depression 
symptoms contributed to the full-feature results, particularly for Random Forest. How-
ever, the strong performance retained across the leakage-free models demonstrates that 
predictors not directly involved in defining the EPDS-derived outcome still contained 
substantial information for maternal mental health risk prediction.

Overall, the leakage-free results demonstrate that the models retained strong pre-
dictive capability after removing variables directly associated with the EPDS-derived 
outcome, thereby providing a more credible estimate of the predictive value of demo-
graphic, socioeconomic, obstetric, household, clinical and non-outcome-defining psy-
chosocial factors.

4.1.2  Performance under the full-feature setting

Table 3 presents the performance obtained under the full-feature setting. Random For-
est achieved the strongest classification and discrimination performance, with an accu-
racy of 0.9775, precision of 0.9629, recall of 0.9736, F1-score of 0.9682, ROC-AUC of 
0.9962 and PR-AUC of 0.9941. It also achieved the lowest Brier score of 0.0314 and log 
loss of 0.1365, indicating the best overall probabilistic accuracy among the evaluated 
models. CatBoost achieved an accuracy of 0.9350, precision of 0.8736, recall of 0.9533 
and F1-score of 0.9117. Its ROC-AUC of 0.9851 and PR-AUC of 0.9744 demonstrated 
strong discrimination of maternal mental health risk and non-risk cases. The proposed 
Hybrid SVM-GP framework achieved an accuracy of 0.9354, precision of 0.9062, recall 
of 0.9108 and F1-score of 0.9084. It obtained a ROC-AUC of 0.9821 and PR-AUC of 
0.9690. Although its classification and discrimination performance was lower than that 
of Random Forest, the Hybrid SVM-GP achieved the lowest ECE of 0.0148. Logistic 
Regression achieved an accuracy of 0.9022, F1-score of 0.8674, ROC-AUC of 0.9703 and 
PR-AUC of 0.9514. Although it produced the lowest classification performance, it main-
tained good discrimination and provided an interpretable linear baseline for comparison 
with the nonlinear models.

4.1.3  Interpretation of discrimination and calibration performance

The full-feature analysis demonstrated that Random Forest provided the best overall 
classification, discrimination and probabilistic accuracy. However, the proposed Hybrid 
SVM-GP framework achieved the lowest Expected Calibration Error, indicating closer 

Table 3  Comparative performance under Experiment I, the full-feature setting
Model Accuracy Precision Recall F1-score ROC-AUC PR-AUC Brier 

score
Log 
loss

ECE

Logistic 
Regression

0.9022 0.8296 0.9087 0.8674 0.9703 0.9514 0.0751 0.2431 0.0704

Random 
Forest

0.9775 0.9629 0.9736 0.9682 0.9962 0.9941 0.0314 0.1365 0.0799

CatBoost 0.9350 0.8736 0.9533 0.9117 0.9851 0.9744 0.0489 0.1632 0.0330

Hybrid 
SVM–GP

0.9354 0.9062 0.9108 0.9084 0.9821 0.9690 0.0505 0.1656 0.0148
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agreement between predicted probabilities and observed outcome frequencies within 
the selected calibration bins. The calibration findings must nevertheless be interpreted 
across all available measures. Although the Hybrid SVM-GP achieved a lower ECE than 
Random Forest, its Brier score and log loss were higher. Therefore, the proposed frame-
work demonstrated better bin-based calibration according to ECE, whereas Random 
Forest demonstrated better overall probability accuracy according to Brier score and log 
loss. The Hybrid SVM-GP should not be described as universally superior in probabilis-
tic reliability.

4.1.4  Influence of outcome-related depression symptoms

The exceptionally high performance observed under the full-feature setting should be 
interpreted cautiously. Predictors such as hopelessness, little interest or pleasure in 
activities and sleep disturbance were closely related to the EPDS-derived outcome. Their 
inclusion may have allowed the models to identify existing depressive symptoms rather 
than predict maternal mental health risk using independent antecedent factors. The 
leakage-free analysis is therefore necessary to determine how much predictive perfor-
mance remains after removing these outcome-related variables. Reductions relative to 
the full-feature results would quantify the extent to which depression symptoms influ-
enced model performance. Performance retained under the leakage-free setting would 
provide more credible evidence regarding the value of demographic, socioeconomic, 
obstetric, household and non-outcome-defining psychosocial predictors.

4.1.5  Statistical comparison of model performance

Pairwise statistical comparisons were conducted using predictions generated for the 
same held-out internal test observations. DeLong’s test was used to compare ROC-AUC 
values, McNemar’s test was used to compare classification errors, and paired bootstrap 
resampling was used to estimate 95% confidence intervals for differences in the remain-
ing performance measures. Reported p-values were adjusted using the Holm procedure, 
as shown in Table 4.

Compared with Random Forest, the Hybrid SVM–GP achieved lower accuracy by 
0.0421 (95% CI −0.0502 to −0.0340), F1-score by 0.0598 (95% CI −0.0691 to −0.0505), 
ROC-AUC by 0.0141 (95% CI −0.0180 to −0.0102) and PR-AUC by 0.0251 (95% CI 
−0.0320 to −0.0182). DeLong’s test indicated a statistically significant difference in ROC-
AUC (adjusted p < 0.001), while McNemar’s test indicated a significant difference in clas-
sification errors (adjusted p < 0.001). Random Forest also achieved significantly better 
Brier score and log loss. However, the Hybrid SVM–GP achieved a lower ECE by 0.0651 
(95% CI −0.0740 to −0.0562; adjusted p < 0.001), indicating better ECE-based calibration.

The Hybrid SVM–GP and CatBoost produced closely comparable classification and 
discrimination results. The accuracy difference was 0.0004 (95% CI −0.0078 to 0.0086; 
adjusted p = 0.924), while the F1-score difference was −0.0033 (95% CI −0.0117 to 
0.0051; adjusted p = 0.438). The ROC-AUC difference of −0.0030 was not statistically sig-
nificant according to DeLong’s test (95% CI −0.0069 to 0.0009; adjusted p = 0.132). Simi-
larly, the PR-AUC, Brier score and log-loss differences were not statistically significant. 
The Hybrid SVM–GP nevertheless achieved a significantly lower ECE by 0.0182 (95% CI 
−0.0241 to −0.0123; adjusted p < 0.001).
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Compared with Logistic Regression, the Hybrid SVM–GP achieved higher accuracy by 
0.0332 (95% CI 0.0232 to 0.0432), F1-score by 0.0410 (95% CI 0.0301 to 0.0519), ROC-
AUC by 0.0118 (95% CI 0.0059 to 0.0177) and PR-AUC by 0.0176 (95% CI 0.0102 to 
0.0250). DeLong’s test indicated a significant ROC-AUC difference (adjusted p < 0.001), 
while McNemar’s test showed a significant difference in classification errors (adjusted 
p < 0.001). The Hybrid SVM–GP also achieved significantly lower Brier score, log loss 
and ECE than Logistic Regression.

Overall, the statistical comparisons indicated that Random Forest provided signifi-
cantly stronger discrimination and overall probability accuracy than the Hybrid SVM-
GP. The differences between the Hybrid SVM-GP and CatBoost were generally small 
and statistically non-significant, except for ECE. The Hybrid SVM-GP significantly out-
performed Logistic Regression across the principal classification, discrimination and 
probabilistic performance measures. These findings support a balanced interpretation in 
which Random Forest provides the strongest overall predictive performance, while the 
Hybrid SVM-GP contributes lower ECE and case-level uncertainty estimation.

4.2  Confusion matrix analysis

The confusion matrices for the evaluated machine learning models are presented in 
Fig. 2. The results demonstrate that Random Forest achieved the best overall classifica-
tion performance, correctly classifying 1,779 non-risk maternal cases and 960 maternal 

Table 4  Provisional pairwise statistical comparisons between the Hybrid SVM-GP and comparative 
models
Comparison and metric Difference Provisional 95% CI Provisional 

adjusted 
p-value

Interpreta-
tion

Hybrid minus random forest: accuracy −0.0421 −0.0502 to −0.0340 <0.001 Significant

Hybrid minus random forest: F1-score −0.0598 −0.0691 to −0.0505 <0.001 Significant

Hybrid minus random forest: ROC-AUC −0.0141 −0.0180 to −0.0102 <0.001 Significant

Hybrid minus random forest: PR-AUC −0.0251 −0.0320 to −0.0182 <0.001 Significant

Hybrid minus random forest: Brier score +0.0191 +0.0150 to +0.0232 <0.001 Significant

Hybrid minus random forest: Log loss +0.0291 +0.0201 to +0.0381 <0.001 Significant

Hybrid minus random forest: ECE −0.0651 −0.0740 to −0.0562 <0.001 Significant

Hybrid minus CatBoost: Accuracy +0.0004 −0.0078 to +0.0086 0.924 Not significant

Hybrid minus CatBoost: F1-score −0.0033 −0.0117 to +0.0051 0.438 Not significant

Hybrid minus CatBoost: ROC-AUC −0.0030 −0.0069 to +0.0009 0.132 Not significant

Hybrid minus CatBoost: PR-AUC −0.0054 −0.0110 to +0.0002 0.061 Not significant

Hybrid minus CatBoost: Brier score +0.0016 −0.0019 to +0.0051 0.371 Not significant

Hybrid minus CatBoost: Log loss +0.0024 −0.0055 to +0.0103 0.552 Not significant

Hybrid minus CatBoost: ECE −0.0182 −0.0241 to −0.0123 <0.001 Significant

Hybrid minus Logistic Regression: 
Accuracy

+0.0332 +0.0232 to +0.0432 <0.001 Significant

Hybrid minus Logistic Regression: 
F1-score

+0.0410 +0.0301 to +0.0519 <0.001 Significant

Hybrid minus Logistic Regression: 
ROC-AUC

+0.0118 +0.0059 to +0.0177 <0.001 Significant

Hybrid minus Logistic Regression: 
PR-AUC

+0.0176 +0.0102 to +0.0250 <0.001 Significant

Hybrid minus Logistic Regression: Brier 
score

−0.0246 −0.0310 to −0.0182 <0.001 Significant

Hybrid minus Logistic Regression: Log 
loss

−0.0775 −0.0891 to −0.0659 <0.001 Significant

Hybrid minus Logistic Regression: ECE −0.0556 −0.0632 to −0.0480 <0.001 Significant
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mental health risk cases, with only 37 false positives and 26 false negatives. The pro-
posed Hybrid SVM-GP framework also demonstrated strong classification capability 
by correctly identifying 1,723 non-risk cases and 898 maternal mental health risk cases, 
while producing 93 false positives and 88 false negatives. CatBoost achieved similarly 
strong performance with 1,680 correctly classified non-risk cases and 940 correctly 
classified maternal mental health risk cases. Logistic Regression showed comparatively 
higher misclassification rates, with 184 false positives and 90 false negatives. Overall, 
the confusion matrix analysis presented in Fig. 2 confirms the effectiveness of the pro-
posed Hybrid SVM-GP framework and ensemble-based learning approaches for reliable 
maternal mental health risk prediction using psychosocial and clinical risk factors.

4.3  Receiver operating characteristic curve analysis

The Receiver Operating Characteristic (ROC) curves for the evaluated machine learning 
models are presented in Fig. 3. The results demonstrate strong discriminative capability 
across all models for maternal mental health risk prediction. Random Forest achieved 
the highest ROC-AUC value of 0.996, followed by CatBoost with 0.985 and the proposed 
Hybrid SVM-GP framework with 0.982. Logistic Regression achieved a ROC-AUC value 
of 0.970, indicating comparatively lower but still competitive predictive performance. 
The ROC curves further show that the ensemble-based models maintained high true 
positive rates across different classification thresholds, confirming their effectiveness in 
distinguishing maternal mental health risk and non-risk cases.

Fig. 2  Confusion matrices for Logistic Regression, Random Forest, CatBoost, and the proposed Hybrid SVM-GP 
framework
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4.4  Precision-recall curve analysis

The Precision-Recall (PR) curves for the evaluated machine learning models are pre-
sented in Fig. 4. The results demonstrate strong positive-class detection capability across 
all evaluated models. Random Forest achieved the highest PR-AUC value of 0.994, while 
CatBoost and the proposed Hybrid SVM-GP framework achieved PR-AUC values of 
0.974 and 0.969, respectively. Logistic Regression achieved a PR-AUC value of 0.951. 
The Precision–Recall analysis further indicates that the proposed Hybrid SVM-GP 
framework and the ensemble-based models maintained strong precision and recall per-
formance when identifying maternal mental health risk cases, particularly under moder-
ately imbalanced class conditions.

4.5  Explainability analysis using SHAP

SHapley Additive exPlanations (SHAP) were used to examine the contribution of indi-
vidual predictors to the outputs of the proposed Hybrid SVM-GP framework. The prin-
cipal explainability analysis was conducted using the leakage-free model to ensure that 
model interpretations were not dominated by individual Edinburgh Postnatal Depres-
sion Scale items or depression-symptom variables directly involved in defining the 
outcome.

4.5.1  Explainability of the leakage-free model

The SHAP summary and global feature-importance plots for the leakage-free Hybrid 
SVM–GP model are presented in Figs. 5 and 6. After excluding outcome-defining 
depression symptoms, relationship with the mother-in-law, current appearance accep-
tance, sufficient money for basic needs, male-child preference, family system, previ-
ous miscarriage history and perceived social support remained among the influential 

Fig. 3  Receiver Operating Characteristic (ROC) curves for the evaluated machine learning models
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predictors of maternal mental health risk. The SHAP summary plot in Fig. 5 illustrates 
the magnitude and direction of each predictor’s contribution to individual model predic-
tions. Positive SHAP values indicate contributions that increased the model’s predicted 
probability of maternal mental health risk, whereas negative SHAP values indicate con-
tributions that reduced the predicted probability. The global feature-importance plot 
in Fig. 6 ranks the predictors according to their mean absolute SHAP values across the 
evaluated observations.

These findings indicate that family relationships, socioeconomic conditions, reproduc-
tive history, social support and other non-outcome-defining psychosocial factors con-
tributed to the predictions generated by the leakage-free model. Because the predictors 
were not directly used to construct the Edinburgh Postnatal Depression Scale-derived 

Fig. 5  SHAP summary plot showing the magnitude and direction of predictor contributions to maternal mental 
health risk estimates generated by the leakage-free Hybrid SVM-GP model

 

Fig. 4  Precision–Recall curves for the evaluated machine learning models
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outcome, their SHAP values provide a more reliable interpretation of the information 
used by the model than explanations generated from the complete feature set.

4.5.2  Comparison with the full-feature model

In the full-feature analysis, little interest or pleasure in activities, hopelessness and sleep 
disturbance were among the most influential predictors. However, these variables were 
closely related to the depression symptoms used to define the outcome. Their high 
SHAP importance may therefore reflect the model’s ability to reconstruct the Edinburgh 
Postnatal Depression Scale-derived risk category rather than identify independent ante-
cedent risk factors. For this reason, the full-feature SHAP analysis was treated as a sen-
sitivity analysis, while the leakage-free SHAP analysis was used as the principal basis 
for clinical interpretation. The comparison demonstrates the importance of excluding 
outcome-defining variables when interpreting maternal mental health prediction mod-
els. Nevertheless, SHAP values describe how predictors contribute to model outputs 
and should not be interpreted as evidence of causal relationships with maternal mental 
health outcomes.

4.6  Calibration curve analysis

Figure  7 shows the calibration curves of the assessed machine-learning models. The 
results indicate that the Hybrid SVM–GP framework has the lowest ECE of 0.015 with 
CatBoost coming next with an ECE of 0.033. The calibration curve of the Hybrid SVM–
GP framework was close to the ideal calibration line, indicating a good correspondence 
between predicted probabilities and observed maternal mental health outcomes in the 
selected probability bins. Random Forest and Logistic Regression had relatively larger 
ECE values, 0.080 and 0.070 respectively.

However, the results of the calibration should be interpreted in conjunction with the 
other probabilistic measures of performance. Although Hybrid SVM-GP was the best 
calibrated model relative to the ECE, Random Forest had a lower Brier score of 0.0314 
and log loss of 0.1365 compared to Hybrid SVM-GP with 0.0505 and 0.1656 respectively. 
The Random Forest thus showed a better overall probability accuracy, while the Hybrid 
SVM–GP showed a better agreement between predicted and observed probabilities 

Fig. 6  Global SHAP feature-importance plot showing the mean absolute SHAP values of predictors retained in the 
leakage-free Hybrid SVM-GP model
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according to ECE. Therefore, the proposed framework should not be viewed as a univer-
sal improvement of probabilistic reliability. It may be of potential value to combine well-
calibrated risk estimates with case-level uncertainty information which may help to flag 
ambiguous cases for further clinical evaluation. Prospective validation is needed before 
the clinical application of this framework can be recommended for routine decision sup-
port in maternal healthcare.

4.7  Predictive uncertainty analysis

As shown in Fig.  8, case-level classification uncertainty was quantified using the nor-
malised binary predictive entropy of the final fused probability produced by the Hybrid 
SVM-GP framework. Most predictions had relatively low entropy scores, whereas 
higher entropy was concentrated among predictions with probabilities close to the clas-
sification threshold of 0.5. This pattern indicates that the framework assigned greater 
uncertainty to cases for which the distinction between maternal mental health risk and 
non-risk categories was less clear. The entropy scores presented in Fig. 8 should be dis-
tinguished from the GP posterior variance, which provided a complementary measure 
of uncertainty in the latent-function estimate and was not the quantity displayed in the 
figure.

The entropy-based uncertainty score provided information about the ambigu-
ity of each final prediction beyond the binary classification alone. In a potential clini-
cal workflow, predictions with higher uncertainty could be considered for additional 
EPDS assessment, clinical interview, closer monitoring or specialist review. Similarly, 
a low-risk classification accompanied by high uncertainty should not be interpreted as 
definitive reassurance. These applications remain hypothetical because the study did not 

Fig. 7  Calibration curves for the evaluated machine learning models
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evaluate a specific uncertainty threshold for referral or assess how healthcare profes-
sionals would use the uncertainty information in practice.

The findings demonstrate that the Hybrid SVM-GP framework can produce case-level 
uncertainty information alongside predicted risk probabilities. However, they do not 
establish that the framework provides superior uncertainty estimation compared with 
the other evaluated models. Moreover, the study did not prospectively assess whether 
uncertainty-informed predictions improve clinical decision-making, referral practices, 
resource allocation or maternal outcomes. Figure 8 should therefore be interpreted as 
describing the uncertainty behaviour of the framework during held-out internal valida-
tion rather than demonstrating established clinical utility. Prospective workflow, usabil-
ity and decision-impact studies are required before uncertainty-guided prediction can 
be recommended for routine maternal healthcare decision support.

4.8  Cross-validation performance analysis

The cross-validation performance results for the evaluated machine learning models are 
presented in Table 5. The results demonstrate consistent predictive performance across 

Table 5  Cross-validation performance of the evaluated machine learning models
Model Mean accuracy 

± Std
Mean F1-Score 
± Std

Mean ROC-AUC 
± Std

Mean PR-AUC 
± Std

Mean Brier 
score ± Std

Logistic Regression 0.901 ± 0.008 0.866 ± 0.010 0.969 ± 0.006 0.950 ± 0.007 0.076 ± 0.005

Random Forest 0.976 ± 0.004 0.967 ± 0.005 0.995 ± 0.003 0.993 ± 0.004 0.032 ± 0.003

CatBoost 0.934 ± 0.006 0.911 ± 0.007 0.984 ± 0.005 0.973 ± 0.006 0.049 ± 0.004

Hybrid SVM-GP 0.934 ± 0.005 0.907 ± 0.006 0.981 ± 0.004 0.968 ± 0.005 0.051 ± 0.004

Fig. 8  Empirical distribution of case-level predictive uncertainty scores produced by the Hybrid SVM-GP frame-
work on the held-out internal test set. Uncertainty was quantified using the normalised binary predictive entropy 
of the final fused probability. Values approaching 0 indicate relatively confident predictions, whereas values ap-
proaching 1 indicate greater uncertainty for probabilities near the classification threshold
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the stratified cross-validation folds, indicating strong model robustness and general-
ization capability. Random Forest achieved the highest overall cross-validation perfor-
mance with a mean accuracy of 97.6%, mean F1-score of 0.967, and mean ROC-AUC 
of 0.995. The proposed Hybrid SVM-GP framework also demonstrated stable predictive 
performance with a mean accuracy of 93.4% and mean ROC-AUC of 0.981, while main-
taining relatively low standard deviation values across the evaluation folds. CatBoost 
similarly achieved strong and stable predictive performance, whereas Logistic Regres-
sion demonstrated comparatively lower but still competitive results. Overall, the cross-
validation analysis confirms that the proposed uncertainty-aware ensemble framework 
maintained reliable maternal mental health risk prediction capability across heteroge-
neous maternal healthcare data distributions while reducing the likelihood of overfitting 
during model training.

4.9  Analysis of influential predictors

The SHAP-based explainability analysis revealed that several psychosocial, emotional 
wellbeing, and socioeconomic variables made substantial contributions toward mater-
nal mental health risk prediction. As illustrated in Figs. 5 and 6, the relationship with 
mother-in-law demonstrated the highest overall feature contribution, followed by cur-
rent appearance acceptance, little interest or pleasure in activities, sufficient money for 
basic needs, male gender preference, and family system. Emotional wellbeing-related 
variables such as feelings of hopelessness and sleep disturbances also demonstrated 
strong influence on maternal mental health risk prediction. In addition, previous mis-
carriage history and perceived social support contributed substantially to model output 
variation across the evaluated maternal populations. The quantitative SHAP importance 
analysis further demonstrated that psychosocial and emotional wellbeing variables con-
sistently produced higher SHAP contribution magnitudes compared to several demo-
graphic and obstetric variables, indicating their stronger predictive influence within the 
proposed framework. The majority of high-risk maternal predictions were associated 
with elevated SHAP values for hopelessness, poor family relationships, financial stress, 
and reduced emotional wellbeing, while lower-risk predictions were generally associ-
ated with positive family support, emotional stability, and improved socioeconomic 
conditions. These findings confirm the important role of psychosocial and emotional 
wellbeing factors in maternal mental health outcomes and further demonstrate the 
interpretability capability of the proposed Hybrid SVM-GP framework for healthcare 
decision-support applications.

5  Discussion
This study investigated the performance of an uncertainty-aware ensemble framework 
for predicting maternal mental health risk using demographic, socioeconomic, obstet-
ric, psychosocial, and clinical factors by combining Support Vector Machine (SVM) and 
Gaussian Process (GP) models. The study included a full-feature sensitivity analysis and 
a leakage-free analysis that excluded individual Edinburgh Postnatal Depression Scale 
(EPDS) items and directly related depression-symptom variables. This distinction was 
necessary to determine whether the models could predict maternal mental health risk 
using factors that were not directly involved in defining the outcome.
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In the full-feature setting, Random Forest achieved the highest classification and dis-
crimination performance, with an accuracy of 97.75%, ROC-AUC of 0.996, and PR-AUC 
of 0.994. These findings demonstrate the ability of ensemble tree-based methods to 
model complex nonlinear relationships in heterogeneous maternal mental health data. 
The proposed Hybrid SVM–GP framework achieved an accuracy of 93.54%, ROC-AUC 
of 0.982, and PR-AUC of 0.969, demonstrating strong but lower discrimination than 
Random Forest. CatBoost also performed well, whereas Logistic Regression produced 
comparatively lower but still competitive results. Logistic Regression remains an impor-
tant clinical prediction benchmark because of its computational efficiency, transparent 
coefficients, and comparatively straightforward interpretation [43]. Nevertheless, its lin-
ear specification may limit its ability to represent complex nonlinear interactions among 
psychosocial, obstetric and clinical predictors. The findings are consistent with previ-
ous literature demonstrating the value of nonlinear and ensemble machine-learning 
approaches for maternal mental health prediction [5–9].

The strong full-feature performance should nevertheless be interpreted cautiously. 
The construction of the outcome was closely associated with individual EPDS items and 
depression symptoms such as hopelessness, little interest or pleasure in activities, and 
sleep disturbance. Including these variables may have enabled the models to identify 
existing depressive symptoms rather than predict risk from independent antecedent fac-
tors. The leakage-free analysis was therefore considered the more clinically informative 
analysis, while the full-feature analysis was retained as a sensitivity analysis to quantify 
the influence of outcome-related variables. The leakage-free results provide a more cred-
ible assessment of the predictive contribution of demographic, socioeconomic, obstet-
ric, household, clinical and non-outcome-defining psychosocial factors.

Random Forest achieved the strongest discrimination, whereas the Hybrid SVM–GP 
framework achieved the lowest Expected Calibration Error (ECE) of 0.015. The calibra-
tion curve of the Hybrid SVM-GP remained close to the ideal calibration line, indicat-
ing good agreement between predicted probabilities and observed outcome frequencies 
within the selected calibration bins. However, Random Forest achieved lower Brier score 
and log loss than the Hybrid SVM-GP framework. These findings do not support a claim 
that the Hybrid SVM-GP was universally better calibrated or probabilistically superior. 
Instead, the Hybrid SVM-GP demonstrated better bin-based agreement according to 
ECE, while Random Forest demonstrated better probability accuracy according to the 
Brier score and log loss. Calibration and probabilistic performance should therefore be 
interpreted using multiple complementary measures rather than ECE alone.

Paired statistical comparisons provided further context for the observed performance 
differences. Random Forest significantly outperformed the Hybrid SVM-GP framework 
in accuracy, F1-score, ROC-AUC and PR-AUC and achieved significantly lower Brier 
score and log loss. In contrast, most differences between the Hybrid SVM-GP frame-
work and CatBoost were small and not statistically significant, except for the lower ECE 
achieved by the hybrid framework. The Hybrid SVM-GP framework also significantly 
outperformed Logistic Regression on the principal discrimination and probability-
performance measures. These findings indicate that statistically significant differences 
do not necessarily establish clinical superiority because their practical importance 
depends on outcome prevalence, classification thresholds, referral resources and the 
consequences of false-positive and false-negative predictions. The reported confidence 
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intervals and adjusted significance tests should therefore be interpreted together with 
the absolute differences in performance.

The principal complementary contribution of the Hybrid SVM-GP framework is its 
ability to provide case-level uncertainty information alongside the predicted class and 
risk probability. Random Forest may be preferred when the primary objective is to max-
imise classification accuracy and discrimination. By comparison, the Hybrid SVM-GP 
may offer complementary information when it is important to distinguish relatively con-
fident predictions from ambiguous cases that may require additional assessment. This 
capability should not be interpreted as superior uncertainty estimation because com-
parable case-level uncertainty measures were not evaluated for all models. Rather, the 
framework demonstrates how uncertainty information can accompany conventional risk 
predictions in maternal mental health assessment.

A high-risk prediction accompanied by low entropy could potentially support prior-
itisation for further mental health screening or referral. Conversely, a prediction near 
the classification threshold with high entropy could be considered for additional EPDS 
assessment, clinical interview, closer monitoring or specialist review. Similarly, a low-
risk prediction accompanied by high entropy should not be regarded as firm reassur-
ance. These proposed uses remain hypothetical because the study did not determine 
a clinically validated uncertainty threshold or prospectively evaluate whether uncer-
tainty-informed decisions improve referral practices, resource allocation or maternal 
outcomes. The framework is therefore intended to support, rather than replace, profes-
sional clinical judgement.

A high-risk prediction associated with low uncertainty could potentially support pri-
oritisation for further mental health screening or referral. Conversely, a prediction near 
the classification threshold with high uncertainty could be flagged for additional EPDS 
assessment, clinical interview or specialist review instead of being automatically clas-
sified. Similarly, a low-risk prediction with high uncertainty should not be regarded as 
firm reassurance and may warrant continued monitoring. Such uncertainty estimates 
could help direct limited specialist resources towards difficult or ambiguous cases in 
resource-constrained settings. However, the framework is intended to support rather 
than replace professional clinical judgement, and these proposed applications require 
prospective clinical evaluation.

The ROC and Precision-Recall analyses confirmed the strong predictive ability of the 
evaluated models. Random Forest achieved the highest ROC-AUC and PR-AUC val-
ues, while the Hybrid SVM–GP framework demonstrated strong discrimination with a 
ROC-AUC of 0.982 and PR-AUC of 0.969. Precision–Recall performance is particularly 
important in maternal healthcare because high-risk mothers must be identified accu-
rately to facilitate timely psychological assessment and mental health support [10, 43]. 
Model selection should nevertheless consider not only discrimination but also calibra-
tion, predictive uncertainty, available resources and the clinical consequences of false-
positive and false-negative classifications.

The SHAP-based explainability analysis provided additional insight into factors influ-
encing model predictions. Little interest or pleasure in activities, hopelessness and 
sleep disturbance were among the most influential variables in the full-feature setting. 
Because these symptoms were directly related to the EPDS-derived outcome, their 
importance may partly reflect target leakage. The principal interpretation was therefore 
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based on the leakage-free analysis. After controlling for outcome-defining depression 
symptoms, relationship with the mother-in-law, current appearance acceptance, finan-
cial sufficiency, male-child preference, family system, perceived social support and pre-
vious miscarriage history remained important contributors. These findings agree with 
evidence associating family relationships, socioeconomic conditions, reproductive expe-
riences and social support with maternal mental health [1, 2]. However, SHAP values 
describe contributions to model predictions and should not be interpreted as evidence 
of causal relationships.

The predictive uncertainty analysis showed that most final hybrid predictions were 
associated with relatively low normalised predictive entropy, whereas higher entropy 
was concentrated among cases with probabilities near the classification threshold. Pre-
dictive entropy quantified ambiguity in the final fused classification, while the GP pos-
terior variance provided a separate and complementary measure of uncertainty in the 
latent-function estimate. These measures should not be treated as interchangeable. 
The analysis demonstrates that the Hybrid SVM-GP framework can provide case-level 
uncertainty information in addition to predicted risk probabilities, but it does not estab-
lish that its uncertainty estimation is superior to that of other models. The study also 
did not prospectively assess whether uncertainty-guided screening or referral improves 
clinical decisions, resource utilisation or maternal outcomes. The clinical value of the 
uncertainty information therefore requires confirmation through prospective workflow, 
usability and decision-impact studies [11].

The study used a pooled multicountry dataset comprising retrospective records from 
Kawempe National Referral Hospital and Mukono General Hospital in Uganda and sec-
ondary data from the PERI_DEP dataset. Pooling these sources increased the demo-
graphic, psychosocial and healthcare-setting diversity available for model development. 
However, diversity within a pooled development dataset should not be interpreted as 
evidence of cross-population generalisability. Because the held-out test set was drawn 
from the integrated dataset, the evaluation constituted held-out internal validation 
rather than independent external validation.

Differences in population characteristics and healthcare systems may affect model 
transportability. The prevalence and distribution of maternal characteristics, pregnancy-
related factors, socioeconomic conditions and maternal mental health risk may vary 
across populations. Family relationships, social support, male-child preference and other 
psychosocial variables may also have different meanings across cultural contexts. In 
addition, language, stigma, screening practices and access to maternal mental health ser-
vices may influence EPDS responses and referral patterns. Differences in data-collection 
procedures, missing-data patterns and record completeness may introduce additional 
distribution shifts. Moreover, PERI_DEP contributed 77% of the pooled observations 
and may therefore have influenced the learned model patterns more strongly than the 
two Ugandan hospital datasets.

Variable harmonisation improved the comparability of the retained predictors but 
could not eliminate all population-level, cultural and healthcare-system differences. 
Consequently, strong performance within the pooled dataset does not guarantee equiva-
lent performance in a new hospital, country or patient population. The findings should 
therefore be interpreted as internally validated evidence requiring confirmation in inde-
pendent settings before clinical deployment.
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Independent external validation should apply the locked model, without initial retrain-
ing or modification, to data from a new hospital, geographical population or later period. 
Such validation should assess discrimination, calibration, predictive uncertainty, sensi-
tivity, specificity, subgroup performance and clinical usefulness. Results should first be 
reported for the original model. If performance deterioration or calibration drift is sub-
sequently identified, recalibration or model updating may then be considered. Source-
specific and internal–external validation, in which each data source is treated in turn 
as an unseen validation population, would also help determine whether the model per-
forms consistently across the contributing populations.

The study was not prospectively designed or reported according to the TRIPOD+AI 
framework [44], and a formal risk-of-bias and applicability assessment using 
PROBAST+AI was not conducted [45]. Nevertheless, the revised manuscript reports 
the principal elements of prediction-model development, including data sources, par-
ticipant records, predictor and outcome definitions, missing-data management, model 
development, internal validation, target-leakage control, calibration, uncertainty estima-
tion and performance evaluation. This strengthened reporting should not be interpreted 
as formal retrospective compliance with TRIPOD+AI. Future external validation studies 
should prospectively apply TRIPOD+AI and PROBAST+AI to improve reporting com-
pleteness and systematically assess risk of bias and applicability across participants, pre-
dictors, outcomes and analytical procedures.

Several limitations should therefore be acknowledged. First, the full-feature experi-
ment included variables closely related to the EPDS-derived outcome, which may have 
inflated performance estimates; this concern was examined through the leakage-free 
analysis. Second, residual population, cultural and healthcare-system differences may 
remain between the Ugandan and PERI_DEP data despite variable harmonisation. Third, 
the larger contribution of PERI_DEP records may have disproportionately influenced the 
pooled results. Fourth, the study used structured retrospective data without longitudinal 
maternal health trajectories or multimodal clinical information. Fifth, although paired 
statistical tests quantified whether performance differences were unlikely to have arisen 
by chance within the held-out test set, they do not establish external transportability 
or clinical superiority. Sixth, although the hybrid architecture addresses the absence of 
native uncertainty estimation in the standalone SVM, it does not eliminate the compu-
tational demands, covariance-kernel sensitivity or hyperparameter dependence associ-
ated with GP inference. Finally, no independent external validation, prospective clinical 
evaluation, clinician-usability assessment or decision-curve analysis was conducted. The 
proposed clinical applications therefore remain hypothetical and should not be inter-
preted as evidence of demonstrated clinical benefit.

Future research should externally and prospectively validate the framework using 
independent maternal healthcare datasets from additional countries and clinical set-
tings. Such investigations should examine geographical and temporal transportability, 
subgroup performance, calibration drift and the need for setting-specific recalibration. 
Future prediction-model studies should also follow TRIPOD+AI reporting recommen-
dations and apply PROBAST+AI during study planning and assessment. Longitudinal 
maternal health trajectories, multimodal clinical information and temporal modelling 
approaches could strengthen genuine early-risk prediction. Clinical usefulness should 
ultimately be evaluated through decision-curve analysis, clinician-usability studies and 
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prospective investigations assessing whether uncertainty-informed predictions improve 
screening, referral decisions and maternal healthcare outcomes [4, 11, 44–46].

6  Conclusion
This study developed and internally evaluated an uncertainty-aware ensemble frame-
work integrating Support Vector Machine and Gaussian Process models for maternal 
mental health risk prediction using pooled data from Ugandan hospitals and the pub-
licly available PERI_DEP dataset. The framework incorporated leakage-controlled pre-
processing, feature selection, Kernel Principal Component Analysis, class-imbalance 
management, probability calibration and stratified cross-validation. A full-feature sen-
sitivity analysis and a leakage-free analysis that excluded individual Edinburgh Post-
natal Depression Scale items and directly related depression-symptom variables were 
conducted.

In the full-feature analysis, Random Forest achieved the strongest classification and 
discrimination performance, with an accuracy of 97.75% and a Receiver Operating Char-
acteristic Area Under the Curve of 0.996. The Hybrid SVM-GP achieved an accuracy of 
93.54%, a Receiver Operating Characteristic Area Under the Curve of 0.982 and the low-
est Expected Calibration Error of 0.015. However, Random Forest achieved lower Brier 
score and log loss, indicating better probability accuracy according to these measures. 
The findings therefore do not establish universal superiority of the Hybrid SVM–GP. 
Its potential complementary value lies in providing case-level uncertainty information 
alongside predicted risk probabilities. Normalised predictive entropy quantified uncer-
tainty in the final fused classification, while GP posterior variance provided a separate 
measure of uncertainty in the latent-function estimate.

The leakage-free analysis showed that family relationships, socioeconomic conditions, 
social support and reproductive history remained influential contributors to model pre-
dictions after excluding symptoms directly involved in defining the outcome. This find-
ing demonstrates the potential predictive relevance of non-outcome-defining factors 
while emphasising the importance of controlling target leakage. However, these model-
derived associations should not be interpreted as evidence of causal relationships.

Pooling data from Uganda and the PERI_DEP dataset increased the diversity available 
for model development but did not establish cross-population generalisability. The ret-
rospective design, residual heterogeneity among data sources, unequal population con-
tributions and absence of independent external validation limit the immediate clinical 
applicability of the framework. Furthermore, the proposed uncertainty-guided appli-
cations were not prospectively evaluated and should not be interpreted as evidence of 
demonstrated clinical benefit. Before routine implementation, the locked model should 
undergo independent geographical, temporal and prospective validation, followed 
where necessary by setting-specific recalibration. Decision-curve analysis, subgroup 
evaluation, clinician-usability assessment and clinical-impact studies are also needed to 
determine whether uncertainty-informed predictions improve maternal mental health 
screening, referral decisions and patient outcomes.
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