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Abstract
Objective

This study aims to identify the key determinants of skilled birth assistance in Bangladesh using machine
learning and to examine spatial variation across regions.

Methodology

This study used data from the Bangladesh Demographic and Health Survey (BDHS) 2022, analyzing
4,871 ever-married women aged 15-49 years. Decision Tree, Random Forest, Support Vector Machine,
Logistic Regression, K-Nearest Neighbors, XGBoost, and Artificial Neural Network were trained to predict
SBA. Model performance was assessed using accuracy, F1 score, Matthews'’s correlation coefficient
(MCC), Cohen’s Kappa, and area under the receiver operating characteristic curve (AUROC).

Results

XGBoost achieved the highest performance (accuracy = 0.84, F1 = 0.88, MCC = 0.63, AUROC = 0.91). The
SHAP summary plot revealed that delivery mode (Caesarean section) and postnatal doctor contact
exerted the strongest positive influences on SBA prediction, followed by media exposure, decision-
making autonomy, 24 antenatal visits, husband education, internet use, and household wealth. Negative
SHAP effects were observed for rural residence, multiple children, age at first sex (<18 years), and
northeastern divisions. Dhaka and Chittagong show maximum SBA coverage, and Rangpur, Sylhet,
Mymensingh, and Barisal divisions show the minimum.

Conclusion

Improving access to maternal healthcare and empowering women through education, digital inclusion,
and socioeconomic progress to accelerate toward SDG 3.1.

Introduction

Maternal mortality and morbidity remain a major challenge to the public health in the world and
especially in the low- and middle-class countries (LMICs), even though it has improved a lot in the last

several decades 2. The World Health Organization estimates that every year about 295,000 women die

because of pregnancy and childbirth complications, with most of the deaths happening in LMICs 3.
Maijority of maternal deaths can be observed to be avoidable through access to skilled care in time,

effective medical intervention and proper health system support 4. It is among the most important
interventions to reduce the rate of maternal death, as each childbirth must be accompanied by a trained
birth attendant (SBA) trained midwives, nurses, or physicians °. SBAs can detect complications, offer
timely interventions and refer mothers to relevant health facilities thereby preventing postpartum
hemorrhage and infections, obstetric labor, and other complications related to death °. Although SBA has
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been acknowledged as a primary maternal health intervention worldwide, access inequality is observed,
which is also indicative of healthcare infrastructure inequalities, socioeconomic factors, education, and
cultural beliefs 7. This is because factors that affect SBA utilization must be understood to ensure that
the Sustainable Development Goal (SDG) of less than 70 maternal deaths per 100,000 live births in the
world by the year 2030 is achieved . In Bangladesh, the results of maternal health have been gradually
increasing in the last 20 years through national health programmers and community-based interventions
with the enhancement of antenatal care °. Bangladesh Maternal Mortality Survey 2020 recorded a
maternal mortality ratio of 173 deaths per 100,000 live births, which is showing improvement, but still
showing disparities with high-income nations '°. Even with government campaigns to encourage
institutional birth and coverage of SBA, a large percentage of women, particularly those in rural and
socioeconomically disadvantaged societies, are still giving birth in their homes without the advice of
experts '!. The major barriers are the lack of access to healthcare centers, economic factors, low
educational levels of the mothers, cultural beliefs, and sociocultural beliefs, which do not support the use
of facilities to deliver '2. In addition, SBA coverage in different parts of Bangladesh is geographically
different with Dhaka and Khulna divisions registering higher coverage and Sylhet and Barishal registering
lower coverage '3. These geographical differences imply that both the demographic and geographical
variables have to be studied so that the accessibility of skilled birth attendance is evenly distributed

throughout the country °. The determinants of SBA in countries and Bangladesh have been investigated

in a few researches mostly employing conventional statistical methods like logistic regression .

Mothers age, maternal education, household wealth, parity, antenatal care visits, place of residence, and

distance to health facilities are some of the factors that are traditionally recognized to affect SBA use '°.
Indicatively, the Demographic and Health Survey (DHS) time and again reveal that women who are highly
educated, are wealthy in their households, and those who live in urban environments have higher

chances of receiving skilled care when giving birth '°. On the same note, SBA is positively related to the

use of antenatal care and exposure to health information campaigns '’. But these conventional methods
are constrained by factors such as the assumption of linearity and the failure to represent multifaceted

interaction of a couple of risk factors 8 |n addition, most of the research is individual-level as well as
used traditional regression model, lacking incorporation of spatial information, including variation in SBA

prevalence at the division-level '°. Accordingly, the comparative significance of geographic differences is
under-investigated, which does not allow for making specific measures aimed at eliminating high-risk

areas 2°. By using machine learning (ML) methods, it is possible to identify non-linear relationships,
consider feature interactions, and incorporate spatial variables to get a more detailed picture of

predictors of SBA 2122 Although the literature on maternal health in Bangladesh is on the increase, the
gaps in approach, spatial understanding, and policy recommendations are still present 1423725 The
traditional regression models can fail to capture subtle relationships among demographic

socioeconomic, cultural, and spatial variables 2°. Although other studies have determined some of the
determinants, they seldom determine the relative contribution of these determinants in a manner that

can be interpreted and implemented by policymakers?’. Therefore, the study objectives are to: 1) identify
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key determinants of SBA using machine learning approach 2) examine administrative division- wise
spatial variation of SBA 3) recommend strategies to improve maternal healthcare and reduce maternal
mortality in Bangladesh.

Methodology

Data Sources and Study design

The study involved the use of secondary cross-sectional data, which was the 9th Bangladesh
Demographic and Health Survey (BDHS) 2022 that was a nationally representative cross-sectional
survey. The Government of Bangladesh and the United States Agency for International Development
(USAID) financed the survey and it was carried out by the Bangladeshi research firm Mitra and
Associates in Dhaka. The data were collected in four stages with a duration of about four weeks each,
between June 27 and December 12, 2022. A stratified sampling procedure was done in two phases. A
total of 30 149 households were chosen out of 675 Enumeration Areas (EAs) 237 urban and 438 rural.
Lastly, 30,078 of the ever-married women who were aged 15 to 49 years were interviewed successfully
16 All methods were performed in accordance with the relevant guidelines and regulations, and the
study followed the Strengthening the Reporting of Observational Studies in Epidemiology (STROBE)
guidelines.

Sample Size

To analyses this, we limited the sample to women with at least one live birth within the five years before
the survey with their last child still alive. All women whose key variables had missing data were excluded
and this left an analytic sample of 4,871 women [see in Supplementary Figure S1].

Target variable

The target variable was the Skilled Birth Attendance (SBA) which was the one that was delivered with the
help of a trained health worker such as a doctor, nurse, midwife, or other qualified health workers. The
delivery in the presence of the traditional birth attendants, family, neighbors, or none was regarded as
unskilled. The last variable was a coded nominal variable (1 skilled birth attendant and 0 unskilled birth

attendant) '°.
Data Preprocessing

Predictors with 40% missing values considered this study imputed using Multiple Imputation by Chained
Equations (MICE) with predictive mean matching when using numeric variables (instead of logistic
regression), logistic regression when using binary variables (instead of polytomous regression) 28. Class
imbalance was corrected using Synthetic Minority Over-sampling Technique (SMOTE) in the train dataset
29 1n an effort to solve the issue of class imbalance, the data were randomly divided into training and
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test sets, 80: 20, after the imputation to ensure that 30.36 % of the deliveries had skilled personnel in
them; and 69.64% had unskilled personnel in them.

Feature selection

Among 32 predictors the Boruta algorithm was used to select 23 important predictors that were used as
features. The confirmed variables were: delivery_mode, postnatal care (pnc), wealth category
(wealth_cat), antenatal care visits (ANC_visit), husband'’s education (husb_edu), child category
(child_cat), parity, maternal education (mat_edu), media exposure (media), place of residence
(residence), internet use (internet_use), household assets (hh_assets), administrative division
(hh_division), health insurance (health_ins), household religion (hh_religion), toilet facility (toilet), drinking
water source (water), fertility preference (fert_pref), maternal age at first birth (mat_age1st), household
materials (hh_materials), age at first sexual intercourse (age_first_sex), decision-making (deci_make),
and maternal age (mat_age) [Figure 2]. Multicollinearity was minimized by eliminating highly correlated
variables (r > 0.90) and adjusted in model.

Model Development

Seven classifiers were trained to make the predictions of SBA: Decision Tree (DT), Random Forest (RF),
Support Vector Machine (SVM), Logistic Regression (LR), k-Nearest Neighbors (KNN), XGBoost (XGB),
and Artificial Neural Networks (ANN). Decision Trees arrange the data using hierarchical recursive
splitting whereas here in the random forest, they enhance prediction by combining more than one
decision tree®?. SVM determines the most optimal hyperplane to classify the data, LR calculates the
probability of binary results with interpretable coefficients, KNN classifies instances on the basis of
closest neighbors, XGBoost relies on gradient boosting and regularization to make accurate predictions
and ANN identifies complicated non-linear tendencies with interconnected layers. SHAP (SHapley
Additive exPlainations) analysis was used to determine the important determinants of SBA31733 | STATA
17 (StataCorp, College Station, TX, USA) was used to handle data and machine learning algorithms were
executed in R Studio 4.5.1 (R Foundation, Vienna, Austria). This study-maintained STROBE guidelines.

Data Partitioning and Hyperparameter Tuning

Hyperparameters were optimized based on grid search for each model. Random Forest models
changed the sample size of variables sampled at each split (mtry = 2, 4, 6, 8), Decision Trees changed
the complexity parameter (cp = 0.001 -0.051), KNN changed the number of neighbors (k = 315), SVM
changed the RBF kernel (sigma = 0.01), and cost parameter (C = 0.25-2), XGBoost changed learning rate
(eta=0.01, 0.1, 0.3), tree depth ( Logistic regression did not necessitate any tuning of hyper-parameters

Model Evaluation
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Accuracy, precision, sensitivity (recall), specificity, F1-score, Cohen is Kappa and the use of the AUROC
were used to determine model performance. Accuracy is the total percentage of correct results but can
be not true when there is imbalance in the data 3*. Sensitivity is a measure of the proportion of true
positives which have been correctly identified whereas the proportion of true predictions which are true
positives is the measure of precision 3°. F1-score is a harmonic average of both precision and recall

which is used in skewed datasets to give a balanced measure 6. Kappa is a metric by Cohen that is
used to measure agreement between observed and predicted classifications, correction of chance, and
the overall discriminative ability is analyzed by AUROC 7. When data is skewed, MCC is more preferable
since it provides a fair image of the performance of a model on both minority and majority classes and
does not provide the false impression as other measures of accuracy or precision do 3.

Statistical Analysis

All the predictors were calculated as descriptive statistics and the relationship of univariate with SBA
was tested with chi-square tests concerning categorical variables. The preprocessing of the data, feature
selection, and model training were based on the best practice of predictive modeling in healthcare
outcomes that are imbalanced.

Results

The machine learning models used to predict skilled birth attendance, their main tuning parameters, and
purpose. Each model was adjusted to improve accuracy, control complexity, and prevent overfitting
[Table 1]. Skilled attendance was more prevalent in women between the age of 20 and 34, women with
late age in the first birth (= 20 years) and those who entered sexual intercourse at the age of 18 and
above. Maternal, husband education levels were strongly correlated with SBA and the women of non-
Muslim households were found to have more coverage of SBA as compared to their Muslim
counterparts. There was a significant relationship between SBA and urban residence, higher wealth
(higher wealth than poor), fewer family members (5 or less), health insurance, household decision-
making processes, household assets, and better household materials in terms of household and
socioeconomic factors. Women living in cities, in richer families, having freedom in decision making, and
having access to household resources had more chances of getting skilled birth care. The obstetric and
reproductive factors, such as parity, 24 antenatal care (ANC) visits, mode of delivery, postnatal care
(PNC), sexually active status, fertility preference, pregnancy loss, preterm birth, and current pregnancy
status were strongly correlated with SBA. Women who had had at least 4 visits to ANC, women who
delivered by caesarian, women who received PNC, and women who had been sexually active or wanted
more children were better covered with SBA. Media exposure and empowerment variables such as any
media exposure and internet use were also noted as significant and the women who were exposed to
media or those who were internet users were more probable to receive skilled care. Lastly, geographic
and context variables such as administrative division, type of toilet and source of drinking water were
also important. Women in Dhaka, Khulna, and Barishal divisions, who had better sanitation and drinking
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water, had higher chances to use the skilled birth services [Table 2]. Before applying SMOTE, the data
providers (30.2%), the unskilled coverage (69.8%), showing an imbalance among the classes (Figure X).
After using SMOTE, the two groups consisted of 50% of the sample, which allowed creating predictive
models without bias and robustly [Figure 1]. XGBoost was showed the most overall performing
algorithm with the highest accuracy (0.84), F1 score (0.88), Matthew’s correlation coefficient (0.63), and
the highest AUROC (0.91). In spite of the fact that Random Forest (accuracy = 0.82, AUROC = 0.91) and
Logistic Regression (accuracy = 0.82, AUROC = 0.90) were also good at their work, XGBoost
demonstrated a better balance between precision and recall, which shows that it was more stable during
cross-class. Other models such as SVM, Decision Tree, KNN and Neural Network exhibited moderate
predictive power with a minor unfavorable recall and calibration measures. On the whole, XGBoost is a
chosen model because it has a high-accuracy level, high discriminative power, and a capability of
describing nonlinear and complex relationships at the same time with low overfitting [Table 3].The
XGBoost and the random forest models were found to be the best in terms of discriminative power on
ROC curve analysis since they produced the best true positive rates at various thresholds [Figure 3]. The
calibration plot of the XGBoost model showed that there was good similarity between predicted and
observed success of the model, and the model is reliable to stratify risks among this population [Figure
5]. The most significant variable delivery mode (Caesarean) showed the highest positive SHAP influence,
followed by PNC (Postnatal care), highlighting the strong effects of delivery and postnatal care on the
predicted outcome. Positive SHAP contributions were also observed for media use, decision making,
husband education as secondary and higher, ANC visits 4 times, internet use (yes), wealth category
(Rich), age at first birth (<20 years), and fertility preference indicating that healthcare utilization,
socioeconomic advantage, information access, and empowerment positively influence maternal health
outcomes. In contrast, negative SHAP effects observed for residence(rural), administrative division
(Mymensingh), number of child (multiple), and age at first sex suggesting that rural and regional
disparities, higher parity, and early sexual debut reduce the predicted probability of favorable outcomes.
A mild positive contribution was observed for division Chittagone [Figure 4]. Spatial The regional
disparity is observed in the coverage of skilled providers in the whole Bangladesh, with the highest rates
in Dhaka and Chittagone divisions (11.0-12.0%). Conversely, the coverage is lowest in Rangpur, Sylhet,
Mymensingh and Barisal divisions (7.0-9.9%) [Figure 6].

Discussion

This paper utilized a combined machine learning and spatial analytical model to find out determinants of
skilled birth attendance (SBA) in Bangladesh based on nationally representative data. The strong feature
selection, interpretable machine learning modeling and geospatial mapping can provide an in-depth
insight into maternal healthcare utilization patterns and disparities across the nation. It was found that
there were significant regional and sociodemographic differences in SBA. Divisions with the highest
coverage were Dhaka and Chittagong, as reflected on better infrastructure, literacy rates, and
concentration of health care resources. On the other hand, such divisions as Rangpur, Sylhet,
Mymensingh and Barisal showed constantly low coverage, which reflects inequity in access to qualified
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health workers and facility-based delivery services in the regions. These results are in accordance with
the previous analysis conducted by Bangladesh Demographic and Health Survey (BDHS), which revealed
that the north and northeastern areas are under served because of poverty, transport access, and lack of
health work force density 28. XGBoost (Extreme Gradient Boosting) was identified as the most
successful algorithm among all the tested algorithms. This is due to the fact that it achieves a higher
performance because it has an ensemble learning algorithm which constructs several decision trees in a
sequence which minimizes the classification error by gradient boosting and adds regularization to avoid

overfitting 3°. In contrast to Logistic Regression, which presumes the linear relations between the
predictors and the outcome, or Decision Trees, which may be erratic and susceptible to minor changes in
the data, XGBoost is capable of capturing nonlinear and complex interactions between the
sociodemographic, behavioral, and contextual determinants. Missing values, imbalance between classes
(which is solved by SMOTE) and correlated features are other characteristics of the model that
contribute to predictive reliability 4>41. Notably, its stable accuracy-recall ratio means that it is effective in
detecting both professional and non-professional deliveries and reduces bias due to the dominance of a
class #2. The better performance of XGBoost here is related to the results of the recent literature on the
public health in low- and middle-income countries (LMICs), where the use of the ensemble-based models
demonstrated high predictive accuracy of maternal and child health in low- and middle-income settings
43 This has been supported by similar experiments in India, Kenya and Ethiopia which showed that
boosting algorithms perform better than the traditional statistical models with large, heterogeneous data
sets, thus confirming the selection of XGBoost as the best classifier to use in this research 2744747 The
Boruta algorithm of feature selection was used to eliminate all candidates except 23 statistically robust
and relevant predictors that were included in the model. The domination of the mode of delivery as the
most powerful predictor reflects the existence of a significant association between institutional delivery
and skilled birth attendance. By definition, Caesarean section involves the use of skilled providers, and
the fact that it has high predictive value proves that institutional deliveries are one of the key predictors
of skilled attendance 8. The spatial mapping showed that there were geographic clusters of poor SBA
coverage in the north and northeast divisions. These tendencies reflect structural inequalities in that the
rural districts experience poor transport networks, shortage of staff and delivery points ''. Dhaka and
Chittagong are geographical areas with concentrated healthcare networks that enjoy increased
accessibility and availability of skilled work force *13. The unending inequalities point to the urban rural
divide and the effects of uneven health resource distributions 8. The trends in the relationships between
education and wealth and SBA are reminiscent of research in South Asia and sub-Saharan Africa, where
the socioeconomic status is a strong predictor of institutional delivery 4>°°. The findings of Nepal, India
and Ethiopia also confirm that better educated women, who have access to mass media and autonomy
on which they make decisions, show much greater use of skilled providers '>46:51754 Therefore, the
present results can be combined with the existing knowledge on health system strengthening as the
need to empower and bring about socioeconomic changes to enhance maternal health outcomes. The
areas that lack geographic equity (especially in Mymensingh, Rangpur, and Sylhet) need targeted
regional approaches, which could include better health facility access, transportation, and redistributed
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skilled birth attendants. Increased women education, internet access, and access to financial services
can directly help increase maternal health-seeking behavior. ANC, PNC, and delivery care should be
incorporated into an uninterrupted service package to provide the holistic care of the mother. Midwifery
and community-based outreach activities that are enhanced by mobile health technologies can be used
to reach remote populations. Lastly, the surveillance systems that are machine learning-assisted may
assist ministries to determine the regions that perform poorly and redistribute the resources in real time.
The strengths of this research are that a large nationally representative dataset was used; feature
selection (Boruta) was conducted effectively; machine learning (XGBoost) was used; and interpretation
(SHAP values) was done clearly. Class imbalance bias was prevented by the use of SMOTE, whereas
spatial visualization provided contextual understanding. Nonetheless, causal inference is restricted like
other cross-sectional studies. It cannot be excluded that potential residual confounding and self-report
measurement error may occur. Further, quality of care or cultural preferences, which are unmeasurable
variables, could affect SBA utilization, but could not be obtained in the dataset.

Conclusions

This study reveals maternal healthcare-seeking behavior, educational attainment, household poverty, and
regional inequalities are significant determinants of skilled birth attendance in Bangladesh. Of all the
models evaluated in this study, the Extreme Gradient Boosting (XGBoost) model exhibited the most
predictive power as well as the interpretability of complex nonlinear relationships of sociodemographic
and spatial factors. Combining explainable machine learning with spatial analysis offers the opportunity
for evidence-based, equitable resource targeting and spatially targeted maternal health interventions.
Equity-increasing policies focused on improving maternal health systems, reducing rural-urban
inequities, and social and economic empowerment of women, significantly in the high-burden regions of
the country, will be crucial in pursuing Sustainable Development Goal 3.1.

Recommendations and Future Work

Skilled birth attendance can be improved by strengthening maternal health services, including antenatal,
delivery, and postnatal care services in areas of low coverage, promotion of women's education, media
exposure, and internet access to empower health-seeking behavior. The expansion of skilled workforce
in underserved rural areas and machine learning-assisted monitoring is crucial to efficiently target
interventions by addressing spatial disparities. Longitudinal trends, investigation into cultural factors of
health service utilization, and assessment of quality of care are recommended for future studies.
Application of predictive ML models with geospatial mapping to guide real-time policy and resource
allocation for maternal and child health is also recommended.

Limitations

The analyses were performed using cross-sectional data; no causal inferences can be drawn. Besides,

self-reporting for several variables may introduce some recall or reporting bias. Third, the BDHS dataset

lacked some very key health system indicators, such as facility accessibility, quality of care, and distance
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to health services, that could have enriched the analyses even further. Further studies using longitudinal
data and more health-system variables should be conducted to identify the determinants influencing
skilled birth attendance in Bangladesh.
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Table 1:Summary of Machine Learning Models, Hyperparameters, and Their Description Used for
Predicting Skilled Birth Attendance
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Model

Random Forest

Decision Tree

K-Nearest
Neighbors (KNN)

Logistic
Regression

Support Vector
Machine (SVM)

XGBoost

Neural Network

Parameter

mtry

cp

sigma

nrounds

max_depth

eta

gamma

colsample_bytree

min_child_weight

subsample

size

decay

Value

2,4,6,8

0.001,0.011, 0.021,
0.031, 0.041, 0.051

3,57,911,13,15
No tuning needed

0.01

0.25,0.5,0.75,1,
1.25,1.5,1.75,2

—_
o

00, 20

3,57
0.01,0.1,0.3

0.8

510,15

0,0.01,0.1

Description

Number of variables randomly
sampled at each split in a tree

Complexity parameter controlling
tree pruning

Number of nearest neighbors
used for classification

Linear model for binary outcome;
no hyperparameters

RBF kernel parameter controlling
influence of individual points

Penalty parameter controlling
misclassification cost

Number of boosting iterations
(trees)

Maximum depth of each tree

Learning rate (step size for weight
updates%

Minimum loss reduction required
to make a split

Fraction of features sampled for
each tree

Minimum sum of instance
weights required in a child node

Fraction of rows sampled for
building each tree

Number of neurons in the hidden
layer

Weight decay regularization to
prevent overfitting

Table 2: Characteristics of Women by Skilled Birth Attendance (SBA), Bangladesh
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Target Variables

SBA

Predictors

Demographic Variables

Maternal Age
<20

20-34

>35

Maternal age at first birth

<20 years

>20 years

Age at first sex

<18 years

>18 years

Maternal education
None

Primary
Secondary+
Husband Education
No education

Basic

Secondary

Don't know
Household religion
Muslim

Non-Muslim

Skilled

1,479 (30.36)

460 (13.6)
2,672 (78.8)
260 (7.7)

1,877 (55.3)
1,515 (44.7)

1,912 (56.4)
1,480 (43.6)

114 (3.4)
593 (17.5)
2,685 (79.2)

354 (10.4)
835 (24.6)
2,167 (63.9)
36 (1.1)

3,044 (89.7)
348 (10.3)

Household & Socioeconomic Variables

Residence

Unskilled
n (%)

3,392(69.64)

200 (13.5)
1,120 (75.7)
159 (10.8)

1,034 (69.9)
445 (30.1)

1,013 (68.5)
466 (31.5)

131 (8.9)
518 (35.0)
830 (56.1)

336 (22.7)
586 (39.6)
539 (36.4)
18 (1.2)

1,415 (95.7)
64 (4.3)
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Total n (%) P-value
4,871 (100)
0.002
660 (13.6)
3,792 (77.9)
419 (8.6)
<0.001
2,911 (59.8)
1,960 (40.2)
<0.001
2,925 (60.1)
1,946 (39.9)
<0.001
245 (5.0)
1,111 (22.8)
3,515 (72.2)
<0.001
690 (14.2)
1,421 (29.2)
2,706 (55.6)
54 (1.1)
<0.001
4,459 (91.5)
412 (8.5)
<0.001




Urban

Rural

Wealth category
Poor

Middle

Rich

Children category
Single

Multiple
Household size
<5 members

>5 members
Health insurance
Yes

No
Decision-making
Yes

No

Household assets
Yes

No

Household materials

Improved

Unimproved

1,285 (37.9)
2,107 (62.1)

1,055 (31.1)
689 (20.3)
1,648 (48.6)

1,470 (44.0)
1,875 (56.0)

1,881 (55.4)
1,511 (44.6)

16 (0.5)
3,376 (99.5)

1,890 (56.2)
1,472 (43.8)

2,177 (64.2)
1,215 (35.8)

2,939 (86.7)
453 (13.4)

Obstetric & Reproductive Variables

Parity
Primiparo
Multiparo

ANC visits (24)

1,437 (42.6)
1,937 (57.4)

332 (22.5)
1,147 (77.6)

901 (60.9)
281 (19.0)
297 (20.1)

413 (28.4)
1,040 (71.6)

776 (52.5)
703 (47.5)

1(0.1)
1,478 (99.9)

763 (52.2)
700 (47.8)

689 (46.6)
790 (53.4)

1,330 (89.9)

149 (10.1)

399 (27.3)
1,064 (72.7)
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1,617 (33.2)
3,254 (66.8)

1,956 (40.2)
970 (19.9)
1,945 (39.9)

1,883 (39.3)
2,915 (60.8)

2,657 (54.6)
2,214 (45.4)

17 (0.4)
4,854 (99.7)

2,653 (55.0)
2,172 (45.0)

2,866 (58.8)
2,005 (41.2)

4,269 (87.6)

602 (12.4)

1,836 (38.0)
3,001 (62.0)

<0.001

<0.001

0.054

0.028

0.009

<0.001

0.001

<0.001

<0.001




Yes

No

Delivery mode
Vaginal

Caesarean

Birth size
Small/Under
Average/Other
PNC

Yes

No

Pregnancy pressure
Pressured

Not pressured
Sexually active
Yes

No

Fertility preference
Want more

Do not want
Pregnancy loss
Yes

No

Preterm birth
Preterm

Term

Multiple pregnancy
Yes

No

1,684 (49.6)
1,708 (50.4)

1,134 (33.5)
2,249 (66.5)

483 (14.2)
2,909 (85.8)

3,080 (90.8)
312 (9.2)

109 (3.2)
3,253 (96.8)

2,614 (77.1)
778 (22.9)

1,853 (54.6)
1,539 (45.4)

707 (20.8)
2,685 (79.2)

327 (9.6)
3,065 (90.4)

45 (1.3)
3,347 (98.7)

328 (22.2)
1,151 (77.8)

1,462 (98.9)
16 (1.1)

224 (15.2)
1,255 (84.8)

1,031 (69.7)
448 (30.3)

46 (3.1)
1,417 (96.9)

1,194 (80.7)
285 (19.3)

702 (47.5)
777 (52.5)

257 (17.4)
1,222 (82.6)

89 (6.0)
1,390 (94.0)

11 (0.7)
1,468 (99.3)
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2,012 (41.3)
2,859 (58.7)

2,596 (53.4)
2,265 (46.6)

707 (14.5)
4,164 (85.5)

4,111 (84.4)
760 (15.6)

155 (3.2)
4,670 (96.8)

3,808 (78.2)
1,063 (21.8)

2,555 (52.4)
2,316 (47.6)

964 (19.8)
3,907 (80.2)

416 (8.5)
4,455 (91.5)

56 (1.1)
4,815 (98.9)

<0.001

0.409

<0.001

0.859

0.004

<0.001

0.005

<0.001

0.079




Currently pregnant

Yes

No

101 (3.0)
3,291 (97.0)

Media Exposure & Empowerment

Media exposure

Any

None
Internet use
Yes

No

3,024 (89.2)
368 (10.8)

1,327 (39.1)
2,065 (60.9)

Geographic & Contextual Variables

Division
Barishal
Chattogram
Dhaka
Khulna
Mymensingh
Rajshahi
Rangpur
Sylhet

Toilet type
Improved
Unimproved
Drinking water
Improved
Unimproved
IPV

Yes

No

357 (10.5)
571 (16.8)
535 (15.8)
489 (14.4)
344 (10.1)
380 (11.2)
373 (11.0)
343 (10.1)

2,548 (75.1)
844 (24.9)

2,884 (85.0)
508 (15.0)

368 (11.1)
2,951 (88.9)

75 (5.1)
1,404 (94.9)

1,104 (74.7)
375 (25.3)

270 (18.3)
1,209 (81.7)

181 (12.2)
284 (19.2)
182 (12.3)
77 (5.2)
250 (16.9)
116 (7.8)
176 (11.9)
213 (14.4)

952 (64.4)
527 (35.6)

1,312 (88.7)
167 (11.3)

209 (14.3)
1,249 (85.7)

176 (3.6)
4,695 (96.4)

4,128 (84.8)
743 (15.3)

1,597 (32.8)
3,274 (67.2)

538 (11.0)
855 (17.6)
717 (14.7)
566 (11.6)
594 (12.2)
496 (10.2)
549 (11.3)
556 (11.4)

3,500 (71.9)
1,371 (28.2)

4,196 (86.1)
675 (13.9)

577 (12.1)
4,200 (87.9)

<0.001

<0.001

<0.001

<0.001

<0.001

0.001

0.002
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Table 3:Performance Metrics of Machine Learning Models

Model Accuracy Precision Recall F1 MCC HKappa AUROC
Random Forest 0.82 0.90 0.84 087 060 0.59 0.9
Decision Tree 0.81 0.91 080 085 059 0.58 0.88
KNN 0.79 0.91 0.77 083 055 0.54 0.86
Logistic Regression 0.82 0.96 077 086 065 0.62 0.90
SVM 0.80 0.98 0.74 084 064 0.60 0.90
XGBoost 0.84 0.91 08 088 063 0.83 0.91
Neural Network 0.80 0.91 0.80 085 058 0.57 0.89
Figures
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Figure 1

Effect of SMOTE on Outcome Class Balance
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Figure 2

Feature Selection using Boruta Algorithm
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Feature Importance for Skilled Birth Assistance Predicted by SHAP Values
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XGBoost Model Calibration Curve
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Spatial Variation of SBA
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