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ABSTRACT

Postpartum depression (PPD) is a common perinatal mood disorder that often goes undetected, affecting roughly 10-15 percent of moth-
ers, with higher rates across the Middle East and Asia and about half of cases never reported. Awareness remains low in countries such
as Nepal, making early detection difficult. This study used the dataset Data for Postpartum Depression Prediction in Bangladesh (Raisa
and Kaiser 2025) to test whether supervised machine learning can sort mothers into three EPDS-based risk categories (Low, Medium,
High), and how much of that signal depends on the dataset’s own depression-screening features rather than on sociodemographic and
psychosocial variables. Four classifiers (Logistic Regression, Random Forest, XGBoost, and a Soft Voting Ensemble) were compared
using a leakage-free pipeline, repeated stratified 5-fold cross-validation, paired McNemar and DeLong significance tests, bootstrap con-
fidence intervals, and permutation/SHAP-based interpretability analysis. Under cross-validation, the Voting Ensemble and XGBoost
were statistically indistinguishable (mean accuracy 76.5% versus 77.4%, macro-average ROC-AUC 0.91-0.92 for both), both modestly
ahead of Logistic Regression and Random Forest, with no significant pairwise difference except a single class-level AUC compari-
son. Feature-importance and SHAP analysis showed that the antenatal PHQ-9 score dominates every model’s predictions; removing
all PHQ-2/PHQ-9 features cost every model 17 to 19 accuracy points (Random Forest fell from 76% to 59%), pointing to substantial
redundancy between the EPDS-based target and the PHQ-based predictors, both collected in the same interview. Mutual-information
feature selection showed that 10-30 of the 87 encoded features recover most of the full model’s performance, and SMOTE gave a
small, consistent improvement on the minority Medium class. All models separated High- and Low-risk classes well (AUC > 0.93)
but struggled with the Medium class (AUC 0.81-0.85), whose EPDS band overlaps the Low/High boundary. Gradient boosting and
a soft-voting ensemble are competitive, well-calibrated screening aids under default hyperparameters, but a meaningful share of their
accuracy reflects redundancy between two depression screens rather than novel signal from contextual risk factors, and transfer of these
results to Nepal remains a hypothesis pending local validation.

Keywords: Postpartum depression, machine learning, ensemble learning, digital health, maternal mental health, measurement circular-
ity, model interpretability

Introduction explicitly programmed for every case (Jordan and Mitchell

2015). ML is the cognitive engine of industry 4.0, whose re-
Machine learning (ML) is the branch of artificial intelligence cent growth has been driven both by new learning algorithms
(A concerned with building systems that improve their per-  and by the increasing availability of data and low-cost com-
formance on a task from data and experience, without being  putation (Jordan and Mitchell 2015; Rajbhandari et al. 2020).
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ML is usually divided into supervised, unsupervised and rein-
forcement learning; in supervised learning, the kind used in
this study, a model learns from labelled examples and is then
used either for classification, where the output is a category,
or for regression, where the output is a value (Russell and
Norvig 2021; Karki et al. 2023).

Healthcare has become one of the largest areas of ML ap-
plication, ranging from diagnosis and image segmentation to
disease-risk prediction and clinical decision support (Habehh
and Gohel 2021). It is worth asking directly why an ML ap-
proach is preferable here to a traditional statistical risk model,
such as a single multinomial logistic regression fitted with
clinical judgement about which interactions to include. The
answer is nuanced: Logistic Regression remains a strong, in-
terpretable baseline in this dataset, and under cross-validation
it is not dramatically worse than the tree-based models. The
case for the ML approaches used here is threefold: (i) Ran-
dom Forest and XGBoost can capture non-linear interactions
between risk factors without the analyst specifying those in-
teractions in advance, which matters because no single de-
mographic feature separates the risk classes well, so any sep-
arating signal likely comes from combinations of features;
(i1) tree ensembles provide a natural, model-based feature-
importance ranking, supporting this study’s aim of an inter-
pretable screening aid; and (iii) a soft-voting ensemble can
average out the distinct error patterns of structurally different
models. This is not a claim that ML is categorically superior
to statistical modelling here. Once the results are in hand,
since the conclusion turns out to be more measured than the
headline numbers alone would suggest.

The same techniques have been applied to mental health,
where models trained on patient data and behavioural infor-
mation can flag conditions such as depression. Postpartum
depression (PPD) is one condition where this kind of early,
data-driven screening could make a difference. PPD typically
emerges in the weeks after childbirth and is distinct from the
brief, milder baby blues many new mothers experience; it is
characterised by persistent low mood, anhedonia, and distur-
bances in sleep and appetite beyond what is typical for the
postpartum period, and carries real risks for maternal wellbe-
ing and child development if untreated (OHara and McCabe
2013).

The aim of this study is to predict PPD risk using the dataset
Data for Postpartum Depression Prediction in Bangladesh,
framed as a multi-class classification task. The motivation
is local: a recent mixed-methods study at a Kathmandu
maternity hospital reported a PPD prevalence of 12.24 per-
cent, linked to weak family and spousal support, difficult
physical recovery and cultural beliefs (Neupane et al. 2024).
Many women in Nepal remain unaware of PPD, so cases
are missed. By learning from sociodemographic, psychoso-
cial, pregnancy-related and newborn-related factors, an ML
model may help tell apart women at higher and lower risk
and support earlier screening, with the important caveat, that
part of that separating signal comes from a second depression-
screening instrument bundled into the same dataset, not from
contextual risk factors alone.

No single algorithm is best for every dataset. Linear models
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such as Logistic Regression are transparent and quick to train
but can miss complex interactions, while tree-based methods
such as Random Forest and boosting methods such as XG-
Boost capture non-linear patterns at some cost to interpretabil-
ity. Ensemble methods that combine multiple classifiers’
probability outputs can push performance further, though the
cross-validated results show that gain to be smaller and less
certain than a single train/test split alone would suggest. Com-
paring individual classifiers alongside a combined ensemble,
under a validation procedure that can detect whether the dif-
ferences are real, is the core of this work. The rest of the paper
reviews related work, sets out the data and methods, reports
and discusses the results, and concludes.

Literature and Related Work

Motherhood is one of the most significant transitions in a
woman’s life. It is physical, as the body recovers and changes,
but it is also psychological and social, as a woman’s sense of
self shifts toward being a mother (Hwang, Choi and An 2022).
Childbirth brings a mix of emotions, from joy to fear and anx-
iety. Many new mothers go through a short period of baby
blues, but for some the symptoms are more severe and last
longer, which is when PPD sets in (OHara and McCabe 2013).
A large share of these cases never reaches a clinician. Fewer
than half of mothers with depressive symptoms disclose them,
so up to half of all PPD cases go unreported (Gopalakrishnan
et al. 2022). PPD is a perinatal form of major depressive dis-
order; it affects roughly 10 to 15 percent of women each year
in the United States, around 500,000 women (GUINTIVANO,
MANUCK and MELTZER-BRODY 2018), and about 17 per-
cent of healthy mothers worldwide, with the highest rates
seen in the Middle East and Asia (Shorey et al. 2018). Closer
to the present context, Neupane et al. (2024) found a preva-
lence of 12.24 percent among mothers at a Kathmandu mater-
nity hospital and pointed to inadequate support and cultural
pressures as contributing factors, which shows the problem is
real and under-recognised in Nepal.

Machine Learning Approaches to PPD Prediction

Saqib, Khan and Butt (2021) carried out a scoping review of
how well ML predicts PPD across data sources including clin-
ical records, electronic health records and social media, cover-
ing both classification and regression. Across the many algo-
rithms assessed (Logistic Regression, SVM, Decision Trees,
Random Forests, Naive Bayes, Neural Networks, K-Nearest
Neighbors and XGBoost), Random Forest came out strongest
with an AUROC of up to 0.884, although SVM and boosting
methods also did well.

Qi et al. (2025) developed several ML models to predict
PPD risk in perinatal women from demographic, psychoso-
cial, mental-health-history and physiological variables, us-
ing the EPDS result as the label. Logistic Regression and
an artificial neural network gave the best results, with AUC
values of roughly 0.801-0.858. Huang et al. (2025) took
an explainability-focused approach and found XGBoost the
best of eight algorithms, with an AUC of 0.955. Natara-
jan et al. (2017) worked with survey data combining demo-
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graphic details and self-reported emotional symptoms, and
found Functional Gradient Boosting and Soft-Margin Boost-
ing performed best.

A few patterns run through this literature. Simpler linear
models such as Logistic Regression and SVM tend to be
interpretable but more modest in accuracy, whereas ensem-
ble methods usually score higher. Random Forest is reliable
across several studies, and boosting methods, especially XG-
Boost, often reach the top scores. The strongest predictors are
usually psychosocial and prior-mental-health variables rather
than demographic details on their own, a pattern this study’s
own feature-importance analysis reproduces closely. though
with the added finding that when the prior-mental-health vari-
able is itself another depression-screening score measured
at the same time as the target, the resulting accuracy gain
is partly an artefact of measurement redundancy rather than
purely a clinical insight. Performance also depends heavily
on data quality and class balance, since maternal datasets are
often skewed toward lower-risk cases and contain a good deal
of missing data, which tends to hurt recall on the minority
classes. These observations shaped the choices made later in
this study.

The Research Gap

PPD is not only a clinical issue but an economic one. When it
goes untreated it lowers maternal productivity, raises health-
care costs and can affect a child’s development, all of which
weigh on the human capital that economies depend on (Karki
2012). In settings where specialist mental-health services are
thin on the ground, putting low-cost, data-driven screening
tools into routine maternal care is a practical way to widen
coverage without a matching rise in cost. Seen this way, auto-
mated PPD risk prediction is an example of technology being
used to strengthen social and economic resilience. Most exist-
ing ML studies, though, draw on cohorts from high-income or
East Asian settings, and very little work targets South Asian
populations where awareness and reporting are lowest.

Two points of scope deserve to be stated precisely. First, soft-
voting ensembles that combine linear, bagging, and boosting
base learners are a well-established technique in the wider
PPD-prediction literature reviewed above and elsewhere in
clinical ML more broadly; nothing about the ensembling
method itself is new in this paper. Second, the dataset used
here is drawn from a single country (Bangladesh) and a sin-
gle data-collection effort, so the results describe a single
Bangladeshi maternal cohort rather than South Asian women
as a broader population. With those two points in mind, this
study’s contribution is to apply a rigorous model comparison
(evaluated under repeated cross-validation with paired signif-
icance testing rather than a single split) to this dataset, with
an explicit check for circularity between the target and the
PHQ-based predictors, and to discuss, cautiously, what the re-
sults might imply for maternal screening in Nepal. This study
addresses that gap: training and rigorously comparing three
widely used classifiers together with a Voting Ensemble on
a Bangladeshi maternal dataset, checking how much of their
performance depends on redundant depression-screening fea-
tures, and discussing what that might imply for a future Nepal-
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specific screening tool.

Methodology

Dataset Description

The dataset is Data for Postpartum Depression Prediction
in Bangladesh by Raisa and Kaiser (2025), obtained from
Mendeley Data. It was chosen because Bangladesh sits
in South Asia and shares many social and cultural traits
with Nepal, where awareness of PPD is still limited; it has
been discussed why this similarity should not be taken for
granted. The data is tabular, with 800 records and 51 columns
spanning sociodemographic, economic, medical and obstet-
ric, psychosocial, lifestyle, relationship, newborn-care and
mental-health factors. No duplicate rows were found in the
raw file.

Depression is measured in the dataset through both PHQ
and EPDS scores and results. PHQ-2 and PHQ-9 are gen-
eral depression-screening tools and were not designed for
the postpartum period, whereas the Edinburgh Postnatal De-
pression Scale (EPDS) was built specifically to screen for
emotional distress during and after pregnancy and has been
validated across many cultures (Cox, Holden and Sagovsky
1987). Since the goal here is to judge whether a woman is at
Low, Medium or High risk of PPD, the EPDS Result column
was used as the target, making this a supervised multi-class
classification task.

The EPDS Result thresholds are not documented in the
dataset’s variable descriptions, so they were recovered di-
rectly from the data by cross-tabulating EPDS Score against
EPDS Result:

Table 1: EPDS Result Thresholds, Recovered Directly from
the Data

EPDS Result Min score Max score n (of 800)
Low 0 9 260
Medium 8 12 190
High 12 30 350

Note. The Low and Medium bands overlap at scores 8-9, and the

Medium and High bands overlap at score 12.

Two things are worth flagging about these thresholds. First,
the Low and Medium bands overlap at score 8-9, and the
Medium and High bands overlap at score 12. The three-way
split is not a clean partition of the raw score, and this likely
contributes to every model’s difficulty with the Medium class.
Second, the dataset documentation (Raisa and Kaiser 2025)
describes a single structured questionnaire, administered face-
to-face or online, that collects socio-demographic informa-
tion together with the PHQ-2, PHQ-9 and EPDS instruments
in one sitting. The three depression-screening instruments are
therefore not staged at meaningfully different points in the
perinatal timeline; PHQ-9 and EPDS are, in effect, two con-
temporaneous self-report measures of overlapping constructs
answered in the same interview. This motivates the circularity
check: a model that uses PHQ-9 to predict EPDS risk band is,
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to a substantial extent, using one depression screen to predict
another, rather than inferring risk from independent contex-
tual factors.

Algorithms

Four classifiers were selected. Logistic Regression was in-
cluded for its simplicity and interpretability and because it
suits a categorical target, returning probabilities that help flag
higher-risk women. Random Forest was included because it
copes well with complex interactions between features and re-
sists overfitting while ranking feature importance. XGBoost
was included for its accuracy and its ability to model non-
linear relationships among features such as received support,
worry about the newborn, and antenatal depression (PHQ-2).
Finally, a Soft Voting Ensemble pooled the class probabilities
of all three base learners, aiming to reduce the variance of
any single model and improve classification of the borderline
Medium risk class. All four models were run with default-
adjacent hyperparameters; no tuning was performed, so any
claim about which model is best in this paper should be read
as best under default settings, not best achievable.

Tools

The work was done in Python within a Jupyter Notebook en-
vironment for its cell-by-cell execution and immediate out-
put. The main libraries were Pandas and NumPy for data
handling, scikit-learn for preprocessing, the Logistic Regres-
sion, Random Forest and Voting Classifier models, cross-
validation, and evaluation, and XGBoost for gradient boost-
ing on the multi-class target. Class-imbalance handling used
imbalanced-learn (SMOTE) inside a leakage-safe pipeline,
McNemar’s test used statsmodels, the DeLong test’s p-values
used SciPy, and model interpretability used SHAP.

Data Preprocessing

Duplicate rows were checked first: none were found among
the 800 records, so no rows were dropped on that basis. Nu-
meric outliers were inspected during exploratory analysis but
not removed, since the extreme values (e.g. maternal age in
the low 40s, PHQ-9 scores at the ceiling of the scale) are clin-
ically plausible rather than data-entry errors, and removing
them would bias the sample against exactly the higher-risk
mothers a screening tool needs to detect.

A case-normalisation check on the categorical columns found
that several categories were duplicated purely by inconsis-
tent capitalisation. For example, Education Level contained
both Primary School and Primary school as distinct string val-
ues, as did Husband’s education level, and Total children con-
tained both More than two and More than Two. Left uncor-
rected, one-hot encoding would have split each of these into
two separate dummy columns, diluting the signal from what
is really a single category and inflating the feature count. All
categorical text was normalised to a single canonical spelling
per category before any further preprocessing.

Missing values were dealt with next. Columns with very high
proportions of missing data were dropped. This choice is
practical but not free of cost, and that cost should be stated
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plainly rather than left implicit: Current monthly income,
Monthly income before latest pregnancy, Addiction, Disease
before pregnancy, and Diseases during pregnancy are all plau-
sible, literature-supported predictors of PPD risk. Dropping
them because more than half of respondents left them blank,
rather than because they are uninformative, likely removes
real signal from the model and is a genuine limitation of this
analysis, not a neutral cleaning step.

Table 2: Columns Dropped for High Missingness (all >20%
Missing), Plus the Identifier Column

Column Missing (n) Missing (%)
Addiction 789 98.6
History of pregnancy loss 613 76.6
Disease before pregnancy 588 73.5
Current monthly income 525 65.6
Age of immediate older children 517 64.6
Monthly income before latest 437 54.6
pregnancy

Diseases during pregnancy 371 46.4
Feeling for regular activities 223 279
Need for Support 167 20.9

Columns with less than 5 percent missing values (Educa-
tion Level, Husband’s education level, Husband’s monthly in-
come, Abuse, and Trust and share feelings) were filled using
the mode of each column. Mode imputation was kept as the
simplest defensible choice here: all five columns are ordinal
or nominal categorical variables with a small number of lev-
els and a low missingness rate, so the risk of the mode system-
atically distorting the class distribution is small, and a more
elaborate approach (e.g. k-nearest-neighbours imputation on
the one-hot-encoded space) would add complexity for a hand-
ful of affected rows (at most 38 of 800, for Abuse) without a
clear expected benefit. The imputation is fitted on the training
data only.

Exploratory Analysis

1 shows the distribution of the target across its three classes:
High 350 (43.8%), Low 260 (32.5%), and Medium 190
(23.8%). This is a moderate, not severe, imbalance (a 1.8:1
ratio between the largest and smallest class); it is handled ex-
plicitly with class weighting and SMOTE.

Age sits mostly between the mid-20s and early-30s, with a
median near 27 and a few older outliers in the low-40s. The
number of latest pregnancies is concentrated at one or two,
with a small number of higher values reaching seven. PHQ-
9 scores are fairly symmetric around a median of about 11,
while EPDS scores have a noticeably wider spread. The
demographic features turned out to carry little separating
power on their own: age was almost identical across the Low,
Medium and High groups. The clearest signal came from an-
tenatal depression (PHQ-2): among the smaller group who
screened positive, the High-risk class took up a much larger
share while the Low-risk class shrank.
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A correlation matrix of the four numeric features (Figure 2)
makes the PHQ-9/EPDS relationship quantitatively visible
before any modelling: PHQ-9 Score correlates with EPDS
Score more strongly than any other numeric-feature pair, an
early, purely descriptive signal of the circularity formally
tested.

Correlation Matrix — Numeric Features
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Figure 2: Correlation matrix, numeric features (Age,
number of latest pregnancy, PHQ-9 Score, EPDS Score

Two things followed from this for the modelling stage. Be-
cause the demographic features did not separate the classes
but the psychosocial and mental-health signal did, the predic-
tive value was likely to come from interactions between fea-
tures rather than any single variable, which favoured Random
Forest and XGBoost. The uneven spread of records across
the EPDS categories also hinted at class imbalance, which is
why ROC-AUC, alongside macro-F1 and balanced accuracy,
was used for comparing models rather than accuracy alone.

Train-Test Split, Imputation, and Encoding

An 80/20 split, stratified by EPDS Result with a fixed ran-
dom_state of 42, is performed first. The mode for each of the
five low-missingness categorical columns is then computed
from the training rows only and applied to fill missing values
in both sets, so that no information from the held-out cases
influences the fill values. Numeric features are standardised
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with a StandardScaler fitted on the training data only. Cat-
egorical features are one-hot encoded with drop_first = True,
and the test set is reindexed to the training columns with miss-
ing columns filled with zeros. A second, independent im-
plementation of this logic, built as an sklearn ColumnTrans-
former/Pipeline that refits imputation, scaling and encoding
on the training fold of every cross-validation split, is used for
all cross-validated results, so no result in this paper depends
on information leaking from a validation fold into its own
training fold.

Stratifying the split (needed for reliable cross-validation and
for McNemar’s test to have a well-defined, class-balanced test
set) gives a held-out test set of exactly 70 High, 52 Low, and
38 Medium cases (160 total), and every confusion matrix re-
ported, sums exactly to 160 for every model.

Model Training

Logistic Regression was set with max_iter = 3000 so that it
would converge given the many columns created by one-hot
encoding, then fitted on the training data. Random Forest was
set with 100 estimators, random_state = 42 and oob_score =
True, which turns on out-of-bag validation using the samples
left out of each bootstrap. XGBoost was set with 100 esti-
mators, a learning rate of 0.1, a maximum depth of 3, the
mlogloss evaluation metric and random_state = 42; a thin
wrapper class label-encodes the target internally and decodes
predictions back to High/Low/Medium, so that XGBoost can
be used interchangeably with the other models inside scikit-
learn’s VotingClassifier and cross_validate utilities.

Evaluation Metrics

In addition to the confusion matrix, per-class preci-
sion/recall/F1, and the one-vs-rest ROC-AUC, this study re-
ports: macro-averaged and weighted-averaged F1 (the for-
mer treats all three classes equally regardless of size, which
matters given the class imbalance); balanced accuracy (the
average of per-class recall, another imbalance-robust sum-
mary); the Matthews Correlation Coefficient (MCC), a single-
number summary that is generally considered more informa-
tive than accuracy for imbalanced multi-class problems be-
cause it accounts for all four confusion-matrix quadrants si-
multaneously; and a macro-average one-vs-rest ROC-AUC
(the unweighted mean of the three per-class AUCs). Ninety-
five percent confidence intervals for accuracy, macro-F1, and
balanced accuracy on the held-out test set were obtained by
non-parametric bootstrap (2,000 resamples, sampling test-set
rows with replacement and recomputing each metric per re-
sample).

Ensemble Model

After evaluating the three base classifiers individually, a Soft
Voting Ensemble was constructed using scikit-learn’s Voting-
Classifier with voting = ’soft’. Each base learner contributes
its predicted class probabilities, and the ensemble averages
them before assigning the class with the highest averaged
probability. Because the three base learners are structurally
different (a linear model, a bagging ensemble, and a boosting
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ensemble), their errors are partially independent, and averag-
ing can cancel out some individual mistakes. Whether it does
so to a statistically meaningful degree here is examined di-
rectly in later section.

Cross-Validation and Statistical Significance Testing

A single 80/20 split can make a small, noisy gap between two
models look like a real effect. To guard against this, two com-
plementary layers of validation are used. First, repeated strat-
ified 5-fold cross-validation (5 folds, 10 repeats, 50 fits per
algorithm) is run using the leakage-free pipeline, reporting
mean and standard deviation of accuracy, macro-F1, and bal-
anced accuracy. Second, on the held-out 160-case split, two
paired tests compare the Voting Ensemble against each base
learner: McNemar’s test on the per-instance correct/incorrect
indicator, and DeLong’s test (a closed-form covariance esti-
mator, validated against scikit-learn’s roc_auc_score) compar-
ing one-vs-rest ROC-AUC class by class.

Circularity Check: PHQ-Removed Comparison

To quantify how much of each model’s performance de-
pends on the PHQ-2/PHQ-9 features, the entire cross-
validated pipeline was rerun with Depression before preg-
nancy (PHQ2), Depression during pregnancy (PHQ2), PHQ9
Score, and PHQ9 Result removed from the feature set before
the train/test split, leaving the remaining sociodemographic,
economic, obstetric, psychosocial, lifestyle, relationship, and
newborn-care variables as the sole predictors. Results for the
PHQ-included and PHQ-removed feature sets are reported
side by side in later section.

Class Imbalance Handling

Given the moderate imbalance reported (43.8% High / 32.5%
Low / 23.8% Medium), two standard balancing strategies

Table 3: Held-Out Test Set (n = 160), Extended Metrics

(Adhikari and Karki — Postpartum Depression Risk Prediction )

were compared against the unweighted baseline using Ran-
dom Forest as the representative model: (i) class_weight =
"balanced’, which reweights the loss function inversely to
class frequency; and (ii) SMOTE (Synthetic Minority Over-
sampling Technique), applied only to the training fold of each
cross-validation split via an imbalanced-learn pipeline, so that
synthetic points are never present in a validation fold.

Feature Selection

With 800 records and roughly 87 dimensions after one-hot
encoding, the feature-to-row ratio invites overfitting. Mutual-
information-based univariate feature selection (scikit-learn’s
SelectKBest with mutual_info_classif) was compared against
the full encoded feature set for Random Forest, at k = 10,
20, and 30 selected features, again under repeated cross-
validation with selection refit inside each training fold.

Interpretability

Three complementary views of feature importance were com-
puted for Random Forest: (i) built-in impurity-based impor-
tance; (ii) permutation importance on the held-out test set (20
repeats, scored by the drop in macro-F1 when each feature
is shuffled), which is less biased toward high-cardinality fea-
tures; and (iii)) SHAP values computed with a TreeExplainer,
which attribute each prediction to individual feature contribu-
tions and allow both global and local interpretation.

Results and Discussion

Baseline Comparison on a Held-Out Split

Table 3 reports the extended metric set for all four models
on the stratified 80/20 split (160 held-out cases: 70 High, 52
Low, 38 Medium).

Model Accuracy Macro F1 Weighted F1 Balanced Acc. MCC Macro
ROC-AUC
Logistic Regression 0.788 0.742 0.777 0.742 0.669 0.903
Random Forest 0.756 0.683 0.730 0.695 0.623 0.900
XGBoost 0.781 0.749 0.778 0.745 0.660 0.923
Voting Ensemble 0.788 0.741 0.777 0.741 0.669 0.915

Note. Macro ROC-AUC is the unweighted mean of the three one-vs-rest AUCs.

Table 4: Non-Parametric Bootstrap 95% Confidence Intervals (2,000 Resamples), Held-Out Test Set

Model Accuracy [95% CI]

Macro F1 [95% CI] Balanced Acc. [95% CI]

0.787 [0.725, 0.850]
0.757 [0.688, 0.825]
0.782[0.719, 0.844]
0.788 [0.725, 0.850]

Logistic Regression
Random Forest
XGBoost

Voting Ensemble

0.740 [0.668, 0.808]
0.681 [0.606, 0.756]
0.747 [0.680, 0.817]
0.740 [0.666, 0.809]

0.742 [0.675, 0.806]
0.694 [0.628, 0.758]
0.746 [0.679, 0.816]
0.741 [0.675, 0.806]

On this single split, XGBoost posts the highest macro-F1, balanced
accuracy, and macro-average ROC-AUC of any individual model,
and is essentially tied with Logistic Regression and the Voting En-
semble on accuracy. Random Forest is the weakest of the four here
on every metric except MCC. It is shown with proper resampling,
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single-split rankings like this one are not especially stable, and the
95% bootstrap confidence intervals below (2,000 resamples of the
160-case test set) make the same point directly: all four models’ in-
tervals overlap almost completely.
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Figure 3: Confusion matrices, all four models, held-out test set. Each matrix sums exactly to 160

All four confusion matrices in Figure 3 sum exactly to the true test-
set support of 160. The error-pattern differences between models
are visible directly: Random Forest correctly identifies only 11 of
38 Medium cases (29% recall), noticeably worse than the other three
models (which each correctly identify 17-21 of 38, 45-55% recall);

Logistic Regression Random Forest

XGBoost’s largest single source of error is Low cases misclassi-
fied as Medium (10 of 52). Every model’s dominant error pattern
involves the Medium class, consistent with the overlapping EPDS
score bands.

XGBoost Voting Ensemble

True Positive Rate
True Positive Rate

True Positive Rate

True Positive Rate

°
2
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00

False Positive Rate False Positive Rate

False Positive Rate False Positive Rate

Figure 4: One-vs-rest ROC curves, all four models including the Voting Ensemble

The Medium-class ROC curve in every panel of Figure 4
climbs well above the no-skill diagonal, with AUC values be-
tween 0.805 (Logistic Regression) and 0.850 (XGBoost), a
curve that discriminates meaningfully better than chance, just
consistently less well than the High and Low curves (AUC
0.94-0.97 throughout).

Cross-Validated Comparison

Table 5 reports repeated stratified 5-fold cross-validation (10
repeats, 50 fits per model) over the full dataset, using the
leakage-free ColumnTransformer pipeline.

Table 5: Repeated Stratified 5-Fold CV, 10 Repeats (50 Folds Total per Model)

Model Accuracy (mean + SD) Macro F1 (mean + SD) Balanced Acc. (mean £ SD)
Logistic Regression 0.743 £ 0.030 0.700 £ 0.032 0.702 £ 0.032
Random Forest 0.762 £+ 0.027 0.709 £+ 0.034 0.713 £ 0.031
XGBoost 0.774 £+ 0.027 0.744 4+ 0.031 0.743 £ 0.032
Voting Ensemble 0.765 £+ 0.028 0.725 £+ 0.034 0.725 £+ 0.032

Under this more stable estimate, XGBoost has the highest mean ac-
curacy, macro-F1, and balanced accuracy of any model, with the Vot-
ing Ensemble second and Random Forest and Logistic Regression
close behind. The gap between the Voting Ensemble and XGBoost
(0.9 accuracy points) is smaller than a single fold-to-fold standard

Statistical Significance Testing

deviation (2.7-2.8 points) for either model, and Figure 5 shows the
four boxplots overlapping substantially. Cross-validation therefore
favours XGBoost as the strongest individual choice by a small mar-
gin, with the Voting Ensemble closely behind and effectively tied
with it.

McNemar’s test compares the Voting Ensemble against each base learner on the held-out test set’s per-case correct/incorrect

outcomes:
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Table 6: McNemar’s Test (Continuity-Corrected), Voting Ensemble vs. Each Base Learner

Comparison Ensemble-only Base-only correct Statistic p-value Significant?
correct
Ensemble vs. Logistic 3 3 3.00 1.000 No
Regression
Ensemble vs. Random 10 5 5.00 0.302 No
Forest
Ensemble vs. XGBoost 7 6 6.00 1.000 No
DeLong’s test compares the Voting Ensemble against Random Forest on one-vs-rest AUC, class by class:
Table 7: DeLong’s Test, Voting Ensemble vs. Random Forest, per Class
Class Ensemble AUC Random Forest AUC z p-value Significant?
High 0.959 0.953 1.43 0.152 No
Low 0.954 0.937 2.24 0.025 Yes
Medium 0.832 0.811 1.19 0.236 No

None of the three McNemar comparisons reach significance. Of the
three DeL.ong comparisons, two do not reach significance, and one
(the Low-class AUC) does (p = 0.025), a single class-level result out
of nine paired comparisons across both tests on one 160-case split.
Combining Table 5, Table 6, and Table 7, the fair summary is: the
Voting Ensemble is competitive with, and on one class modestly bet-
ter calibrated than, Random Forest specifically, but it is not reliably

better than XGBoost. Given also that none of the four models were
hyperparameter-tuned, any ranking among them in this paper should
be read as best under default settings.

Circularity: Effect of Removing PHQ-2/PHQ-9 Features

Table 8 compares cross-validated performance with and without the
four PHQ-derived features.

Table 8: Repeated 5-Fold CV (10 Repeats), Full Feature Set vs. PHQ-2/PHQ-9 Features Removed

Model Accuracy (PHQ) Accuracy (no PHQ) Drop (pts) Macro F1 (PHQ) Macro F1 (no PHQ)
Logistic Regression 0.743 0.576 16.7 0.700 0.508
Random Forest 0.762 0.592 17.1 0.709 0.499
XGBoost 0.774 0.582 19.1 0.744 0.505
Voting Ensemble 0.765 0.592 17.2 0.725 0.509

Removing the PHQ-derived features costs every model 17 to 19 ac-
curacy points and a comparable drop in macro-F1 a large, consis-
tent effect across four structurally different algorithms. For context,
a majority-class baseline (always predicting High) would score ap-
proximately 44% accuracy on this target; the PHQ-removed mod-
els (58-59% accuracy) clear that baseline by a modest but real mar-
gin, while the PHQ-included models (74-77%) do substantially bet-
ter. This is the quantitative confirmation of the circularity risk: a
meaningful share, though not all, of the model’s headline accuracy
is attributable to one depression-screening instrument (PHQ-9, ad-
ministered in the same interview) predicting another (EPDS), rather
than to the sociodemographic, obstetric, and relationship variables
this study frames as its main contribution.

We think the most defensible way to present this in a screening con-
text is to report both numbers rather than either alone: the PHQ-
included accuracy answers does a combination of PHQ-9 and con-
textual factors predict EPDS risk band, a question with real clinical
value (since PHQ-9 is itself a two-minute screening tool a clinic
could administer directly), while the PHQ-removed accuracy an-
swers the more novel and more difficult question this paper is cen-
tred on: whether risk can be flagged from contextual factors alone,
without any depression screen already in hand. On that harder ques-
tion, 58-59% accuracy on a three-class problem is a genuine, if mod-
est, positive result, and a fairer basis for any claim about the study’s
contribution than the PHQ-included headline number.
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Class Imbalance: Reporting and Handling

The class distribution (43.8% High, 32.5% Low, 23.8% Medium) is
moderately imbalanced. Table 9 compares the unweighted Random
Forest baseline against classyeight = balanced’ and SMOTE,
both under repeated cross-validation.

Table 9: Class Imbalance Handling, Repeated 5-Fold CV (5
Repeats)

Configuration Accuracy Macro F1 Balanced
Accuracy

Random Forest 0.763 0.711 0.714

(baseline, unweighted)

Random Forest 0.763 0.711 0.715

(class_weight =

balanced)

Random Forest + 0.772 0.734 0.736

SMOTE (train fold

only)

class_weight = ’balanced’ makes almost no difference here, but
SMOTE gives a small, consistent improvement over the unweighted
baseline (macro-F1 and balanced accuracy both up roughly 2 points),
driven mainly by better recall on the minority Medium class. Given
the imbalance is moderate rather than severe, this is a modest but
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genuine gain; SMOTE (applied training-fold-only, as here, to avoid
leaking synthetic minority examples into validation data) is the more
defensible default for a future version of this pipeline.

Feature Selection

Table 10 compares the full 87-dimension encoded feature set against
mutual-information-selected subsets of 10, 20, and 30 features, for
Random Forest under repeated cross-validation.

Table 10: Mutual-Information Feature Selection, Repeated
5-Fold CV (5 Repeats), Random Forest

Feature Set Accuracy Macro F1 Balanced
Accuracy

All features (~87) 0.763 0.711 0.714

Top-10 0.752 0.718 0.718

mutual-information

features

Top-20 0.755 0.717 0.718

mutual-information

features

Top-30 0.764 0.724 0.725

mutual-information

features

The top 10 mutual-information features alone recover essentially all
of the full 87-feature model’s accuracy, and slightly exceed it on
macro-F1 and balanced accuracy; the top 30 features modestly out-
perform the full set on every metric. This indicates that most of the
87 one-hot-encoded dimensions contribute little beyond noise for
this task and this sample size: a feature-selected model with a frac-
tion of the dimensions is both more interpretable and, if anything,
slightly more robust than the full-dimensional model used through-
out the rest of this paper.

Interpretability: Feature Importance and SHAP

Three independent views of Random Forest’s feature importance
were computed on the held-out split: built-in impurity-based impor-
tance, permutation importance, and SHAP. All three agree closely
on which feature matters most.

Repeated Stratified 5-Fold CV (x10) — Accuracy Spread

0.82 4 —_

0.80 4

0.78 4

0.76 4

0.74 4

0.72 4

Accuracy (50 CV folds)

o]
o) 1

0.70 4

P

forest ){GB‘:D("‘ ol

Logiste et fando™ Jotnd ense
Figure 5: Random Forest built-in (impurity-based) feature

importance, top 15 features

PHQO9 Score dominates every importance measure by a wide mar-
gin, roughly five times the impurity-based importance of the next-
ranked feature (Figure 6), and by far the largest driver of macro-
F1 when permuted. The SHAP summary plot (Figure 7) shows the
same pattern for individual predictions: PHQ9 Score has both the
largest average SHAP magnitude and a clean, monotonic relation-
ship with predicted risk, while every other feature’s contribution is
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visibly smaller and less consistent. This confirms that the model’s
skill is concentrated in a single depression-screening feature rather
than distributed across the psychosocial and obstetric variables this
study centres on. It also delivers a genuinely interpretable screen-
ing aid, though the interpretation it yields is a cautionary one about
circularity rather than a list of actionable risk factors.

SHAP Summary — Random Forest, "High" Riﬁk Elass
g

PHQ9 Score 1 megn an il
PHQ9 Result_ Moderately Severe . =
Angry after latest child birth_Yes L '
Abuse_Yes ‘ ’
PHQ9 Result_Severe ‘ m——
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PHQ9 Result_Minimal -
PHQ9 Result_Moderate

Major changes or losses during pregnancy_Yes

Feature value

Relationship with husband_Good

Worry about newborn_Yes

Relax/sleep when the newborn is asleep_Yes
Trust and share feelings_Yes

Relationship with the in-laws_Good

Fear of pregnancy_Yes

s4¢7?¢7?f

Recieved Support_Medium

Low
-0.2 0.0 0.2

SHAP value (impact on model output)

Figure 6: SHAP summary plot, Random Forest, High risk
class

Why the Tree-Based Models and Ensemble Outperform
Logistic Regression

Under the single 80/20 split (Table 3), Logistic Regression is com-
petitive with or ahead of Random Forest and roughly tied with XG-
Boost and the Ensemble, a reminder that single-split comparisons
are noisy. Under the more reliable cross-validated comparison (Ta-
ble 5), a clearer pattern holds: Logistic Regression has the lowest
mean accuracy, macro-F1, and balanced accuracy of the four mod-
els, 2-3 points behind XGBoost and 1-2 points behind Random For-
est and the Ensemble. Three factors plausibly explain this gap. First,
it was found that no single demographic feature separates the risk
classes well, so the separating signal that does exist likely lives in
interactions between features (for example, PHQ9 Score combined
with a specific relationship-support or abuse category) rather than
in additive main effects. A linear model like Logistic Regression
can only capture such interactions if they are engineered as explicit
terms, which was not done here, whereas Random Forest and XG-
Boost partition the feature space hierarchically and pick up condi-
tional effects automatically. Second, one-hot encoding produces
roughly 87 sparse, often correlated binary columns, including sev-
eral PHQ9 Result category dummies that partially duplicate the con-
tinuous PHQO9 Score. Logistic Regression’s coefficients spread im-
portance across correlated dummies fairly evenly, while tree-based
splits select the single most informative cut points directly, consis-
tent with the finding that a handful of mutual-information-selected
features recovers almost all of the full model’s accuracy. Third,
the Medium class sits, by construction, in a score band that over-
laps both its neighbours (Table 1). This is inherently a fuzzy, non-
linear boundary problem, and axis-aligned tree partitioning is gen-
erally better suited to it than a single global linear decision surface
per class. The Voting Ensemble’s own edge over Logistic Regres-
sion follows from these same mechanisms, inherited from its two
tree-based base learners, though averaging in a weaker linear model
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pulls the ensemble toward, rather than above, its strongest individual
member.

Limitations

Geographic and cultural transfer to Nepal is assumed, not
demonstrated. The models were trained on data from Bangladesh.
The claim that Bangladesh is culturally close to Nepal rests on
broad regional similarity and is not validated against any Nepal-
specific data. The two countries differ in healthcare-system struc-
ture, maternal-care access, and the socioeconomic correlates of PPD
reported locally (Neupane et al. 2024). No external validation on a
second dataset was performed, so any conclusion about usefulness
for Nepal should be read as a hypothesis for future work, not a vali-
dated finding.

Dropped high-missingness columns may remove clinically im-
portant predictors. Income, addiction history, and disease history
were dropped for missingness above 50%, not because they lack
predictive value; all three are literature-supported PPD risk factors.
Their absence likely removes real signal and reflects the dataset’s
completeness rather than the research question.

No hyperparameter tuning. All four models were run with default-
adjacent settings. Every comparison in this paper should be read
as default-configuration models, not each algorithm’s best achiev-
able performance, particularly given how close several of the cross-
validated comparisons already are (Table 5).

Sample size and stability. The dataset is fairly small at 800 records,
and the Medium class has few cases (190 of 800, only 38 in the test
split). Per-class metrics for Medium carry wide uncertainty, visible
in the bootstrap intervals in Table 4.

The EPDS label is a screening score, not a clinical diagnosis. This
matters more, not less, once it is shown how much of the model’s
skill comes from another self-report screening instrument rather than
independently observable risk factors.

Measurement circularity between predictors and target. This is
the most consequential limitation: PHQ-9 and EPDS were collected
in the same structured interview, and much of every model’s appar-
ent skill depends on this overlap. For a genuinely novel-information
screening tool, the PHQ-removed results (Table 8, 58-59% accuracy)
are the more honest benchmark.

For all these reasons the models in this paper should be treated as
a decision-support aid whose current evidence base is modest, not a
validated or deployable clinical screening tool.

Conclusion

This study applied supervised machine learning to predict postpar-
tum depression risk using a Bangladeshi maternal dataset that covers
sociodemographic, economic, obstetric, psychosocial, lifestyle, rela-
tionship, newborn-care and mental-health factors. Four classifiers
were trained and compared under repeated cross-validation with
paired significance testing: Logistic Regression, Random Forest,
XGBoost and a Soft Voting Ensemble. Under this validation, XG-
Boost had the highest mean accuracy, macro-F1, and balanced accu-
racy of any individual model, with the Voting Ensemble a close sec-
ond; McNemar’s and DeLong’s tests found no significant pairwise
difference between the Ensemble and its base learners on the held-
out split except a single class-level AUC comparison. The Ensemble
and XGBoost are both competitive, well-calibrated choices under
default hyperparameters, and combining structurally diverse classi-
fiers remains a reasonable, low-effort way to approach this kind of
problem, without a guarantee of outperforming a well-chosen single
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model.

The more consequential finding of this study is not about which
model wins, but about what the winning models are actually learn-
ing. Removing the PHQ-2/PHQ-9 features cost every algorithm 17
to 19 accuracy points, and three independent interpretability meth-
ods (built-in importance, permutation importance, and SHAP) all
identify PHQ-9 Score as the single dominant predictor, several times
more influential than any other feature. Because PHQ-9 and EPDS
were collected in the same structured interview, a substantial part
of this study’s headline accuracy reflects one depression-screening
instrument predicting another, rather than novel signal from sociode-
mographic, obstetric, or relationship variables. This does not make
the exercise worthless: a model that combines a brief screen like
PHQ-9 with contextual factors to estimate EPDS risk band still has
plausible clinical value, since it could let a service that already has
PHQ-9 data flag likely EPDS risk without a second instrument, but
that is a more modest and specific claim than predicting PPD risk
from sociodemographic and psychosocial factors alone. This is
why the title of this paper describes a single-country cohort study
rather than claiming representativeness of South Asian women from
a single-country dataset, and why ensembling is presented as a well-
established, useful technique rather than a novel contribution in it-
self.

In practical terms, the work still speaks to a real healthcare prob-
lem: the early detection of a condition that often goes unreported.
An affordable, data-driven tool of this kind could fit into a stretched
health system if its evidence base were strengthened further. Fu-
ture work should obtain or simulate a dataset in which PHQ and
EPDS are administered at genuinely different time points, validate
on a second, ideally Nepal-specific, maternal dataset, tune each base
learner’s hyperparameters, and test whether the PHQ-removed fea-
ture set combined with better handling of the currently dropped in-
come and health-history variables can narrow the gap to the PHQ-
included model. On the evidence gathered here, machine learning,
and gradient boosting or a soft-voting ensemble in particular, retains
real, if more modest than a headline accuracy number alone would
suggest, potential as an early-screening aid for postpartum depres-
sion in maternal healthcare.
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