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Abstract
Background

Skilled birth attendant (SBA) utilization is a key strategy for reducing maternal and neonatal mortality. Despite notable progress in
Bangladesh, substantial socioeconomic and regional disparities persist. This study aimed to identify the key determinants of SBA
utilization using a hybrid analytical approach that integrates statistical and machine learning methods.

Methods

Data from 4,646 ever-married women were obtained from the Bangladesh Demographic and Health Survey (BDHS) 2022. A hybrid feature
selection framework combining chi-square tests, LASSO regression, Boruta algorithm, and variance inflation factor (VIF) analysis was
applied. Seven machine learning models were developed, with class imbalance addressed using the Synthetic Minority Over-sampling
Technique (SMOTE). Model performance was evaluated using accuracy, sensitivity, specificity, F1-score, and area under the receiver
operating characteristic curve (AUC), with robustness assessed through stratified k-fold cross-validation. Logistic regression and SHAP
analysis were used to enhance interpretability.

Results

Overall, 72.9% of women utilized SBA services. Among the models, XGBoost demonstrated the best overall predictive performance
(accuracy = 0.75, sensitivity = 0.91, F1-score = 0.84), while logistic regression and support vector machine (SVM) showed the highest
discriminative ability (AUC = 0.77). Key factors associated with SBA utilization included wealth index, maternal education, antenatal care
(ANC) utilization, geographic region, media exposure, religion, and age at first birth. Logistic regression analysis revealed higher odds of
SBA utilization among women in Khulna division (OR = 4.11), non-Muslim women (OR = 2.86), and those with media exposure (OR = 1.39),
whereas inadequate ANC visits, higher parity, and lower socioeconomic status were associated with reduced utilization.

Conclusion

SBA utilization in Bangladesh is associated with socioeconomic inequality, healthcare access, and regional disparities. The proposed
hybrid analytical framework improves both predictive performance and interpretability, offering a practical and scalable approach for
evidence-based maternal health policymaking in Bangladesh and similar low and middle-income settings.

Background

Maternal mortality remains a major global public health challenge, reflecting profound inequalities in access to quality maternal
healthcare. Each year, it is estimated that 287,000 women die due to pregnancy- and childbirth-related complications, with most of the
deaths occurring in low- and middle-income countries (1). The concept of evidence-based maternity care during birth is one of the
cornerstone approaches for reducing maternal and neonatal mortality and is enshrined in the Sustainable Development Goal (SDG) 3.1,
which aims to reduce maternal mortality rates to less than 70 deaths per 100,000 live births by 2030 (1, 2). According to the WHO and its
partner agencies, a skilled birth attendant (SBA) is a midwife, nurse, or physician who is trained to carry out normal deliveries and identify
complications and referrals (3). Scholarly evidence shows that competent birth attendance significantly lowers maternal and perinatal
death rates (4, 5).

Skilled birth attendance (SBA) has increased worldwide, but access is still unequal for women in poorer or hard-to-reach communities,
who are less likely to receive skilled care (6, 7). The greatest barriers to access to skilled birth attendance (SBA) in low- and middle-income
settings are geography and socioeconomic disadvantage, with rural, poor, and less-educated women particularly underserved (8). The
case of Bangladesh represents both improvements and difficulties. By 2020, the country had achieved a maternal mortality ratio of
approximately 160-165 deaths per 100,000 live births, which is notably better than the case at the beginning of the 1990s and has been
realized through the growth of primary health care, community-based interventions and higher rates of antenatal care (ANC) utilization (2,
9). However, findings from the Bangladesh Demographic and Health Survey (BDHS) 2022 indicate that the utilization of skilled birth
attendants varies substantially across population subgroups, with higher coverage observed among urban residents and wealthier
households (10, 6).
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These urban, rural and social economic differences highlight the inequities of the system in maternal care. The literature lists maternal
education, household wealth, exposure to the media, and antenatal care utilization as important predictors of SBA utilization in
Bangladesh (11-13). Other determinants include the age of the mother, parity, religion, subdivision of regions, and distance to well-
equipped health facilities (Islam et al., 2021; Kamal, 2021). For example, women with secondary or higher education are more likely to give
birth under skilled supervision; when they are in the lowest wealth quintile, the probability is much lower (13). Similarly, institutional
delivery is positively associated with earlier initiation and more frequent ANC visits (14).

Regardless of the strength of these associations, Bangladeshi studies have predominantly used logistic regression and multilevel logistic
models to analyze maternal healthcare utilization (12, 15, 11, 16). Such approaches often overlook nonlinearities and high-dimensional
relationships among socioeconomic, demographic, and health-service variables, although they can be interpreted. The inherently complex
and multifaceted nature of determinants of SBA utilization has led to the development of sophisticated computational tools, specifically
machine learning (ML), as powerful predictive modeling and feature detection tools (17, 18).

Machine learning has emerged as a powerful approach in the research of global health, as it allows the prediction of health outcomes and
the identification of patterns of latent risk that are not always apparent in traditional analytical frameworks. Machine learning has been
used to anticipate preterm birth, low birthweight, and obstetric complications of maternal health (17, 19). Random forest, XGBoost, and
support vector machines are often compared with traditional methods and outperform them not only in low- and middle-income countries
but also in cases where survey and clinical data are combined (19). In Bangladesh, a recent study that focused on region-specific features
and used BDHS 2022 data demonstrated accurate prediction of low birthweight rates, which highlights the importance of data-driven
analytics in policy-making processes (19). The existing international data suggest that ensemble ML methods are often more effective
than conventional regression methods in capturing nonlinear interactions among sociodemographic factors (17).

However, the incorporation of ML into health analytics is still limited, especially when studies combine conventional statistical inference
with ML-based predictive modeling to examine the utilization of SBAs in South Asia. The methodologies employed in the Bangladeshi
literature are mostly inferential with limited emphasis on predictive modeling and feature importance analysis (11, 20). Combining these
methodological traditions can result in better prediction performance and maintain interpretability, thereby generating findings that are
more relevant for evidence-based policymaking. Moreover, the sharp regional and socioeconomic divisions of Bangladesh, such as
disparities between urban centers like Dhaka and rural regions across divisions, make the country an ideal setting for applying hybrid
analytical methods to unravel the key determinants of the SBA utilization (6, 20). Furthermore, existing studies rarely integrate rigorous
feature selection techniques with machine learning models while simultaneously ensuring interpretability, which limits their applicability
for policy decision-making.

To address these gaps, the present study adopts an integrated analytical framework that combines conventional statistical modeling with
advanced machine learning techniques to comprehensively examine the determinants of skilled birth attendant (SBA) utilization in
Bangladesh. Unlike prior studies that primarily rely on inferential approaches, this study simultaneously emphasizes both explanatory and
predictive modeling to capture complex, nonlinear relationships among sociodemographic, healthcare, and geographic factors. Using
nationally representative BDHS 2022 data, this study aims to (i) identify the key predictors of SBA utilization through robust feature
selection techniques, (ii) evaluate and compare the predictive performance of multiple machine learning algorithms, and (iii) quantify the
strength and direction of associations using logistic regression for policy-relevant interpretation. By integrating interpretable statistical
inference with high-performing machine learning models, this study provides a more comprehensive understanding of SBA utilization and
offers an evidence-based framework to support targeted maternal health interventions and data-driven policymaking in Bangladesh and
similar low- and middle-income settings.

This study contributes to the literature by integrating interpretable statistical inference with high-performing machine learning models,
thereby providing actionable insights for improving maternal healthcare utilization.

Methods
Study Design and Data Source

The analysis was based on the 2022 Bangladesh Demographic and Health Survey (BDHS), which is the ninth nationally representative
survey that outlines the demographic and health-related conditions of Bangladeshi women and children (21). The BDHS provides
comprehensive data on fertility, maternal and child health, family planning, noncommunicable diseases, mental health and access to
healthcare. NIPORT carried out the survey in cooperation with the ICF and the USAID and within the framework of the DHS Program (22).
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Two-stage stratified cluster sampling was employed by the BDHS and incorporated 675 enumeration areas (EAs) and 45 households in
each EA (21). The official 2022 BDHS report contains detailed methodological descriptions and procedures used in surveys.

Study Population and Sample

The study population comprised ever-married women aged 15-49 years who participated in the Bangladesh Demographic and Health
Survey (BDHS) 2022. A total of 4,646 women with complete information on skilled birth attendant (SBA) utilization and all relevant
covariates were included in the final analysis.

A complete case analysis approach was applied, whereby observations with missing values in the outcome or any explanatory variables
were excluded.

Outcome Variable

The use of a skilled birth attendant (SBA) during birth was the key outcome variable. On the basis of the definitions of the World Health
Organization (WHO) and the BDHS, SBAs are qualified doctors, nurses, midwives, paramedics, family welfare visitors (FWVs), community
skilled birth attendants (CSBAs), and sub-assistant community medical officers (SACMOs) (3, 21). All other attendants, including
traditional birth attendants, untrained providers, relatives and neighbors, were categorized as unskilled. For analysis, the number of births
attended by SBAs was coded as 1, and the number of births attended by unskilled personnel was coded as 0. All of the live births and
stillbirths in the two years before the survey were included in the analysis.

Predictor Variables and Feature Selection

A comprehensive set of categorical predictor variables related to demographic, socioeconomic, and healthcare factors was initially
considered. First, chi-square tests of independence were performed to assess the association between each categorical predictor and the
outcome variable (SBA utilization) (23). Variables with statistically significant associations (p < 0.05) were retained, allowing initial
dimensionality reduction and removal of irrelevant predictors.

The selected variables were then transformed into numerical format using one-hot encoding, with the first category dropped to avoid the
dummy variable trap and reduce multicollinearity. The dataset was subsequently divided into training and testing subsets using an 80:20
stratified split to preserve class distribution (24).

To address class imbalance, the Synthetic Minority Over-sampling Technique (SMOTE) was applied exclusively to the training dataset to
prevent data leakage (25). Feature selection was then performed on the balanced training data using a hybrid approach combining LASSO
(Least Absolute Shrinkage and Selection Operator) regression and the Boruta algorithm. LASSO was used to identify features with non-
zero coefficients (26), while Boruta selected relevant features based on Random Forest importance scores. The final feature set was
derived from the union of both methods, ensuring identification of both linear and nonlinear relationships.

To further ensure model stability and eliminate multicollinearity, an iterative Variance Inflation Factor (VIF) analysis was conducted on the
selected features. Variables with VIF values greater than 5 were sequentially removed until all remaining predictors satisfied the threshold
(VIF<5) (27).

The final set of predictors used for modeling is presented in Table 1.
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Table 1
Final selected predictors after hybrid feature selection and VIF analysis

Variable Categories VIF Value
Right age at marriage Right time 3.32
Age 25-29 3.31
Education level Primary 3.25
Right age at marriage Later 3.17
Age 30-34 3.15
Education level Secondary 3.04
Number of living children >3 children 2.94
Age 20-24 2.41
Division Chattogram 2.21
Wealth index Poor 2.20
Wealth index Rich 2.19
Age 35-39 217
Division Dhaka 2.06
Husband occupation Hard work 1.99
Division Mymensingh 1.98
Husband occupation Farmer 1.98
Number of living children 2 children 1.92
Division Sylhet 1.87
Division Rangpur 1.86
Division Rajshahi 1.73
Division Khulna 1.72
Antenatal care visits Once 1.71
Education level No education 1.67
Antenatal care visits Two times 1.56
Age at first birth <20 years 1.55
Husband occupation Service holder 1.42
Use of internet Yes 1.38
Timing of first ANC check Within first trimester  1.34
Media exposure Yes 1.33
Antenatal care visits Three times 1.30
Relationship to household head ~ Wife 1.27
Type of residence Urban 1.27
Heard family planning Yes 1.18
Type of toilet facility Unhygienic 1.15
Husband occupation Unemployed 1.12
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Variable Categories VIF Value
Age 45-49 1.09
Religion Non-Muslim 1.06
Antenatal care provider Unskilled provider 1.05

Software and libraries

All statistical analyses and machine learning models were implemented using Python (version 3.10, Anaconda Inc., USA). The pandas (28)
and NumPy libraries were used to preprocess and manipulate the data (29). SciPy was used to conduct statistical tests, including chi-
square tests (23). Scikit-learn was used to develop machine learning models, including logistic regression, decision tree, random forest, k-
nearest neighbors, support vector machine (SVM), and naive Bayes (30), and XGBoost was used to develop gradient boosting (31).
Matplotlib (32) and Seaborn (33) were used to create the figures for data visualization.

Machine Learning Models and Evaluations

Seven machine learning models were developed to predict SBA utilization: logistic regression, decision tree, random forest, k-nearest
neighbors (KNN), linear support vector machine (SVM), XGBoost, and Naive Bayes (31). Hyperparameter tuning for each model was
performed using GridSearchCV with 5-fold stratified cross-validation on the SMOTE-balanced training dataset, optimizing for the area
under the receiver operating characteristic curve (AUC).

The best-performing hyperparameters identified through GridSearchCV were then used to train the final models. Model performance was
evaluated on the independent test dataset using accuracy, sensitivity, specificity, F1-score, and AUC.

Receiver operating characteristic (ROC) curves were generated to compare discrimination performance across models.

To assess model robustness and generalizability, additional stratified k-fold cross-validation (10, 15, and 20-fold) was conducted using the
optimal hyperparameters (24). To prevent data leakage, SMOTE was incorporated within a pipeline during cross-validation, ensuring
resampling was applied only to training folds.

This approach ensured stable performance across different data partitions and reduced the risk of overfitting.

Logistic regression and interpretation of features

To enhance interpretability, a binary logistic regression model was fitted using the final selected features to estimate adjusted
associations between predictors and SBA utilization. Regression coefficients were exponentiated and reported as odds ratios (ORs) to
quantify effect sizes (26).

Additionally, SHAP (SHapley Additive exPlanations) was applied to the XGBoost model to assess feature importance and model
interpretability. SHAP values were used to quantify feature contributions, rank predictor importance, and explore interaction effects,
providing insight into complex relationships captured by machine learning models.

The full methodological workflow diagram of the proposed hybrid analytical framework is shown in Fig. 1.

Ethical Consideration

This study utilized publicly available, de-identified secondary data from the Bangladesh Demographic and Health Survey (BDHS) 2022. The
BDHS survey protocols were reviewed and approved by the Institutional Review Boards (IRBs) of the National Institute of Population
Research and Training (NIPORT), ICF, and icddr,b, and informed consent was obtained from all participants prior to data collection. As this
study involved secondary analysis of anonymized data with no identifiable personal information, no additional ethical approval was
required. The use of the dataset complied with the guidelines of the DHS Program.

Results
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A total of 72.9% of women utilized skilled birth attendants (SBAs) in the study population. Table 2 presents the predictive performance of
seven machine learning models for skilled birth attendant (SBA) utilization.

Performance comparison of mac-lr-w?r?éele%arning models for SBA prediction
Model Accuracy Sensitivity Specificity F1Score AUC
Logistic Regression  0.71 0.72 0.71 0.78 0.77
Decision Tree 0.72 0.84 0.42 0.81 0.66
Random Forest 0.73 0.88 0.37 0.83 0.74
KNN 0.63 0.65 0.62 0.72 0.67
Linear SVM 0.71 0.72 0.71 0.78 0.77
XGBoost 0.75 0.91 0.33 0.84 0.75
Naive Bayes 0.70 0.72 0.69 0.77 0.75

XGBoost achieved the highest accuracy (0.75), sensitivity (0.91), and F1-score (0.84), indicating superior performance in identifying SBA
users, although with relatively low specificity (0.33). Random Forest demonstrated a similar pattern, with high sensitivity (0.88) and F1-
score (0.83), but limited specificity (0.37). Logistic Regression and linear support vector machine (SVM) exhibited balanced performance
across all evaluation metrics, each achieving an accuracy of 0.71, sensitivity of 0.72, specificity of 0.71, and the highest AUC (0.77). In
contrast, the Decision Tree model showed high sensitivity (0.84) but lower specificity (0.42) and AUC (0.66), indicating weaker overall
discriminative ability. K-Nearest Neighbors (KNN) demonstrated the lowest performance (accuracy = 0.63, AUC = 0.67), whereas Naive
Bayes showed moderate and stable results across all metrics. Although logistic regression and SVM achieved the highest AUC (0.77),
XGBoost was considered the best-performing model due to its superior accuracy, sensitivity, and F1-score.

Figure 2 illustrates the receiver operating characteristic (ROC) curves of the models.

Logistic Regression and Linear SVM achieved the highest discriminative ability (AUC = 0.77), followed by XGBoost and Naive Bayes (AUC =
0.75), and Random Forest (AUC = 0.74). In contrast, KNN (AUC = 0.67) and Decision Tree (AUC = 0.66) demonstrated comparatively lower
predictive performance. The ROC curves further indicate that Logistic Regression and SVM maintain a more consistent balance between
sensitivity and specificity across different thresholds, whereas other models exhibit relatively weaker discrimination.

Table 3 presents the cross-validation results using 10, 15, and 20-fold validation.
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Table 3
Cross-validation performance of machine learning models for SBA prediction

Model Accuracy Sensitivity Specificity F1Score AUC
10-Fold

Logistic Regression 0.70 0.69 0.71 0.77 0.77
Decision Tree 0.71 0.79 0.49 0.80 0.71
Random Forest 0.75 0.86 0.46 0.83 0.76
KNN 0.65 0.65 0.66 0.73 0.70
Linear SVM 0.70 0.69 0.71 0.77 0.77
XGBoost 0.75 0.89 0.38 0.84 0.77
Naive Bayes 0.69 0.71 0.63 0.77 0.74
15-Fold

Logistic Regression 0.70 0.69 0.71 0.77 0.77
Decision Tree 0.71 0.80 0.46 0.80 0.70
Random Forest 0.75 0.86 0.46 0.83 0.76
KNN 0.65 0.65 0.66 0.73 0.70
Linear SVM 0.70 0.69 0.71 0.77 0.77
XGBoost 0.75 0.89 0.37 0.84 0.77
Naive Bayes 0.69 0.71 0.64 0.77 0.74
20-Fold

Logistic Regression 0.70 0.70 0.72 0.77 0.77
Decision Tree 0.70 0.78 0.47 0.79 0.70
Random Forest 0.75 0.86 0.46 0.83 0.76
KNN 0.65 0.65 0.65 0.73 0.70
Linear SVM 0.70 0.69 0.72 0.77 0.77
XGBoost 0.75 0.89 0.38 0.84 0.77
Naive Bayes 0.69 0.71 0.65 0.77 0.74

The performance of all models remained highly consistent across different folds, indicating strong robustness and model stability.
XGBoost and Random Forest consistently demonstrated superior performance, with high accuracy (= 0.75), sensitivity (= 0.86-0.89), and
F1-score (= 0.83-0.84), although both exhibited relatively low specificity (= 0.37-0.46). Logistic Regression and Linear SVM showed stable
and balanced performance across all folds, maintaining consistent accuracy (= 0.70), specificity (= 0.71-0.72), and the highest AUC values
(=0.77).

Decision Tree showed moderate performance with relatively high sensitivity but lower specificity and AUC, while KNN consistently yielded
the lowest performance. Naive Bayes demonstrated moderate and stable results across all validation settings. The minimal variation
across folds suggests that the models are not overfitting and that the findings are generalizable to unseen data.

Figure 3 presents the SHAP (SHapley Additive exPlanations) summary plot for the XGBoost model, illustrating the contribution of
individual features to SBA utilization predictions. Features are ranked according to their impact on the model output.

Antenatal care (ANC)-related variables emerged as the most influential predictors. Having at least one or two ANC visits and early initiation
of ANC (within the first trimester) positively associated with SBA utilization. Socioeconomic factors also played a significant role, with
wealth status and media exposure positively associated with SBA use, while poverty reduced the likelihood. Demographic and
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reproductive characteristics further influenced predictions. Higher parity (= 3 children) and receiving ANC from unskilled providers were
associated with lower SBA utilization. Regional variation was also observed, indicating geographic disparities in service use.

Table 4 presents the logistic regression results identifying key determinants of SBA utilization.

Table 4
Logistic regression results for determinants of SBA utilization
Variable Category Beta Odds Ratio
Division Khulna 1.41 411
Antenatal Care Visits Once -1.09 0.34
Religion Non-Muslim 1.05 2.86
Education Level Primary -0.89 0.41
Antenatal Care Provider Unskilled Provider -0.82 0.44
Age Group 45-49 -0.79 0.46
Antenatal Care Visits Two Times -0.72  0.49
Education Level Secondary -0.71  0.49
Number of Living Children >3 Children -0.58 0.56
Education Level No Education -0.54 0.58
Division Rajshahi 0.49 1.64
Wealth Index Poor -0.41 0.66
Media Exposure Yes 0.33 1.39
Wealth Index Rich 032 1.38
Division Mymensingh -0.31 0.74
Husband Occupation Service Holder 0.29 1.34
Division Dhaka 0.29 1.34
Husband Occupation Unemployed 0.29 1.34
Number of Living Children 2 Children -0.29 0.75
Age at First Birth <20 Years -0.27 0.76

Several factors were positively associated with SBA use, including residence in Khulna division (OR = 4.11), Rajshahi division (OR = 1.64),
non-Muslim religion (OR = 2.86), media exposure (OR = 1.39), and higher wealth status (OR = 1.38). Conversely, reduced likelihood of SBA
utilization was observed among women with fewer ANC visits, particularly those with only one (OR = 0.34) or two visits (OR = 0.49), as well
as those receiving care from unskilled providers (OR = 0.44). Lower educational attainment, higher parity ( > 3 children), older maternal
age (45-49 years), and early age at first birth ( < 20 years) were also negatively associated with SBA use. Additionally, women from
poorer households were less likely to utilize SBA services (OR = 0.66).

These results indicate that geographic location, socioeconomic status, media exposure, and adequate antenatal care are associated with
SBA utilization, while lower education, higher fertility, and limited access to skilled care reduce the likelihood of service use.

Overall, both statistical and machine learning findings consistently highlight the importance of healthcare access and socioeconomic
inequality in shaping SBA utilization in Bangladesh.

Discussion

This paper combines conventional statistical modeling and ensemble machine learning to determine the key determinants of skilled birth
attendant (SBA) use among 4,646 women in Bangladesh, based on the Bangladesh Demographic and Health Survey (BDHS) 2022. Logistic
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regression analysis revealed strong associations, with women residing in Khulna division (OR = 4.11) and non-Muslim women (OR = 2.86)
significantly more likely to utilize SBAs. On the other hand, one visit to antenatal care (ANC) was associated with a 66% decrease in SBA
utilization (OR = 0.34). These findings were supported by machine learning models, with XGBoost demonstrating the best overall predictive
performance in terms of accuracy, sensitivity, and F1-score, indicating its effectiveness in identifying SBA users, while logistic regression
and SVM achieved the highest discriminative ability based on AUC (0.77). Given the public health importance of correctly identifying SBA
users, sensitivity and F1-score were prioritized when determining the best-performing model.

Notably, ensemble models such as XGBoost and Random Forest exhibited high sensitivity but relatively low specificity, indicating a greater
ability to correctly identify SBA users than non-users. This imbalance suggests that while these models are effective in identifying women
likely to utilize SBAs, they are less effective in distinguishing non-users, reflecting a prioritization of sensitivity over specificity, which is
often desirable in public health screening contexts where missing true cases may have serious consequences.

Such trade-offs are common in predictive modeling of public health outcomes and should be considered when applying these models for
policy targeting and intervention design (34, 35). The consistency of model performance across 10, 15, and 20-fold cross-validation further
supports the robustness and generalizability of the findings. The minimal variation in performance metrics across folds indicates that the
models are stable, not overfitting, and capable of generalizing to unseen data, thereby strengthening confidence in their predictive
capability (24).

Our results are consistent with the current evidence on Bangladesh and other low and middle-income country (LMIC) settings, highlighting
the role of socioeconomic and healthcare gradients in SBA uptake. Household wealth also became one of the most significant
determinants, with wealthier households having higher chances of SBA utilization (OR = 1.38), similar to the works of Bhowmik et al. (13)
and Afroja et al. (36). Mother education also had a positive effect, and the odds ratios of lower levels of education, including primary (OR =
0.41) and secondary (OR = 0.49), were lower than those of higher levels of education (12, 11). These findings are consistent with
international evidence, e.g., by Dickson et al. (8) and Walker et al. (37), who reported educational empowerment as a predictor of SBA in
sub-Saharan African nations. Media and internet exposure, combined with wealth and education, increased the propensity toward SBA
utilization, highlighting the multidimensional nature of access to maternal healthcare.

The timing and frequency of antenatal care (ANC) visits are significant and modifiable predictors of skilled birth attendant (SBA) use.
Women who initiate ANC in the first trimester and complete the recommended number of contacts of ANC visits are more likely to use
SBAs, which is consistent with global evidence and country analyses (38, 39). In Bangladesh, multiple studies also show that receiving
ANC (and receiving more ANC) is associated with greater SBA use (13, 40). The evidence suggests a dose-response pattern, where SBA
use increases with additional ANC contacts, aligning with the shift from > 4 visits to the WHO's 8-contact model (38, 13). In addition,
women who received ANC from unskilled providers were significantly less likely to utilize SBAs, indicating gaps in the continuum and
quality of maternal healthcare services. The SHAP-based feature importance analysis further reinforced these findings by identifying ANC-
related variables as the most influential predictors of SBA utilization, highlighting the importance of both access to and quality of maternal
health services.

Geographic and urban-rural disparities remained evident, with greater utilization of SBAs in urban regions and in divisions such as Khulna
and Rajshahi than in Mymensingh and Sylhet (6). In addition, women from Rajshahi division were more likely to utilize SBAs (OR = 1.64),
whereas those from Mymensingh showed lower utilization, indicating persistent regional disparities in maternal healthcare access. As
demonstrated by Fredriksson et al. (34), machine learning models are capable of quantifying inequalities and surfacing interactions
among socioeconomic variables. Moreover, there is mounting support that media exposure and internet access are becoming
determinants of maternal care utilization in low- and middle-income environments and indicators of the evolving position of digital health
(41). These factors enable women to access timely health information, overcome cultural barriers, and make informed healthcare choices.

Religion had location-specific impacts: non-Muslim women in Bangladesh had a higher likelihood of SBA utilization, and similar patterns
have been observed in other contexts, such as Guinea (42), highlighting the impact of cultural and social factors. These predictors also
describe resource-constrained environments in which these mechanisms are reinforcing: wealth facilitates access, education may
promote decision-making and health literacy, ANC visits create trust in formal facilities, and media exposure improves access to
information (43, 16, 13).

Demographic and reproductive factors also played a significant role. Higher parity ( > 3 children) was associated with lower SBA
utilization, possibly due to increased confidence in home delivery or reduced perceived need for skilled care. Similarly, older maternal age
(45-49 years) and early age at first birth ( < 20 years) were negatively associated with SBA use, reflecting entrenched behavioral patterns
and generational differences in maternal health practices (16).
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This study makes an important methodological contribution, as it demonstrates how interpretable logistic regression can be used together
with high-performing ensemble machine learning models such as random forest and XGBoost to capture complex and nonlinear
relationships and interactions (34, 44). This hybrid framework improves both predictive accuracy and interpretability, thereby enhancing its
applicability for evidence-based public health decision-making.

Importantly, these findings are directly aligned with the Sustainable Development Goal (SDG) target 3.1.2, which emphasizes increasing
the proportion of births attended by skilled health personnel. The identification of key determinants such as ANC utilization, maternal
education, and socioeconomic status provides actionable insights for accelerating progress toward this global target in Bangladesh (6).

Strengths, Limitations, and Policy Implications

This study has several strengths. It utilized a nationally representative BDHS 2022 dataset, enhancing the generalizability of findings
across Bangladesh. A robust hybrid feature selection approach combining statistical and machine learning techniques was applied to
identify key predictors. The use of SMOTE addressed class imbalance, while multiple k-fold cross-validation ensured model stability and
reduced overfitting. Additionally, the integration of SHAP analysis improved model interpretability, bridging the gap between predictive
performance and explainability.

However, the study has some limitations. First, the cross-sectional design limits causal inference. Second, the reliance on self-reported
data may introduce recall bias. Third, important contextual variables such as healthcare quality, accessibility, and cultural norms were not
included in the dataset. Finally, although machine learning models improved predictive performance, their real-world implementation in
healthcare systems requires further validation.

The findings of this study have important policy implications for improving maternal healthcare utilization in Bangladesh. First,
strengthening antenatal care (ANC) services should be a priority, particularly promoting early initiation and ensuring adequate number of
visits. Second, targeted interventions should focus on disadvantaged populations, including women from poorer households and those
with lower educational attainment. Third, region-specific strategies are required to reduce disparities in divisions such as Mymensingh and
Sylhet, where SBA utilization remains comparatively low. Fourth, expanding media-based and digital health interventions can enhance
awareness and improve healthcare-seeking behavior. Finally, the integration of machine learning approaches into national health systems
may facilitate data-driven identification of high-risk groups and support efficient allocation of healthcare resources, thereby accelerating
progress toward achieving SDG 3.1.2.

Conclusions

The use of skilled birth attendants (SBAs) in Bangladesh is associated with socioeconomic status, maternal education, antenatal care
(ANC) utilization, media exposure, and geographic disparities. The integrated application of machine learning and statistical approaches
showed that XGBoost achieved the best overall predictive performance in terms of accuracy, sensitivity, and F1-score, indicating its
effectiveness in identifying SBA users, while logistic regression and support vector machine (SVM) demonstrated the highest
discriminative ability based on AUC and provided interpretable, policy-relevant insights. The findings further highlight the critical role of
adequate and timely ANC, including early initiation and sufficient visits, as well as the importance of service quality in promoting SBA
utilization. Targeted interventions should therefore focus on expanding ANC coverage, improving quality of care, strengthening media-
based awareness, and reducing regional and socioeconomic inequalities. Future research should incorporate longitudinal and spatial
modeling approaches to enhance causal inference and policy relevance. Overall, the analytical framework developed in this study provides
a robust, evidence-based approach to support data-driven policymaking and the design of targeted public health interventions in
Bangladesh.
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Figure 1

Hybrid analytical workflow for SBA utilization prediction
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ROC curves of machine learning models for SBA prediction
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SHAP-based feature importance for SBA utilization prediction
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