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Abstract

Background:

Depressive symptoms among reproductive-aged women represent a major public health concern
in low- and middle-income countries, yet systematic screening remains limited. In most population
survey datasets, the low prevalence of depression results in severe class imbalance, which
challenges conventional machine learning models. Therefore, we develop and evaluate a
bagging-based ensemble machine learning framework to predict depressive symptoms among
reproductive-aged women using highly imbalanced Bangladesh demographic and health survey

(BDHS) 2022 data.

Methods:

The sample comprised women aged 15—49 years drawn from BDHS 2022 data. Depressive
symptoms were defined using the Patient Health Questionnaire (PHQ-9 =10). Candidate
predictors were drawn from sociodemographic, reproductive, nutritional, psychosocial, healthcare
access, and environmental domains. Feature selection was performed using Elastic Net (EN),
Random Forest (RF), and XGBoost model. Five classifiers (EN, RF, Support Vector Machine
(SVM), K-nearest neighbors (KNN), and Gradient Boosting Machine (GBM)) were trained using
both oversampling-based approaches and the proposed ensemble framework. Model
performance was evaluated on an independent test set using accuracy, sensitivity, specificity, F1-

score, and the normalized Matthews correlation coefficient (normMCC).

Results:

Approximately 4.8% of women were identified with depressive symptoms. The proposed bagging
ensemble framework consistently achieved more balanced predictive performance than
oversampling-based models. Average normMCC improved from 0.540 (oversampling) to 0.557
(ensemble). RF and GBM ensembles demonstrated notable improvements in identifying

depressive cases, while the EN ensemble achieved the highest overall performance and
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sensitivity. Threshold optimization yielded stable normMCC across models, indicating robust

trade-offs between sensitivity and specificity.

Conclusions:

Bagging-based ensemble learning provides a more robust and balanced approach than synthetic
oversampling for predicting depressive symptoms in highly imbalanced population survey data.
This approach has important implications for improving early identification and population-level

mental health surveillance in resource-constrained settings.

Keywords: Depression; Machine learning; Ensemble learning; Class imbalance; Women’s mental

health; Bangladesh
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Introduction

Depression is a leading contributor to the global burden of disease and one of the primary causes
of disability worldwide [1], with women of reproductive age bearing a disproportionate share of
this burden [2]. In low- and middle-income countries (LMICs), depressive symptoms among
women are closely linked to socioeconomic disadvantage, reproductive and maternal health
challenges, gender inequality, and limited access to mental health services [2, 3]. Despite
increasing recognition of women’s mental health as a public health priority, depression remains
substantially underdiagnosed and undertreated in many LMIC settings, including Bangladesh [4-

6.

In Bangladesh, existing evidence indicates a considerable prevalence of depressive symptoms
among women; however, systematic screening and early identification remain limited [5]. This
gap reflects shortages of trained mental health professionals, persistent stigma, and weak
integration of mental health services into primary healthcare systems [4]. In this context, large-
scale population-based surveys such as the Bangladesh Demographic and Health Survey
(BDHS) offer a valuable opportunity to identify women at elevated risk of depression using
routinely collected sociodemographic, reproductive, and household-level indicators [7].
Leveraging these nationally representative datasets for predictive modeling could enable
scalable, cost-effective strategies for population-level mental health surveillance in resource-

constrained settings.

Machine learning (ML) methods have been increasingly applied in mental health research to
improve risk prediction and capture complex, nonlinear relationships among diverse predictors
[8-10]. Population-based surveys, including Demographic and Health Surveys (DHS), have also
been used to identify high-risk subgroups and support mental health surveillance in LMICs [11-
13]. However, applying ML to DHS-type data presents distinct methodological challenges. First,

depressive symptoms are relatively rare in general population surveys, resulting in extreme class
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imbalance [7], where the minority (depressed) class constitutes a small fraction of the sample.
Second, DHS data are characterized by heterogeneous socio-demographic and environmental
variables with limited clinical information, which further complicates predictive modeling. In such
settings, conventional ML models often achieve high overall accuracy while performing poorly in

identifying true cases, thereby limiting their usefulness for screening and early intervention.

Several approaches have been proposed to address class imbalance, including under-sampling
and over-sampling strategies [14, 15]. While these methods attempt to rebalance class
distributions, synthetic over-sampling techniques such as the Synthetic Minority Oversampling
Technique (SMOTE) may introduce artificial patterns, distort the underlying epidemiological
structure, and reduce generalizability—particularly in population-based survey data where
preserving the original data distribution is critical [16]. These limitations highlight the need for
alternative approaches that can improve minority-class detection without compromising data

integrity.

Ensemble learning methods, particularly bagging (bootstrap aggregating), offer a promising
solution for modeling rare outcomes in epidemiological data. By training multiple models on
different subsets of the data—where class distributions can be balanced through resampling—
bagging increases exposure to minority cases while reducing variance and overfitting [16, 17].
Importantly, unlike synthetic over-sampling, bagging preserves the original data structure, making
it well suited for DHS-type datasets. Furthermore, combining ensemble learning with threshold
optimization allows flexible control over the trade-off between sensitivity and specificity, which is
essential in public health applications where the cost of false negatives and false positives may

differ [18].

In addition to modeling strategies, the choice of evaluation metric is critical in imbalanced
classification. Common metrics such as accuracy and AUC can provide misleadingly optimistic

assessments in highly imbalanced settings [16]. The Matthews correlation coefficient (MCC),
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97  particularly in its normalized form (normMCC), offers a more reliable and balanced measure by
98 incorporating all elements of the confusion matrix and providing a robust assessment of model

99 performance under class imbalance[16].

100 In this study, we develop and evaluate a bagging-based ensemble machine learning framework
101  tailored for highly imbalanced DHS data to predict depressive symptoms among reproductive-
102 aged women in Bangladesh using BDHS 2022 data. We systematically compare the proposed
103 ensemble approach with conventional oversampling-based models and assess performance
104  using metrics appropriate for imbalanced classification, with a focus on normMCC. By integrating
105 balanced-subset bagging with threshold-optimized decision rules, this study aims to advance
106  methodological approaches for imbalanced epidemiological prediction while maintaining the

107  integrity of survey data.

108 Beyond methodological contributions, this study has important policy implications. The proposed
109 framework provides a scalable and data-driven approach for identifying high-risk women using
110  routinely collected national survey data. At the community and primary care levels, it can support
111 frontline health workers in prioritizing individuals for early screening and referral. At the program
112 and national levels, it can inform resource allocation, targeted interventions, and integration into
113  digital health and surveillance systems, thereby strengthening mental health service delivery in

114  Bangladesh and similar resource-constrained settings.

115 Methods

116  This study employed a structured machine learning workflow to predict depressive symptoms
117 among reproductive-aged women using imbalanced Bangladesh Demographic and Health
118  Survey (BDHS) 2022 data. The analytical pipeline comprised data preprocessing, supervised

119  feature selection, model development, and performance evaluation (Fig. 1).
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120
121

122  Fig. 1. Workflow for predicting depressive symptoms among reproductive-aged women in
123 Bangladesh using imbalanced BDHS data. The pipeline includes data preprocessing,
124  Hyperparameter tuning, training multiple classical machine learning models, constructing
125 bagging ensembles, and evaluating model performance on the test set.

126

127  Study Design and Data Source

128 This study employed a cross-sectional design using data from the BDHS 2022, a nationally
129 representative survey that collects information on health, nutrition, and socio-demographic
130 characteristics of women aged 15-49 years. The BDHS uses a two-stage stratified cluster

131 sampling design to ensure national representativeness.

132  The analysis included reproductive-aged women (15—49 years) with available data on depressive
133  symptoms measured using the Patient Health Questionnaire (PHQ-9). Women with missing

134  outcome data were excluded. The final analytic sample comprised 17,266 women.

135 Outcome Variables

136  Depressive symptoms were assessed using the 9-item Patient Health Questionnaire (PHQ-9), a
137  widely validated screening tool in Bangladeshi populations [7, 19, 20]. A binary outcome variable
138  was defined using a cut-off score of 210 to indicate clinically significant depressive symptoms,
139  while scores <10 were classified as non-depressed [7]. As a screening instrument, PHQ-9 reflects

140  symptom burden rather than clinical diagnosis.

141  Candidate Predictors
142  All candidate predictors were selected a priori based on existing literature on maternal mental
143  health and data availability in the BDHS. Variables were grouped into the following domains (Fig.

144  2). Detailed coding and categorization of all predictors are provided in supplementary Table S1.
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o Sociodemographic characteristics: age, education, residence, religion, marital status,
geographic division, household wealth index (five quintiles), husband’s education, and
household head characteristics

o Empowerment indicators: employment status, participation in household decision-making,
and ownership of assets

¢ Maternal and reproductive factors: pregnancy status, pregnancy termination history, parity,
presence of under-five children, and recent child death

¢ Nutritional and household characteristics: dietary diversity, sanitation, cooking facility, mobile
financial use, livestock, and agricultural land ownership

e Psychosocial proxies: attitudes toward wife-beating and household crowding

o Healthcare access barriers: cost, distance, permission, transportation, and related barriers

e Environmental conditions: drinking water access and housing quality.

Fig. 2. The features related to Depressive symptoms identified from BDHS data were
grouped into categories

Data Preprocessing

Data preprocessing was conducted prior to model development. Missing values were identified in
two categorical variables: husband’'s education (4.0%) and toilet sharing (0.27%). These were
imputed using the K-nearest neighbors (KNN) method (k = 5) [21], which preserves multivariate

relationships without assuming parametric distributions.

Categorical variables were encoded into appropriate numerical formats, and continuous variables
were normalized using Min-Max scaling. These steps ensured that all features were standardized

and suitable for machine learning algorithms.
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170  Splitting Data
171  The dataset was randomly partitioned into a training set (70%; n = 12,087) and a test set (30%; n
172 = 5,179) [16], with the split stratified by outcome to preserve class imbalance. Two separate

173  modeling pipelines were constructed using the same train—test split.

174  In the first pipeline, classical machine learning models were trained on the training data after
175  addressing class imbalance using the Synthetic Minority Oversampling Technique (SMOTE). In
176  the second pipeline, the bagging ensemble approach was developed using the original (non-
177  oversampled) training data. For both pipelines, model performance was evaluated on the same

178 independent test set, where no oversampling was applied.

179  Feature Engineering

180 Feature selection was performed to simplify models, improve interpretability, reduce
181 computational burden, and enhance predictive performance by retaining the most informative
182  variables while minimizing overfitting [22]. Among different approaches, supervised feature
183 selection methods generally demonstrate superior performance in predictive modeling [23].
184  Accordingly, this study employed a multi-model supervised feature selection framework using
185 three widely applied techniques: Elastic Net (EN) [24], Random Forest (RF)[25], and Gradient
186  Boosting Machine (GBM)[26]. The final model included predictors, defined as the union of
187  features selected by the these feature selection techniques [27]. Feature selection was performed

188  exclusively on the training dataset to avoid information leakage.

189  EN regularized logistic regression was applied to the full set of candidate predictors, combining
190 L1 and L2 penalties to enable variable selection while accounting for multicollinearity. The mixing
191 parameter was set to a = 0.5, and the optimal regularization parameter (A) was selected using 10-

192  fold cross-validation based on minimum deviance.
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193 A RF model with 500 trees was used to estimate variable importance based on the mean
194  decrease in Gini impurity. Similarly, an XGBoost model with a logistic objective function was

195 trained, and feature importance was assessed using the gain metric.

196  To enhance robustness and reduce model-specific bias, the final feature set was defined as the
197  union of predictors selected across the three methods. This approach ensured that variables
198 consistently identified as important across different modeling frameworks were retained for

199  subsequent analysis.

200 Classical Machine Learning Model

201  To predict depressive symptoms, we evaluated a diverse set of machine learning models that
202 capture different assumptions about data structure, nonlinearity, and feature interactions. The
203  selected models represent complementary methodological families and are commonly used in

204  health prediction research.

205 Elastic Net logistic regression (EN) [28] was included as a baseline interpretable model. By
206  combining L1 and L2 regularization, EN effectively handles multicollinearity, performs embedded
207  feature selection, and reduces overfitting in high-dimensional settings. Its coefficients provide

208 direct interpretability, which is particularly valuable in public health applications.

209 Random Forest (RF) [29] was considered to address class imbalance in depressive symptoms
210 outcomes. This ensemble tree-based approach captures complex nonlinear relationships and
211 higher-order interactions while reducing bias toward the majority class through balanced

212  resampling. RF models are robust to outliers and insensitive to feature scaling.

213  Support Vector Machine (SVM) [30] with a radial basis function kernel was included for its strong
214  performance in nonlinear classification problems. The radial kernel allows SVM to model complex
215  decision boundaries in high-dimensional feature spaces, making it suitable for heterogeneous

216  survey data.

10
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217  K-nearest neighbors (KNN) [31] was evaluated as a distance-based, nonparametric model that
218 makes minimal assumptions about data distribution and serves as a useful benchmark for

219  assessing local similarity structures.

220  Gradient Boosting Machine (GBM) [32] was included as a powerful ensemble method that
221  sequentially combines weak learners to optimize predictive accuracy. GBM is well-suited for
222  tabular health data, can model nonlinearities and interactions, and often achieves superior

223  classification performance.

224  Models not included were Naive Bayes (conditional independence assumption unlikely to hold for
225  correlated socioeconomic and health variables), deep learning models (moderate sample size
226  and limited interpretability), standalone decision trees (unstable and inferior to ensemble trees),
227  and unregularized logistic regression (more prone to multicollinearity and overfitting than Elastic
228 Net). Additionally, the XGBoost model was used for feature selection but excluded from final
229 modeling due to instability during hyperparameter tuning, including convergence issues and
230 highly variable performance across cross-validation folds, which limited its reliability and

231 reproducibility in this setting.

232 Bagging-Based Ensemble Learning Framework

233  For each classical model, a bagging ensemble was implemented using the training dataset, and
234  performance was evaluated on the test set. Fig. 3 demonstrates the detailed process of the
235 bagging ensembile. In this approach, K submodels were trained based on K subsets of the training
236 data, where K was defined as the ratio of non-depressed to depressed cases in the training set

237  (non-depressed/depressed). In this study, K=20.

238 To address class imbalance, records without depressive symptoms were partitioned into K non-
239 overlapping subsets of approximately equal size (n = 575), each comparable to the number of

240 depressed cases. Each subset was then combined with all depressed cases to form balanced

11


https://doi.org/10.64898/2026.04.22.26351445
http://creativecommons.org/licenses/by/4.0/

medRxiv preprint doi: https://doi.org/10.64898/2026.04.22.26351445; this version posted April 23, 2026. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted medRxiv a license to display the preprint in perpetuity.
It is made available under a CC-BY 4.0 International license .

241 training sets (T4, Ty,...,Tk.1, Tk) containing 1,156 records in the first K-1 subsets and 1,157 records
242 in the K" subset. These balanced datasets were used to train K parallel submodels (Model;,

243  Model, ..., Modelk s, Modelk) using the same base learner (Fig. 3).

244  During testing, each submodel generated predictions for all observations in the held-out test set.
245 The predictions were aggregated by counting the number of submodels that classified an
246  individual as depressed. A threshold-based voting rule was then applied to determine the final
247  classification: an individual was labeled as depressed if the proportion of positive predictions

248  exceeded a predefined threshold, ensuring consensus across the majority of submodels.
249

250 Fig. 1. Pipeline for prediction of depressive symptoms among reproductive-aged women
251  in Bangladesh using imbalanced BDHS data and an ensemble machine learning approach

252

253 Cross Validation and Hyperparameter Tuning

254  K-fold cross-validation (CV) is a commonly applied method in machine learning that offers a more
255  reliable evaluation of model performance compared to a single train—test split [33]. In this
256  approach, the dataset is divided into K equally sized folds. The model is trained and evaluated K
257 times, with each fold serving once as the validation set while the remaining K-1 folds are used
258  for training. The overall performance is then obtained by averaging the results across all folds. In

259  this study, a value of K = 10 was used.

260 Hyperparameter tuning for all machine learning models was conducted using systematic search
261 strategies in conjunction with cross-validation to identify the optimal parameter settings. A grid
262  search approach was applied, whereby predefined ranges of candidate values were specified for
263  each hyperparameter. All possible combinations within these ranges were explored, and model

264  performance was evaluated for each configuration. The optimal values of the parameters for all

12
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265 models are presented in Table S2 (Supplementary file 2) and were consistently applied across

266  both oversampling-based and ensemble modeling pipelines.

267  Evaluation Metrics

268  Although accuracy, F1 score, and AUC are commonly used performance metrics for binary
269 classification, their application to imbalanced datasets may result in overly optimistic evaluations.
270 In contrast, the Matthews correlation coefficient (MCC) provides a more reliable and balanced
271  assessment of predictive performance under class imbalance [16, 34]. Accordingly, model
272  performance in this study was evaluated using accuracy, sensitivity, specificity, F1 score, and

273 MCC (and its normalized form, normMCC), as defined in Equations (1)—(6).

274  Accuracy =% x 100 (D

275  Recall or Sensitivity = % x 100 2)
i s TN

276  Specificity =55 % 100 3)

PrecisionxRecall

277  F1-Score = 2 x e OnXAec (4)

Precision+Recall

TPXTN— FPXFN
J(TP+FP)X(TP+FN)X(TN+FP)x(TN+FN) )

278 MCC=

MCC+1

2 (6)

279 normMCC =2 X

280 Where TP, TN, FP, and FN represent the numbers of true positives, true negatives, false
281  positives, and false negatives, respectively. Precision is defined as the proportion of correctly

282  predicted positive cases among all predicted positives (TP / (TP + FP)).

283  Statistical Analysis

284  Descriptive statistics were used to summarize the characteristics of the study population.

285 Continuous variables were reported as means and standard deviations or medians and

13
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286 interquartile ranges, as appropriate, while categorical variables were summarized using
287 frequencies and percentages. Pearson’s chi-square (x?) test and Student’s t-test were used to
288 assess associations and differences between each predictor and depressive symptom status.
289 Data management and statistical analyses were conducted using Stata and R (version 4.5.3),
290 with model development implemented using the caret, gimnet, ranger, gbm, and xgboost

291  packages.

292  Although the BDHS employs a complex survey design incorporating sampling weights,
293  stratification, and clustering, these design features were not included in model training. This
294  decision was made because the primary objective of this study was individual-level risk prediction
295 rather than population-level inference. Machine learning algorithms are primarily designed to
296  optimize predictive performance by learning patterns in the observed data, and the integration of
297 survey weights into such models remains methodologically challenging and is not yet

298 standardized across different algorithms and implementations.

299  Furthermore, prior methodological research suggests that the omission of sampling weights in
300 predictive modeling often has limited impact on classification performance, particularly when
301 models are evaluated using independent test data [35, 36]. In this context, unweighted models
302 can still yield valid and generalizable predictions, as performance is assessed based on out-of-
303 sample predictive accuracy rather than unbiased estimation of population parameters [36].

304  Therefore, consistent with existing literature on predictive modeling [12, 16, 33, 37], we prioritized

305 model performance, stability, and generalizability over design-based inference.

306 Ethical Considerations

307 The Bangladesh Demographic and Health Survey (BDHS) data are publicly available and fully
308 de-identified. The original survey was conducted in accordance with national and international
309 ethical standards, including procedures for informed consent, participant privacy, and
310  confidentiality. This study is a secondary analysis of anonymized data and therefore did not

14
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311 require additional ethical approval. The data was accessed on Feb 10, 2026, and the authors did
312  not have access to any information that could identify individual participants at any stage of the
313  research. All analyses were conducted in compliance with established ethical guidelines for the
314  use of publicly available data. The study was conducted in accordance with the TRIPOD-AI

315  reporting guidelines [38] (Supplementary file 3).

316

317 Findings

318 Descriptive Statistics

319  Atotal of 17,266 women were included in the analysis, of whom 830 (4.81%) exhibited depressive
320 symptoms. The mean age of respondents was 30.81 years (SD: 8.56), and the average years of
321  education was 3.56 (SD: 1.54). Most participants resided in rural areas (63.87%) and identified
322 as Muslim (89.84%). The majority were currently married (95.88%) and lived in male-headed

323  households (85.51%) (Table 1).

324  Socioeconomic characteristics showed that respondents were relatively evenly distributed across
325  wealth quintiles, with the largest proportion in the richest group (24.02%). Approximately 56.59%
326  of husbands had secondary or higher education. Around 61.46% of women were exposed to mass
327 media, and 29.35% were employed. Most women reported having decision-making autonomy

328  (83.95%), while only 9.26% owned household assets.

329 Regarding household and environmental conditions, 82.09% had access to improved sanitation
330 and 99.03% had access to improved water sources. More than half (59.35%) reported barriers to
331  accessing healthcare. The majority used a separate building for cooking (75.55%), and 62.43%

332  owned livestock. The mean household crowding index was 2.34 persons per room (SD: 1.15).

15
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In terms of reproductive characteristics, 6.48% of women were currently pregnant, and 23.02%
had ever experienced pregnancy termination. The average number of living children was 1.88
(SD: 1.19), and 41.90% had at least one child under five years of age. Child mortality in the past
two years was low (0.72%). Additionally, 72.83% of respondents reported using mobile financial

services, and 90.94% owned agricultural land.
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Table 1. Socio-demographic, household, and reproductive characteristics of respondents

by depressive symptom status (PHQ-9 210) (N=17,266).
Depressi
Depressi
ve
Descriptio ve p-
Feature Category / Summary | symptom
n symptom | value
:Yes
: No (%)*
(%)*
Barishal 4.55% 95.45%
Chattogram 4.36% 95.64%
Dhaka 4.31% 95.69%
Administrati <0.00
division Khulna 6.70% 93.30%
ve division 1
Mymensingh 3.08% 96.92%
Rajshahi 3.14% 96.86%
Rangpur 6.26% 93.74%
Sylhet 6.11% 93.89%
32.50 £ 30.72+ | <0.00
mother_age Age (years) Mean + SD
8.55 8.55 1
Education 3.52 + 3.56 +
mother_edu Mean + SD 0.423
(years) 1.54 1.54
mother_residence | Residence Rural 4.82% 95.18% | 0.887
Urban 4.78% 95.22%
mother_religion Religion Islam 4.98% 95.02% | 0.002
Other 3.30% 96.70%
Marital Currently married 4.52% 95.48% | <0.00
marital_status
status Separated/Divorced/Wid 1
11.39% 88.61%
owed
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Poorest 5.51% 94.49%
Wealth Poorer 4.72% 95.28%
wealth_index 0.064
quintile Middle 5.18% 94.82%
Richer 4.85% 95.15%
Richest 4.08% 95.92%
Husband’s < Secondary 5.63% 94.37% | <0.00
hudb_education
education 1
= Secondary 4.17% 95.83%
HH head Female 5.52% 94.48%
sex_household 0.072
sex
Male 4.69% 95.31%
HH head 4493 + 45.35
age_hh_head Mean + SD 0.357
age 12.35 13.15
Media No 4.84% 95.16%
media_exposure 0.876
exposure
Yes 4.79% 95.21%
Employme No 4.75% 95.25%
employment 0.616
nt
Yes 4.93% 95.07%
Decision No 5.63% 94.37%
decision 0.028
autonomy
Yes 4.65% 95.35%
asset Asset No 4.68% 95.32% | 0.013
ownership Yes 6.07% 93.93%
distance_problem No 4.13% 95.87%
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Distance <0.00
barrier Yes 5.66% 94.34% 1
Dietary No 4.78% 95.22%
high_dietary_div 0.487
diversity
Yes 5.30% 94.70%
improved_sanitati No 4.95% 95.05%
Sanitation 0.689
on
Yes 4.78% 95.22%
Healthcare No 4.00% 96.00% | <0.00
healthcare_barrier
barrier 1
Yes 5.36% 94.64%
Water No 3.57% 96.43%
improved_water 0.452
source
Yes 4.82% 95.18%
floor_improved Floor No 4.89% 95.11% | 0.655
Yes 4.74% 95.26%
roof_improved Roof No 7.20% 92.80% | 0.083
Yes 4.77% 95.23%
wall_improved Wall No 4.29% 95.71% | 0.368
Yes 4.85% 95.15%
cooking_facility_i Cooking Separate building 4.25% 95.75% | <0.00
n place In house 6.30% 93.70% 1
Outdoors 6.65% 93.35%
toilet_shared No 4.70% 95.30% | 0.071
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Shared Not de jure resident 4.01% 95.99%
toilet
Yes 5.42% 94.58%
own_livestock_far No 5.64% 94.36% | <0.00
Livestock
m 1
Yes 4.30% 95.70%
Wife-
1.06 + 0.39 £ <0.00
wb_score beating Mean £ SD
3.31 1.58 1
score
240+ 2.34 +
hh_crowding Crowding Mean + SD 0.118
1.17 1.15
currently_pregna No/Unsure 4.82% 95.18%
Pregnancy 0.801
nt
Yes 4.65% 95.35%
ever_terminated_ | Pregnancy No 4.50% 95.50%
0.001
preg termination
Yes 5.84% 94.16%
Number of 1.97 £ 1.87 £
num_living_child Mean + SD 0.016
children 1.21 1.18
No_under5_childr Under-5 No 5.45% 94.55% | <0.00
en children 1
Yes 3.91% 96.09%
any_death_2yr Child death No 4.81% 95.19% | 0.672
Yes 4.00% 96.00%
No 4.39% 95.61% | 0.118
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mobile_use_finan Mobile
cial finance Yes 4.96% 95.04%
Agricultural No 6.71% 93.29% | <0.00
own_agri_land
land 1
Yes 4.62% 95.38%

‘Values are row percentages for categorical variables and mean * standard deviation for
continuous variables. Depressive symptom was defined as PHQ-9 score 210. P-values
were obtained using Pearson’s x? test for categorical variables and Student’s t-test for
continuous variables.

Factors Associated with Depressive Symptoms

The prevalence of depressive symptoms varied significantly across several characteristics.
Significant regional variation was observed (p < 0.001), with higher prevalence in Khulna (6.70%),
Rangpur (6.26%), and Sylhet (6.11%), and lower prevalence in Mymensingh (3.08%) and

Rajshahi (3.14%) (Table 1).

Marital status showed a strong association: women who were separated, divorced, or widowed
had markedly higher depressive symptoms (11.39%) compared to currently married women
(4.52%) (p < 0.001). Similarly, women whose husbands had less than secondary education had

higher prevalence (5.63% vs. 4.17%, p < 0.001).

Autonomy and access-related factors were also important. Women without decision-making
autonomy had higher depressive symptoms (5.63% vs. 4.65%, p = 0.028). Those reporting
distance as a barrier to healthcare (5.66% vs. 4.13%) and those facing healthcare access

problems (5.36% vs. 4.00%) showed significantly higher prevalence (p < 0.001 for both).
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360 Household and environmental conditions revealed notable disparities. Women living in
361  households where cooking occurred indoors (6.30%) or outdoors (6.65%) had higher depressive
362 symptoms compared to those using a separate building (4.25%) (p < 0.001). Women without
363 livestock (5.64% vs. 4.30%, p < 0.001) and those without agricultural land (6.71% vs. 4.62%, p <

364  0.001) also had higher prevalence.

365  Reproductive factors were significantly associated with depressive symptoms. Women who had
366  ever experienced pregnancy termination had higher prevalence (5.84% vs. 4.50%, p = 0.001).
367 Likewise, women without children under five years had higher depressive symptoms (5.45% vs.

368  3.91%, p < 0.001).

369 Among continuous variables, women with depressive symptoms were older (32.50 vs. 30.72
370 years, p < 0.001), had higher wife-beating attitude scores (1.06 vs. 0.39, p < 0.001), and had
371  slightly more living children (1.97 vs. 1.87, p = 0.016). No significant differences were observed
372  for education, household head age, residence, employment status, media exposure, or household

373  crowding.

374  Feature Engineering and Selection

375 The feature selection process identified a reduced subset of predictors associated with depressive
376  symptoms. Elastic Net retained 29 variables with non-zero coefficients at the optimal A, while
377 Random Forest and XGBoost each identified the top 15 predictors based on importance metrics
378  (Fig. 4). To enhance robustness and reduce model-specific bias, the final feature set was defined
379 as the intersection of predictors consistently identified across all three methods, resulting in 16

380 variables included in the final model [39].

381 Key predictors such as age, marital status, healthcare barriers, and geographic division were
382 consistently identified across both traditional statistical analyses and machine learning

383  approaches, highlighting their robustness. Additionally, machine learning models emphasized the
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384  importance of household and environmental factors, suggesting potential nonlinear relationships

385 and interactions.

386

387 Fig. 4. Feature importance and selection across models. (a) Elastic Net-selected predictors
388  with non-zero coefficients, shown on the log-odds scale. (b) Top 15 predictors ranked by
389 mean decrease in Gini from the Random Forest model, capturing nonlinear effects and
390 interactions. (c) Top 15 predictors ranked by gain from the XGBoost model, reflecting their
391 relative contribution to loss reduction.

392

393 Model Performance

394  Table 2 presents the predictive performance of the proposed bagging ensemble approach using
395 different weak learners and their optimal voting thresholds. Across all models, the normalized
396  Matthews correlation coefficient (normMCC) ranged from 0.543 to 0.557, indicating moderate and

397  relatively stable discrimination under severe class imbalance.

398 The EN ensemble achieved the highest normMCC (0.557) and the highest sensitivity (0.534),
399  suggesting comparatively better identification of women with depressive symptoms, although its
400 specificity (0.710) was lower than that of SVM and KNN. The Random Forest (RF) ensemble
401 showed the most balanced performance overall, with accuracy of 0.724, sensitivity of 0.494,

402  specificity of 0.735, and normMCC of 0.555.

403 The SVM ensemble attained the highest accuracy (0.803) and specificity (0.824), but exhibited
404 lower sensitivity (0.378), indicating a stronger tendency to correctly classify non-depressed
405 individuals at the expense of missing a larger proportion of depressed cases. A similar pattern
406 was observed for the KNN ensemble, which achieved high accuracy (0.800) and specificity

407  (0.824) but the lowest sensitivity (0.333) and normMCC (0.543).

408 The GBM ensemble demonstrated a more balanced trade-off between sensitivity (0.526) and

409  specificity (0.701), yielding a normMCC of 0.553. Overall, the ensemble framework produced
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410 consistent performance across different base learners, with EN, RF, and GBM providing more
411  favorable sensitivity—specificity trade-offs for depressive symptoms prediction than SVM and

412 KNN.

413

414  Table 2. Predictive performance of the proposed ensemble method with different weak
415 learners for predicting depressive symptoms (Th)

Model Best threshold Accuracy Sensitivity Specificity F1-score normMCC
EN 16 0.701 0.534 0.710 0.147 0.557
RF 15 0.724 0.494 0.735 0.147 0.555
SVM 19 0.803 0.378 0.824 0.156 0.556
KNN 17 0.800 0.333 0.824 0.138 0.543
GBM 14 0.693 0.526 0.701 0.141 0.553

416 EN = Elastic Net Logistic Regression; RF = Random Forest; SVM = Support Vector Machine; KNN = K-nearest
417 neighbors; GBM = Gradient Boosting Machine, normMCC = normalized Matthews correlation coefficient.

418

419 We compared the predictive performance of the proposed bagging ensemble models with
420 oversampling-based models across five algorithms (Table 3). In general, ensemble learning
421  improved F1-score and normMCC for most classifiers, indicating more balanced performance

422 under class imbalance.

423  For the EN model, the ensemble approach improved accuracy (0.701 vs. 0.625), specificity (0.710
424  vs. 0.626), F1-score (0.147 vs. 0.133), and normMCC (0.557 vs. 0.549), despite a modest
425  reduction in sensitivity (0.534 vs. 0.598). These results suggest that ensemble learning enhanced

426  overall discrimination while slightly reducing the detection rate of depressed cases.

427 The RF ensemble showed substantial gains over its oversampling counterpart, particularly in
428  sensitivity (0.494 vs. 0.237), F1-score (0.147 vs. 0.121), and normMCC (0.555 vs. 0.531),
429  although accuracy and specificity decreased. This indicates that the ensemble strategy markedly

430 improved minority-class detection for tree-based models.
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431 For SVM, the ensemble approach increased accuracy (0.803 vs. 0.723), specificity (0.824 vs.
432  0.738), F1-score (0.156 vs. 0.129), and normMCC (0.556 vs. 0.539), while sensitivity declined
433  slightly (0.378 vs. 0.426). A similar pattern was observed for KNN, where ensemble learning
434  improved accuracy, specificity, F1-score, and normMCC but reduced sensitivity relative to

435  oversampling.

436 In contrast, the GBM ensemble substantially increased sensitivity (0.526 vs. 0.217) and normMCC
437  (0.553 vs. 0.546) compared with oversampling, although accuracy and specificity were lower. This

438  suggests that ensemble learning particularly benefited GBM in detecting depressed cases.

439 Taken together, these findings demonstrate that bagging ensemble models generally
440 outperformed oversampling-based models in terms of balanced classification performance,
441 especially for RF and GBM algorithms. While oversampling tended to increase sensitivity for some
442 models, ensemble learning provided a more favorable trade-off between sensitivity and

443  specificity, resulting in higher F1-scores and normMCC values for most classifiers.

444

445 Table 3. Comparison of predictive performance metrics for oversampling-based and
446  proposed ensemble models across five algorithms.

Oversample Proposed Ensemble model
Model F1- norm | Accuracy | Sensitivity | Specificity | F1- norm
Accuracy | Sensitivity | Specificity

score MCC score | MCC

EN 0.625 0.598 0.626 0.133 0.549 | 0.701 0.534 0.710 0.147 | 0.557
RF 0.835 0.237 0.865 0.121 0.531 | 0.724 0.494 0.735 0.147 | 0.555
SVM 0.723 0.426 0.738 0.129 0.539 | 0.803 0.378 0.824 0.156 | 0.556
KNN 0.721 0.410 0.737 0.124 0.535 | 0.800 0.333 0.824 0.138 | 0.543
GBM 0.877 0.217 0.910 0.145 0.546 | 0.693 0.526 0.701 0.141 | 0.553

447 EN = Elastic Net Logistic Regression; RF = Random Forest; SVM = Support Vector Machine; KNN = K-nearest
448 neighbors; GBM = Gradient Boosting Machine. normMCC = normalized Matthews correlation coefficient.

449
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450 Threshold Optimization for Bagging Ensemble Models

451 Fig. 5 illustrates how classification performance metrics vary with the decision threshold (Th) for
452 each ensemble model (EN, GBM, SVM, KNN, and RF). Across all models, increasing the
453  threshold leads to a consistent trade-off between sensitivity and specificity. Specifically, sensitivity
454  decreases monotonically as Th increases, while specificity and overall accuracy increase. This
455  pattern reflects stricter voting requirements for classifying an observation as depressed, thereby

456  reducing false positives at the expense of missing true cases.

457  The normalized Matthews correlation coefficient (normMCC) exhibits a unimodal pattern for most
458 models, peaking at intermediate threshold values. These peaks correspond to the model-specific
459  optimal thresholds (indicated by vertical dashed lines), which balance sensitivity and specificity
460 under class imbalance. For EN and GBM, the optimal thresholds (Th = 16 and Th = 14,
461 respectively) coincide with relatively high sensitivity and moderate specificity, suggesting
462 improved minority-class detection. In contrast, SVM and KNN achieve their optimal performance
463  at higher thresholds (Th = 19 and Th = 17), reflecting a stronger emphasis on specificity and
464  overall accuracy. The RF model attains its optimal threshold at Th = 15, yielding a balanced trade-

465  off between sensitivity and specificity.

466  Across all models, the F1-score changes more gradually with threshold than sensitivity or
467  specificity, indicating limited improvement in precision—recall balance beyond the selected optimal
468 thresholds. Overall, these results highlight the importance of threshold tuning in bagging
469 ensemble models and demonstrate that the optimal decision threshold varies by learning

470  algorithm, reflecting differences in model structure and error trade-offs.
471

472  Fig. 5. Performance of bagging ensemble models across varying decision thresholds (Th).
473  For each classifier (Elastic Net (EN), Gradient Boosting (GB), Support Vector Machine
474  (SVM), K-nearest neighbors (KNN), and RF: Random Forest), accuracy, sensitivity,
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475  specificity, F1-score, and normalized Matthews correlation coefficient (normMCC) are
476  plotted against the threshold value

477 Discussion

478 In this study, we developed and evaluated the performance of bagging-based ensemble machine
479 learning models and compared with oversampling-based classical models for predicting
480 depressive symptoms among reproductive-aged women in Bangladesh using highly imbalanced
481 BDHS 2022 data. Our findings highlight both the methodological challenges of modeling rare
482  mental health outcomes in population-based surveys and the advantages of ensemble learning

483 under severe class imbalance.

484  Across all five algorithms, the proposed bagging ensemble framework generally outperformed
485  oversampling-based models in terms of normMCC, metric that provide more reliable assessments
486  of predictive performance in imbalanced classification settings than accuracy alone [40]. While
487  oversampling approaches tended to improve sensitivity for certain classifiers, this improvement
488 was often achieved at the cost of reduced specificity and overall discrimination. In contrast,
489 ensemble learning produced a more favorable balance between detecting depressed cases and
490 limiting false-positive classifications, resulting in more stable and interpretable performance (Fig.

491  6).

492  From a methodological perspective, this study contributes to the growing literature on applying
493 machine learning to population-based survey data by demonstrating that extreme class imbalance
494  in DHS-type datasets poses unique challenges that are not fully addressed by conventional
495 resampling approaches. The proposed bagging framework, combined with threshold optimization,
496 provides a flexible strategy to improve minority-class detection while preserving the original data
497  structure. In addition, the use of normMCC as a primary evaluation metric ensures a more
498 balanced and robust assessment of model performance under severe imbalance, which is

499  particularly important for rare mental health outcomes.
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500 Among the evaluated classifiers, the Random Forest ensemble demonstrated the most balanced
501  overall performance. Compared with its oversampling-based counterpart, the ensemble Random
502  Forest substantially improved sensitivity, F1-score, and normMCC while maintaining relatively
503 high specificity. This improvement likely reflects the ability of bagging to reduce variance and
504 mitigate class dominance when training tree-based models on balanced subsets of the data [41].
505 Random Forest models are well suited to this strategy because they naturally capture nonlinear
506 effects and interactions among predictors while benefiting from diversity across bootstrap

507 samples[42].

508 The Gradient Boosting ensemble also showed marked improvement in minority-class detection,
509  with sensitivity more than doubling relative to the oversampling-based Gradient Boosting model.
510  This gain was accompanied by an increase in normMCC, indicating improved correlation between
511 predicted and observed outcomes under imbalance. These findings are consistent with prior work
512  showing that ensemble resampling strategies can enhance the robustness of boosting methods

513  when outcomes are rare [16].

514  For Elastic Net logistic regression, ensemble learning improved accuracy, specificity, F1-score,
515 and normMCC despite a modest reduction in sensitivity. This suggests that combining regularized
516 linear models with a bagging strategy can improve overall discrimination by reducing the
517 dominance of the majority class while maintaining interpretability. The Support Vector Machine
518 ensemble achieved the highest accuracy and specificity but lower sensitivity, indicating a stronger
519 tendency to classify women as non-depressed. This pattern reflects the known behavior of
520 margin-based classifiers under imbalance, where decision boundaries tend to favor the majority

521  class unless explicitly penalized [15, 43].

522  K-Nearest Neighbors showed limited benefit from ensemble learning in terms of sensitivity,

523 although accuracy and specificity increased. Because KNN relies on local neighborhood
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524  structure, it is highly sensitive to class distribution and density, which may limit its responsiveness

525 toresampling strategies compared with tree-based or regularized models [44].

526  Threshold optimization further demonstrated the flexibility and robustness of the ensemble
527  framework. Across all classifiers, increasing the voting threshold produced the expected trade-off
528 between sensitivity and specificity, with higher thresholds favoring specificity and lower thresholds
529 favoring sensitivity. The normMCC exhibited a unimodal pattern, peaking at intermediate
530 threshold values that balanced these competing objectives. Importantly, normMCC remained
531 relatively stable across a wide range of thresholds, suggesting that ensemble performance was
532 not overly sensitive to the choice of voting rule. This property is desirable for public health
533  applications, where different operational thresholds may be required depending on whether the

534  priority is early case detection or minimizing false positives.

535 Despite these methodological advantages, the absolute predictive performance of all models
536 remained modest, with normMCC values ranging from approximately 0.53 to 0.56. This likely
537  reflects the inherent difficulty of predicting depressive symptoms using cross-sectional survey
538 data, where mental health outcomes are influenced by unmeasured psychosocial, environmental,
539 and biological factors. In addition, the low prevalence of depression in the study population
540 imposes statistical limits on achievable performance. Similar moderate discrimination has been

541 reported in other population-based prediction studies using machine learning methods [45].

542  From a public health perspective, these findings suggest that bagging-based ensemble learning
543  offers a more reliable and transparent framework than synthetic oversampling for depression risk
544  prediction in highly imbalanced epidemiological data. Rather than maximizing sensitivity alone,
545 the ensemble approach yields balanced performance that may be better suited for large-scale

546  screening, surveillance, and prioritization of high-risk groups.
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547  Limitations

548  Several limitations should be acknowledged. First, depressive symptoms were measured using a
549  screening instrument rather than a clinical diagnosis, and misclassification is possible due to
550 reporting bias or transient symptoms at the time of interview. Second, the BDHS does not capture
551 important psychosocial and contextual factors such as social support, intimate partner violence,
552 life events, or prior mental health history, which are known to influence depression risk and may

553  constrain achievable predictive performance.

554  Third, although the BDHS employs a complex survey design, sampling weights, stratification, and
555  clustering were not incorporated into model development. As a result, predicted probabilities may
556 not fully reflect nationally representative population estimates. However, this study focused on
557 individual-level risk prediction rather than population-level inference, where the use of sampling
558  weights is more critical. In predictive modeling, performance is evaluated based on out-of-sample
559  accuracy rather than unbiased estimation of population parameters, and prior research suggests

560 that omission of weights often has limited impact on classification performance.

561 Fourth, although ensemble learning improved balanced performance, sensitivity remained
562 modest, indicating that a substantial proportion of cases would still be missed if the models were
563 used for screening purposes. Finally, the feature selection strategy prioritized stability across
564 models, which may have excluded potentially relevant predictors and limited model flexibility.
565  Future studies should explore the integration of longitudinal data, richer psychosocial measures,
566 and survey-weighted or cost-sensitive learning approaches to enhance both predictive accuracy

567  and population-level applicability.

568 Conclusion
569 Bagging-based ensemble learning provided more balanced and robust predictive performance

570 than oversampling-based methods for identifying depressive symptoms in highly imbalanced
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571  population survey data. Although overall discrimination was moderate, the ensemble framework
572  improved normMCC and achieved a more favorable trade-off between sensitivity and specificity
573 across multiple classifiers. These findings support the use of aggregation-based ensemble
574  strategies for depression risk stratification in epidemiological studies and suggest potential utility
575 for targeted screening and population-level mental health surveillance in resource-limited

576  settings.
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