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ABSTRACT

There can be national improvements in maternal health services while there is inequality in service provision. The aim of this study was
to investigate the reported ethnic disparities in the period 2019-2025 in Bangladesh and to evaluate the performance of district-level
Random Forest model in predicting institutional delivery coverage over simpler statistical models. The Multiple Indicator Cluster Survey
tables were published with nine indicators for reproductive and maternal health for the Bengali and Other household-ethnicity groups for
two rounds of the survey. Percentage-point differences and coverage ratios were not calculated by re-constructing individual records or
by computing the standard errors of the surveys. The 2019 ecological dataset consisted of 64 districts along with 4 contextual predictors.
The training-mean, ordinary least-squares, ridge, and Random Forest models were evaluated and compared using leave-one-division-out
validation, and conditional performance stability was evaluated using division-block resampling. The gap between institutional and
non-institutional delivery has reduced from 36.5 to 27.9 per cent in favour of Bengali households. The percentage of Bengali households
covered was 71.2% and Other was 43.3% in 2025. Skilled-antenatal-care gap decreased from 49.2 to 25.0 points. The situation was
reversed for modern contraceptive use, with 63.1% of households in the Other category using modern contraceptive methods while
54.6% of Bengali households did. The mean absolute errors for the training-mean, ordinary least-squares, ridge and Random Forest
models were 15.44%, 11.19%, 11.13% and 11.97% respectively. There were some decreases in ethnic disparities, but disparities existed
for services. Random Forest didn't perform better than simpler models. Monitoring of ethnicity sensitivity and geographically structured
validation are complementary, and aggregate predictions cannot identify individual ethnic effects or causal mechanisms.
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1. Introduction Secondly, there is the rising trend of using
While The country has made great strides in maternal and machine-learning models in public-health forecasting. While
Random Forest can model nonlinear relationships, it does not
necessarily lead to better prediction as complexity increases,
especially for geographically structured data when
conventional random splits are used. Geographical validation
that denies entire administrative divisions offers a more

reproductive health, but progress at the national level might
mask inequities in access by population groups and
geographical regions. These differences are especially
important with regard to maternal health care, as women are
expected to use services during the antenatal, delivery, and
postnatal periods, and financial status, distance, transportation,
availability of services, quality, and acceptability can all
impact service utilization (Ahmed et al., 2013; Bohren et al.,
2014; Levesque et al., 2013; Thaddeus & Maine, 1994). These associated with institutional delivery and mothers' utilisation
are particular concerns with ethnic minority groups. Ethnic ~ °f health services, few studies have incorporated repeated
health disparities regarding water and sanitation, hygiene and ~ €thnic-disparity ~ monitoring ~ and  statistically ~ and
access to health-related resources are well documented in ~ Mmachine-learning-based comparisons of the models (Huda et
Bangladesh's past, but evidence for recent shifts in ethnic @l 2019; Khan etal., 2022; Pervin et al., 2021).

disparities in maternal health is limited to broad ethnic The aim of this research was to assess ethnic and
categories. Both the Multiple Indicator Cluster Surveys of  geographical disparities in maternal health coverage in
2019 and 2025 have maternal and reproductive health Bangladesh and to investigate the potential of Random Forest
indicators disaggregated by ethnicity. The published Other to improve the predictive performance over simpler statistical
category of household-ethnicity is a heterogeneous category, ~ models. Specifically, the study analysed the difference in
which is not a specific community but can be used cautiously maternal/ reproductive health coverage rates between Bengali
for monitoring inequalities at population-level (Alam, 2022; and Other household-ethnicity groups between 2019 and

Alam & Sheoti, 2024; BBS & UNICEF Bangladesh, 2019, 2025, compared district-level variation in institutional
2026). delivery rates, compared the performance of the ordinary

least-squares, ridge regression, and Random Forest models,

stringent test of transportability of the model (Breiman, 2001;
Meyer et al., 2018; Roberts et al., 2017; Shmueli, 2025).
While previous studies in Bangladesh have explored factors

https://www.researchbymahir.com/article/8fab00ef-Ocle-4dd4-8586-ec6152ac6c5e 1



Ethnic and Geographical Inequalities in Maternal Healthcare Coverage in Bangladesh in a Repeated. ..

and tested the robustness of the models using resampling,
sensitivity analysis, and permutation importance.

The study was guided by four research questions: How did
the reported ethnic differences in maternal and reproductive
healthcare coverage change between 2019 and 2025; What
was the relationship between the district-level variation in
institutional delivery and selected contextual indicators; Could
the results of the Random Forest model be anticipated to be
better than simpler models for the geographical holds-out; and
How consistent were the comparisons among the models
across geographical blocks
analyses? A novelty of the study is the use of repeated
ethnicity-disaggregated monitoring of maternal health with
geographically structured model evaluation while maintaining
the inequality, association, and prediction of the model
conceptually distinct. It's not so much a new algorithm, but a
clear accounting of persistent inequalities in maternal health
and whether in making public-health
surveillance more nuanced.

and across the sensitivity

there is value

2. Literature Review

2. Maternal care coverage and access

The first time a woman attends for antenatal care, repeated
contacts, institutional delivery and the assessment of the
postpartum status are separate service encounters. The three
delays framework separates out seeking, reaching, and
receiving care, and the access framework adds in service
characteristics and people's capacity to perceive unmet health
needs, pay, and engage. There is no single indicator that can
support continuity and quality on this pathway (Levesque et
al., 2013; Thaddeus & Maine, 1994).Financial, geographical,
household and service influences impacting delivery care are
identified in reviews. Just being available is not enough; it
also depends on perceived quality, treatment, transportation
and acceptability. Institutional delivery measures being born
at a facility but does not imply the safety or the experience of
the facility (Bohren et al., 2014, 2015; Gabrysch & Campbell,
2009).

2.2. Evidence from Bangladesh and ethnic
disaggregation

Studies in Bangladesh link timely attendance at antenatal care
with education and community factors, but they differentiate
between providers, contact frequency and timely attendance.
Socio-economic and regional variations in postnatal care have
also been recently found. The results of these findings would
suggest the need for a further analysis of inequalities that
happens at each service stage (Huda et al., 2019; Khan et al.,
2022; Pervin et al., 2021; Supti et al., 2026).Both inequitable
access to water, sanitation and hygiene as well as insufficient
policy recognition has been pointed at in the context of
Bangladesh in the research on ethnic inequalities. Similar
maternal-health tables include the monitoring question in
another service domain; however, it is not possible to identify
specific communities or mechanisms with the broad Other
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household-ethnicity category (Alam, 2022; Alam & Sheoti,
2024)

2.3. Geographical prediction and the research gap
Random Forest can capture nonlinear relationships, but better
predictive power needs to be demonstrated relative to simpler
models. There are different requirements for evidence in
description, prediction and explanation. An individual ethnic
disadvantage cannot be explained by district predictions nor
be determined as a modifiable cause, particularly in a small
ecological dataset (Breiman, 2001; Carriero et al., 2025;
Shmueli,2010, 2025).No previous single person studies and no
ethnic WASH studies offer a direct contrast of repeated
national maternal-care or district "held out" benchmarks. This
study is similar in the sense that it has all of the monitoring
questions yet maintains the estimands separate (Alam &
Sheoti, 2024; Huda et al., 2019; Khan et al., 2022; Pervin et
al.,, 2021).The absolute and relative ethnic comparisons
describe the service-specific shortcomings, whereas the
geographical validation considers the value of the complexity
of the model. The expanded workflow retained also includes
the elements of divisional trend inference, joint-coverage
bounds, and census-linked analyses, which will provide
outputs that are not currently available.

3. Methodology

3.. Study design and analytical workflow

This was a second quantitative study based on published
aggregate survey estimates. The first group was a repeated
cross sectional comparison of ethnic group percentages at the
national level. The second was an ecological modelling study
on the district level delivery coverage of institutional delivery
in 2019. Analysis of the components was carried out
independently, and interpretation of the components combined
only at the level of public-health monitoring. No linkage
between persons, households,
records with district predictions. Ethnic differences are not
identified as a function of wealth, education, residence or
service supply in the design (BBS & UNICEF 2019, 2021,
2026). The methodology is based on seven steps as shown in
Figure 1: data sources, data extraction and harmonisation,
equity trends, co-coverage bounds, models,
geographical validation and robustness and interpretation.
National, divisional and district estimates continue to be
analytical units. Microdata are not reconstructed within the
household and associations are not interpreted as causal
(Wakefield, 2008).

Note. Stages A and B prepare the data. Stages C and D address national and
divisional equity. Stages E and F address district association, prediction,
and geographical transportability. Stage G assesses stability and
interpretation.

clusters and ethnic-group

district

Implementation status. Available results include national
ethnic contrasts and a fixed model setting district benchmark.
Analyses for divisional ANC4 test, co-coverage bounds,
census linkage, HC3 inference, fractional logit, ablation,
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Fig. 1. Methodological workflow

grouped inner tuning, and population- or minority-weighted
evaluation are not available. Below are their statistical
specifications which are retained as components which are
either still to be implemented or recorded as outputs, but no
results from these components are claimed.

3.2. Stage A Data sources and analytical units

Three The reported analyses are based on three published
survey publications and an additional workflow is provided
that BBS 2011
ethnic-concentration measure and evaluation weights. Table 1
breaks out survey year, publication date, analytical unit, and
current use. The final report of the MICS 2025 was released in
June 2026. This District summary is based on the 2019
survey, not a third survey round (BBS & UNICEF, 2019,
2021, 2026).

includes the census for a district

Table 1. Data sources and analytical use

Publication | Reference period | Analytical unit | Analytical use
MICS 2019 national report | 2019 | Published ethnic-group
percentages | Historical ethnic coverage; divisional comparison
specified

MICS 2019 district summary, published 2021 | 2019 | 64 districts in
eight divisions | Four contextual predictors and institutional delivery
coverage

MICS 2025 Survey Findings Report, published June 2026 | 24
February-30 June 2025 | Published ethnic-group percentages |
Recent ethnic coverage; divisional comparison specified

BBS Population and Housing Census 2011 | 2011 | District population
and ethnic counts | Specified for ethnic concentration and evaluation
weights; linkage not reported

The 2025 MICS employed a 2-stage stratified sampling
design and engaged 61,207 households and 64,405 women in
their 15-49 age group. For the ethnicity analysis, there were
36 published estimates on nine indicators, two ethnicity, and
two survey years and for the ecological analysis, there were
64 districts in eight divisions. These published estimates are
not considered respondent-level observations (BBS &
UNICEEF, 2021, 2026).

Ethnicity was reported at household level and harmonised
as Bengali and Other. The Other category is not a specific
ethnic community, which does not offer any individual
estimates for the Chakma, Marma, Garo and Santal
communities. It was therefore only viewed as a general

category of household ethnicity (BBS & UNICEF, 2026).

3.3. Stage B Extraction harmonisation and variable
definitions

Structured extraction ledger was created with published
percentages, denominators, table details, page locations and
URLs. National ethnicity tables were matched using indicator,
survey year and category, and district data was harmonised by
district name. No individuals' records were reconstructed, and
no demographic or health values were imputed. To enable
census linkage the following information was found to be
required: Verified district consistent
district-to-division assignment, documentation of records
where information could not be matched, duplicate keys,
source anomalies, and historical ethnicity definitions.

records,
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The main equity goal was institutional delivery for women
aged 15-49 years who had a live birth in the last two years.
Other maternal indicators were skilled antenatal care, having
had four or more antenatal contacts, attendance at skilled
delivery, maternal postnatal checks and newborn postnatal
checks. Reproductive indicators included: Use of modern
contraceptive, use of modern family planning methods to meet
the family planning need, unmet family planning need.
Definitions and eligible populations were the same as in the
original MICS reports (BBS & UNICEF, 2019, 2026).

Institutional delivery coverage was the continuous outcome
evaluated in the context of district modelling. The contextual
predictors included literacy of women between 15 and 24
years, access to the internet in the household, ownership of a
mobile phone among women aged 15 to 49 years and early
childbearing. These were district level contexts, not
necessarily the features of the same women contributing to
outcome. Not included: Wealth, distance, facility readiness,
parity and language; not selected through stepwise
significance testing: Predicators (BBS & UNICEF, 2021;
Filmer & Pritchett, 2001; Heinze et al., 2018).

3.4. Stage C Equity trends and statistical uncertainty
The difference were signed absolute differences that is, the
difference between the Other-category percentage and the
Bengali percentage for each indicator and year. The negative
difference meant a lower coverage for positively oriented
services in the Other category. Unmet need was interpreted
separately as a lower % is favourable. The relative measure
was Other-to-Bengali ratio (percentage) published. The
difference in the signed gap was calculated as the difference
between the gap in 2025 and the gap in 2019. Positive change
was descriptive narrowing for maternal indicators for which
there were negative gaps in both years. This is not a difference
in differences causal estimator (Barros & Victora, 2013).

Let p be a published percentage, j be an indicator, t be a
year in which a survey was conducted, O be the category
Other, and B be the category Bengali. Signed gap D, coverage
ratio R and change in gap AD are defined as follows:

D_{jt} = p_{O,jt} - p_{B,jt}; R_{jt} = p_{O,jt} / p_{B,jt}
()

AD_j = D_{j,2025} - D_{j,2019} (2)

Gaps and gap changes were reported in percentage points
and coverage ratios were dimensionless. Narrowing was
interpreted as toward zero, but
family-planning need was measured separately with lower
scores being favourable. Since the indicators varied in
eligibility, direction, and meaning no pooled equity index was
built. Estimates were rounded to one decimal place and
rounding separated sampling
uncertainty.

a movement unmet

uncertainty ~ was from

Published weighted denominators were not converted into
numbers of successes and failures. If the survey weights,
strata and clusters, and design-based standard errors were not
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provided, then no new binomial confidence intervals,
chi-square tests or significance claims were created. Ethnic
differences were thus published as descriptive contrasts in
published point estimates (BBS & UNICEF, 2026).

Design-based standard errors should be used for change
over survey rounds in divisional comparisons of ANC4. If a
survey covariance is available, this can be included and the
standard error for the change will be the sum of the two
variances under independence.

6.d = p_{d,2025} - p_{d,2019};
(V(SE_{d,2025}A2+SE_{d,2019}/2)) (3)

The Holm adjustment is used to control the Family-wise
error rate for the 8 divisional tests. Arrange the unadjusted
p-values in ascending order, and compare the k-th p-value to
0.05/9 -k up to the first Report the
division-specific changes, the uncertainty of these changes
and unadjusted and adjusted p values (Holm, 1979). The
following tests are found in the manuscript without any
outputs reported. Weighted denominators are not able to
provide the missing design-based SEs.

zd = 6.d /

non-rejection.

3.5. Stage D Bounds on maternal co-coverage

The co-coverage analysis indicated specifies four indicators of
maternal care, which have a common eligible population and
reference birth. Together, they have 16 distributions of care.
The four indicators provided do not explicitly name the
indicators, so they need to be specifically named and
denominators need to be reconciled before numerical bounds
can be reported. In particular, if an ANC4 indicator is defined
for any of these providers, this does not mean that the
providers automatically provide skilled antenatal attendance.

Suppose that we have a four-element binary pattern, s, and
a population probability, gs, and a marginal coverage
proportion for service j, plJ The feasible set Q is the set of
non-negative probabilities of the pattern which sum to one and
generate all four marginals:

Y {s€{0,1}*} qs=1; 3 {s€{0,1}*} s jqs=pj;qs=2
0(4)

If there is an event A, then define ¢s = 1 for patterns that
satisfy A, and ¢s = 0 otherwise.If a pattern satisfies an event
A, define cs = 1; otherwise define cs = 0, where A is a defined
event. To find the sharp lower bound or upper bound,
minimise or maximise the sum of csqs over Q. The goal
chooses the pattern (1, 1, 1, 1) in case of receiving all four
services. “Sharp” is used to describe a case where every
endpoint is reached with at least one joint distribution that
meets the given constraints. It is not to imply that the joint
distribution is either known or estimated exactly. No
independence assumption is made.

Published rounding allows the rounding interval to vary
from one marginal to the other instead of forcing the rounding
to be equal to the published round. Structural restrictions are
only allowed if they are warranted by the source definitions.
For each group and year, report the target event, constraints
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that are feasible, the solver status, and endpoint solutions.
These are identification bounds given the marginals, not
confidence There is no numerical

survey intervals.

co-coverage result for this revision.

3.6. Stage E District association and prediction models
The same predictors and data partitions were used in the
comparison of four models. For the training mean, the
additive relationships were estimated by ordinary least
squares, for ridge regression, the standardisation of the
training set was used, and the L2 penalty was 1.0, for random
forest, 500 trees were used, maximum depth was three,
minimum leaf size was five, bootstrap sampling was applied,
and all four predictors were included at each split. The
random seed was fixed at 20261013 (Breiman, 2001; Riley et
al., 2019). Since the results were to be a continuous level of
institutional delivery coverage, regression metrics were
applied instead of classification metrics. The comparison was
conducted to determine if Random Forest offered additional
predictive value when compared to simpler models, without
the assumption that a more complex model would provide
more value (Christodoulou et al., 2019; Steyerberg et al.,
2010).

YU represents district institutional-delivery coverage on a
0-100 scale, and X[_x represents one of four contextual
percentages, reported for the same district. The intercept is
included in the additive specification:

Y_i=B_0+ Y {k=13}/M{4} B_k X_{ik} +€_i (5)

A coefficient on a predictor that is measured in percentages
is the difference in the outcome for every one percentage
difference in the predictor. To get the scale reported in the
association results multiply it by ten. Ridge uses an L2 penalty
for standardised predictor coefficients, but the intercept does
not have a penalty. Only each set of training data is used to
estimate the standardisation parameters. The existing forest
settings and ridge penalty were not chosen via grouped inner
cross-validation.

In addition, the extended version of the association model

includes the contextual covariates, census ethnic
concentration. To demonstrate ethnic concentration, the
numerator, denominator, reference year, and unit must be
explicitly specified, along with any transformations. The
specified
ethnic-population share. The primary change is not recorded
in the provided files, so there is not a specific variable that is
fitted as such. The ethnicity coefficient would be a conditional
association between districts, not an individual comparison of
Bengali and Other women.

The expanded OLS model is specified with HC3
heteroskedasticity-consistent incorporates

squared residuals into the sandwich covariance estimator,

sensitivity ~measure is the raw district

uncertainty. It

which means that the variance of the residuals is less biased to
the downside at high-leverage observations. Provide and
interpret coefficients on a specified scale, standard errors of
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the HC3, interval construction, and leverage diagnostics. HC3
directly model spatial dependence, survey
measurement error, or even uncertainty in the linkage to the
census. The coefficient intervals already given in Section 4.5
are division-block stability intervals, and cannot be labeled as
HC3 intervals.

does not

Fractional logit is the functional-form sensitivity analysis
that is specified. It works by clustering district coverage into
100 buckets with a logistic conditional mean, and has
Bernoulli quasi-likelihood and robust uncertainty. The answer
is still a district proportion and no man-made individual event
counts are reconstructed (Papke & Wooldridge, 1996).

E(y_i|Z_i)=1/(1 + exp(-Z_i'y)) (6)

The vector Z contains the intercept and the documented
census and contextual predictors. Report average marginal
effects on the percentage-point scale to compare the
fractional-logit and linear specifications. Ablation compares
equivalent
ethnic-concentration term, using identical outer folds and the
same evaluation weights. A separate phone-covariate
sensitivity compares inclusion and exclusion of phone
ownership. The associated HC3, fractional-logit, and ablation
outputs are not available in the current results.

otherwise models with and without the

3.7. Stage F Geographical validation and performance
measures
Primary validation was with eight-fold leave-one-division-out
cross-validation. A model not previously trained on a district
from a district's division predicted each district. The number
of districts in the training sets was between 51 and 60, and 4
and 13 districts were in the test sets. Standardisation was only
applied to the data of training. The division identifiers were
used to identify partitions, rather than to predict it. This
geographically structured design would allow for testing
transfer between the observed divisions more directly than a
random split design that would introduce some local spatial
dependence, but does not rule out all spatial dependence nor
test transfer to a later year (Kapoor & Narayanan, 2023;
Meyer et al., 2018; Roberts et al., 2017).The entire process
comprises of outer cross validation with grouped inner cross
validation in each outer training set. All preprocessing, feature
selection and tuning should be performed in the inner test
division, which should not be accessible to the outer test
division. The inner folds are controlled to stop them from
moving so they can be trained; settings are determined by a
loss and a search grid; The pipeline is refitted on the entire
outer training set before it predicts the outer division. There
are eight divisions in total with seven of them being training
divisions for inner validation. The search grid, grouping, tie
rule, selection metric and selected settings need to be
documented. There are no fixed-setting predictions that are
available to be used as benchmarks and are not reported in this
nested procedure.

Pooled mean absolute error (MAE), root mean squared
error (RMSE) and held-out R-squared were used to summarise
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performance. The values of MAE and RMSE are given in
percentage points. Calculations for R squared were done on all
64 held out predictions as opposed to an average of the R
squareds in each of the divisions. The mean signed prediction
error was tested for geographically concentrated over
prediction and the division specific errors were tested for the
under prediction.

Let the residual be the difference between the predicted
coverage and the reported coverage of the district i, e[] > 0;
use the evaluation weight, wlJ = 0, for the district i. The
average absolute discrepancy (ADE) is summarised by MAE
and the root mean square error (RMSE) accentuates large
discrepancies.

MAE_w = (3_{i=1}Mn} w_ile_i}) / (3_{i=1}{n} w_i);
RMSE_w = V((C_{i=1}Mn} w_i e_ir2) / (3_{i=1}/{n}
w_i)) (7)

Held-out R? compares the pooled squared prediction error
with variation around the corresponding weighted observed
mean:

R wA2 =1 - (G _{i=1}Mn} w_i e_iN2) / (3 _{i=1}/{n}
w_i(YO-0O w)NAB)

Pooled held-out \(RA2\) was calculated using the weighted
observed mean and the mean signed error showed the
systematic overprediction or underprediction. The measures of
performance were derived from the predictions made at the
district level, not the districts' average scores. The results
reported here were based on equal district weighting. The
population and minority weighting were also given in terms of
census population and ethnic-population, respectively, but not
reported. These weights are geographical evaluation weights
and not sampling weights for the MICS or individual
maternal-risk weights and minor weighting does not measures
prediction accuracy specifically for minority women.

3.8. Stage G Robustness diagnostics and interpretation
The stability of the performance was evaluated via conditional
stability with 2,000 bootstrap resample replicates of the eight
blocks of fixed held-out predictions.
Conditional stability intervals were reported for the 2.5th and
97.5th  percentile. The
survey-design intervals, external-validation
intervals, or full retraining uncertainty (Efron, 1979;
Varoquaux, 2018). To compare the performance of Random
Forest with that of each comparator, paired resamples were
performed, where negative Random Forest-minus-comparator
error values represent better Random Forest performance.

division-level
intervals are not necessarily
confidence

The ordinary least-squares coefficients are reported per
10-percentage-point change in each predictor for
interpretability and a stability analysis of the coefficients was
conducted using the same division-block resampling. The
weighted increase in MAE after 30 permutations for every
predictor was used as an estimate of the Random Forest
permutation importance. Carriero et al. (2025) interpret
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"importance" as model dependence, rather than as a causal
mechanism or causal explanation of ethnic inequality.

The outcomes and records that had flags on either the
predictor or the outcome were removed from the analyses, and
alternative depths and minimum leaf size for the Random
Forest were tested, in addition to geographical validation, and
comparison to random 8-fold splitting. Other checks included
alternative ethnic-concentration specifications, introduction of
phone ownership, influential districts, residual patterns and
predictions outside the 0-100 range.

Analyses were conducted in Python 3.13.5 using NumPy
2.3.5, pandas 2.2.3, SciPy 1.17.0, and scikit-learn 1.8.0.
Reporting was in line with the STROBE principles and
applicable  TRIPOD+AI
acknowledging that the prediction unit was the district rather
than the individual patient (Collins et al., 2024; von Elm et al.,
2007).

transparency  principles, but

4. Results

41. Ethnic differences across the maternal-care
pathway

Table 2 shows 9 indicators and associated contrasts. In both
rounds, the maternal-service point estimates were each less for
Other. The rate of institutional delivery increased from 17.3%
to 43.3% in Other households and from 53.8% to 71.2% in
Bengali households. The deficit gap was reduced from 36.5
percentage points to 27.9 and the ratio of Other/Bengali
to 0.61, respectively. These are
survey populations, not

increased from 0.32

comparisons  of

comparison.
Table 2.Indicators

intra-woman

Indicators | Bengali 2019 | Other 2019 | Bengali 2025 | Other 2025 |
2025 gap | Gap change

Skilled antenatal care >1| 75.7 | 26.5 | 89.9 | 64.9 | -25.0 | 24.2
Antenatal contacts >4 | 372 | 91| 43.4 | 20.8 | -22.6 | 5.5
Institutional delivery | 53.8 | 173 | 71.2 | 43.3 | -279 | 8.6

Skilled delivery attendance | 59.4 | 19.3 | 778 | 52.6 | -25.2 | 14.9
Maternal postnatal check | 65.6 | 42.9 | 70.5 | 691 -1.4 | 21.3
Newborn postnatal check | 66.9 | 42.9 | 72.8 | 68.7 | -41| 19.9
Modern contraceptive use | 591| 61.3 | 54.6 | 631| 8.5 | 6.3
Demand satisfied: modern | 774 | 79.3 | 73.4 | 801| 6.7 | 4.8
Unmet family-planning need | 13.7 | 13.9 | 16.2 | 13.5 | -2.7 | -2.9

The gap between skilled antenatal attendance and Other,
Bengali households decreased by 38.4 and 14.2 points
respectively to 25.0 points. The four or more contacts gap
dropped from 28.1 to 22.6 points and 2025 coverage was
20.8% and 43.4%, respectively. Skilled delivery attendance
was 52.6% and 77.8%, respectively, showing a 25.2 point gap
from 40.1 points in 2019.

To compare the signed ethnic gaps, no arbitrariness was
required in choosing the direction on all indicators; the result
is shown in Figure 2.
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Skilled antenatal care >1
Antenatal contacts >4
Institutional delivery
Skilled birth attendance
Maternal postnatal check
Newborn postnatal check
Modern contraceptive use
Demand satisfied: modem

Unmet family-planning need
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Difference (percentage points)

W 2025 ®m2019

Fig. 2. Signed ethnic differences in published coverage

The difference between prenatal and delivery failures was
still larger than the difference between postnatal-check
failures. A lack of subgroup sampling uncertainty does not
constitute a descriptive narrowing, as this information was not
available.

The gap for maternal postnatal check was lowered from
22.7 to 1.4 points; and for newborn check, it was lowered
from 24.0 to 4.1 points. These co-occurring check indicators
cannot create equivalency of timing, content, and/or quality of
care. Rounding gaps are less than the antenatal and delivery
gaps, but do not address survey precision.

4.2. Family planning did not follow a uniform
disadvantage pattern

In both rounds there was a higher rate of modern
contraceptive use in the Other category. Its advantage
increased from 2.2 to 8.5 points, reaching 63.1% versus 54.6%
in 2025. In 2025, there was a 6.7-point gap in favour of
demand met with modern methods. Unmet need increased by
2.7 points, from 0.2 point in 2019 to 2.7 points in 2025, with
estimates of 13.5% and 16.2%.

This pattern shows that it is not appropriate to aggregate all
the reproductive and maternal indicators to one deficit score.
Indicated family-planning  and
recent-birth indicators cannot refer to the same population of
women. There was uncertainty about sampling for the smaller

differences  between

differences that was not tested.

4.3. Geographical heterogeneity in institutional
delivery

The mean coverage of institutional delivery was 52.0% across
64 districts, the standard deviation 17.3 points and the median
52.8%. The interquartile range was 41.3%-65.6% and the
coverage was from 15.4% in Bandarban to 93.1% in
Meherpur. The district summary figures are not weighted and
are not the same as the national figure of 53.4% based on the
weighted district survey results.

The mean literacy rate of women aged 15 —24 was 88.8%,
while 34.1% of households had Internet access, 69.0% of
women owned mobile phones, and 24.7% of women were
early mothers. There were no missing variables selected.
There were 16 districts with outcome precision flags and 19
with a flag for any flagged variable. All were included in the
main analysis and examined using exclusion sensitivities.

Variation within and between divisions is illustrated in
figure 3, and outcomes that have been marked as sources are
shown. These district estimates are based on the geographical
aspects of the area without indicating the experience of
specific groups of ethnicities within each district.

4.4. Geographical validation favoured simpler models

Held out performance is summarised in Table 3. The lowest
MAE was obtained by ridge (11.13 percentage points),
followed by ordinary least squares with MAE of 11.19,
random forest with MAE of 11.97, and the training mean with
MAE of 15.44. Root mean squared errors were 14.14, 14.23,
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Fig. 3. Institutional delivery across 64 districts in 2019

15.19, and 18.51 points, respectively; pooled held-out
R-squared values were 0.322, 0.314, 0.217, and —0.162.

Table 3. Prediction performance under leave-one-division-out
validation

Model | MAE | Conditional 95% MAE interval | RMSE | Held-out R?
Training mean | 15.44 | 12.48-1913 | 18.51 | -0162

OLS | 1119 | 9.30-13.46 | 14.23 | 0.314

Ridge | 1113 | 9.20-13.39 | 1414 | 0.322

Random forest | 11.97 | 9.61-1511 | 1519 | 0.217

Note. Each district was predicted using a fixed-setting model trained without
its division. The diagonal represents perfect agreement. Source: analysis of
BBS and UNICEF (2021) district estimates.

There were large local gaps between both models and
observations, with smaller differences to observations than the
models predicted. This agreement is not about individual
delivery options but rather district estimates.

The block-resampling 95% ClIs for MAE were 9.20-13.39
for ridge, 9.30-13.46 for ordinary least squares, 9.61-15.11
for Random Forest and 12.48-19.13 for the training mean
(Figure 5).

Note. Whiskers are conditional 95% intervals from 2,000 resamples of fixed
prediction-error blocks. They are not survey-design
confidence intervals and do not propagate all refitting uncertainty.

The the  paired Random
Forest-minus-ridge MAE was 0.84 points with a conditional
interval of —0.04 to 1.92. The mean difference from the
training was —3.48 points (interval —7.20 to 0.49). The
intervals are not necessarily algorithmic superior and do not

division-level

difference  between

R S T T oS T T
include survey uncertainty, but include some fitting
uncertainty.

The MAE value of the Random Forest model ranged from
23.00 points in Barishal district to 7.78 points in Sylhet. The
mean signed errors were +23.00 and —14.46 for Barishal and
Khulna respectively. So, the sign of some of the errors was
counteracted by the combined bias of —0.51 points.

4.5. Interpretation and sensitivity checks

The division-block coefficient interval for the all-district
linear model was 18.90 (11.34-30.83) points of delivery
coverage for a 10 point difference in literacy. Internet access,
phone ownership and early childbearing had corresponding
coefficients of 2.35, 1.75 and 1.91 points, respectively, over a
range of zero. These are associations that occur between
districts, but do not have any causal interpretation.

Permutation importance of held out random forest is shown
in figure 6. The average MAE was greater for women who
permuted literacy than for women who did not (2.59 points
versus 0.35 points for internet access, —0.01 points for phone
ownership and 0.02 points for early childbearing).

Note. Values are test-size-weighted mean increases in MAE from 30
within-division permutations per predictor. Negative importance is retained.
These values describe model dependence, not causal effects.

Importance was different for each division and some of the
values were negative. Within this model, literacy was the
strongest contextual signal but its mechanism and why there
are national ethnic gaps could not be established by the
analysis.
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For 16 outcome-flagged districts, the ridge and Random
Forest MAEs were 12.38 and 12.87 points. Excluding all
selected-variable flags left 45 districts and MAEs of 11.37 and
11.90. MAE values were between 11.90 and 12.40, greater
than the principal ridge estimate, across four alternative forest
specifications. Lower errors of 10.15 and 11.17 were obtained
with random 8-fold splitting, and considered a different
geographical transfer task.

The results reported do not include the extra components of
Figure 1: divisional ANC4 inference, co-coverage bounds,
census-linked association models, and nested and weighted
validation. Without them, they can only be used to make the
descriptive contrasts and the fixed-setting benchmarks above.

5. Discussion

5.1. Coverage progress and remaining inequalities

The antenatal and delivery coverage was found to have
improved in the category Other with significant variations in
2025. Described using absolute measures: The gap between
institutional delivery and the coverage ratio has risen to 0.61,
but the gap between institutional delivery has remained at 27.9
points. fail to reflect the
compositional changes in populations as well as changes in
treatment/service provision (Barros & Victora, 2013; Victora
et al., 2003).

The findings indicator needs to be read indicator by
indicator, as is the case in the Other category which has high
levels of contraceptive use and satisfaction with the demand
for contraceptives. The difference between services is in the
number of people that the services serve, the type of delivery
method, and the need for resources, but the information
available does not specify which factors cause the difference.
Ethnicity research on WASH has paved the way for
disaggregated monitoring, but it does not provide ways of the
maternal-health differences (Alam, 2022; Alam & Sheoti,
2024)

Both measures impact of

5.2. Different stages of care warrant different
responses

Clinically similar material or quality does not necessarily
occur when there are closer intervals between postnatal
checks. The attendance timeline for antenatal care is distinct
from the number of contacts attended and the disparities in the
rate of postnatal visits by socioeconomic and regional
divisions have been found in Bangladesh studies. These
dimensions also do not appear to overlap in some manner with
ethnicity as revealed by two category tables (Pervin et al,
2021; Supti et al., 2026).Three delays in access and three
delays in the framework outlined by (Levesque et al., 2013)
and (Thaddeus & Maine, 1994) suggest that distance, cost,
communication, trust and referral are possible barriers to
access. In a pluralistic system, the affordability and respectful
care also need to be assessed when there is an increase in the
number of facilities contacted. In this case, these mechanisms
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were not actually measured (Ahmed et al., 2013; Bohren et al.,
2015).

5.3. What the district models contribute

Literacy was the most succinct contextual indicator, and was a
general correlate of other indicators identified in studies in
Bangladesh that associate
characteristics with facility use. However, district coefficients
are not able to account for the adjusted individual association
(Huda et al., 2019; Khan et al., 2022), and they also suffer
from not being able to capture the population composition,
services and unobserved context.Connectivity measures as

education and community

incremental predictions have also weak ability to predict the
effectiveness of digital-health interventions.

Near-zero or negative permutation importance can be due
to relationships that are unstable or due to information
overlap.  Within-division
information due to the variability in the districts within a
withheld division and is unable to recover all of the
between-division information (Carriero et al., 2025; Shmueli,
2025). The point-estimate error for the tested forest was
greater than ridge and ordinary least squares; this suggests that
the forest is acceptable for comparing with other benchmarks,
but other predictors or nested tuning are free to be assessed
(Breiman, 2001; Christodoulou et al., 2019).

permutation  calculates  the

5.4. Geographical validation changes the interpretation
of usefulness

The lower random-split errors illustrate the impact of the
validation design on the change in prediction task.
Withholding divisions assess (Meyer et al., 2018; Roberts et
al., 2017).Beyond a region represented in training. This is not
temporally validated and there may be some spatial influence
which is common among administrative divisions. There were
also errors as published results were considered as fixed
targets and therefore unpredictable (Wakefield, 2008).

It's significant that it is argued against the division-specific
bias in order to see why a small pooled bias cannot claim to be
useful locally. Conditional block intervals are stability
intervals over observed divisions, and don't necessarily
include all future prediction uncertainty. In this small sample,
however, a small difference in performance is not enough to
warrant implementation (Riley et al., 2019; Steyerberg et al.,
2010; Varoquaux, 2018).

5.5. Implications for equity-sensitive analytical

practice

The  district  benchmark does not include an
ethnic-composition predictor, thus errors do not allow for fair
comparisons between Bengali and Other
performance summary at the area level would still be
generated even if it was purely on the basis of census
minorities. In the case of individual fairness assessment, the
outcomes and predictions should be given for the groups of
interest (Leslie et al., 2021; Rajkomar et al., 2018)The
institutional delivery indicator measures service contact and

women. A
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not need or service quality. Before assuming their use,
operational use of target selection and proxy variables should
be considered (Obermeyer et al., 2019). This would require
individual prediction to be calibrated in the future, and further
to be evaluated in subgroups and validated externally.
Reporting standards can be used to make the models
transparent, but they do not provide evidence for model
validity (Collins et al., 2024; On behalf of Topic Group
‘Evaluating diagnostic tests and prediction models’ of the
STRATOS initiative et al., 2019; Shmueli, 2025)

5.6. Public-health and policy implications

As there is no ethnic-composition predictor in the district
benchmark, it is not possible to make a fair comparison
between Bengali and Other women. Even if it were only
census population of minorities that was strictly used for
weighting, a performance summary at the area level would be
created. Outcomes and predictions are needed for groups of
interest for individual fairness assessment (Leslie et al., 2021;
Rajkomar et al., 2018).

The institutional delivery indicator does not measure need
or service quality, but is rather a measure of service contact.
The use of target selection and proxy variables should not be
assumed, but should be looked at operationally (Obermeyer et
al., 2019). If prediction was to be individualised then it would
have to be calibrated and the subgroups assessed and validated
in the future. Standards of reporting offer transparency but do
not provide evidence of the validity of the model based on
district MAE alone (Christodoulou et al., 2019; Collins et al.,
2024; Shmueli, 2025)

5.7 Limitations and future research

Marginal tables published in the public documents do not
allow for individual level ethnic comparisons or modelling at
the household level, and changes across survey rounds may be
due to service changes, population changes, or sampling
variation. This is because there were no ethnicity-specific
standard errors and no weighted denominators were treated as
numbers of observations for formal inference. The ethnic
classification at the household level is not able to identify
individuals or specific minority groups.

The ecological analysis used only 64 districts and four
predictors; factors like transport, facility readiness, parity and
minority population share were not included. As such, the
associations at the area level should not be viewed as
Only one survey round and eight
administrative holdouts were used in the validation and

individual effects.

several expanded analyses were not carried out.

Further studies should utilize authorized microdata that
includes information on the design of the survey, more
detailed categories of ethnicity (where rules of disclosure
allow), the multiple surveys for temporal validation, and
independent measures of service accessibility. Qualitative
research with minority communities is also required to explore
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how the differences in coverage explained in the observations
can be understood.

6. Conclusion

While several gaps in maternal care is expected to be
narrowed between 2019 and 2025, there are still big gaps in
antenatal and delivery care. The meaning of family planning
indicators needs to be worked out individually. Random
Forest was not superior to linear models in the 64-district
benchmark when the validation was done by dividing the data.
Results are supportive for service specific monitoring,
geographical performance assessment, but do not confirm
individual ethnic effects and causal mechanisms, and do not
indicate operational readiness. Conclusions for joint coverage
should be drawn first and then the other analyses.The other
analyses (ethnic concentration analysis on census and nested
weighted predication analysis) should be conducted after joint
coverage analysis.
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