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Abstract 

Background  Assessing maternal health care utilisation is imperative for the health of both mother and her child. 
Maternal education is an important determinant in subsequent maternal health care usage, according to research. 
There is a dearth of research on the causal relationship between maternal education and maternal health services 
as well as examining the performance of different propensity score methods for estimating absolute effects. There-
fore, this study aims to estimate the effect of maternal education on usage of maternal health services minimising 
the confounding effect and to compare different propensity score approaches to estimate absolute effects of mater-
nal education on usage of maternal health services.

Methods  We used data from a cross-sectional study conducted by icddr,b in Bangladesh. A total of 1300 recently 
delivered mothers were included in this study. We used different propensity score (PS) methods to estimate the causal 
effect of maternal education on receiving maternal health services, including PS matching, PS weighting, covariate 
adjustment using PS, as well as used modified log-Poisson regression with and without multiple covariates.

Results  The study revealed highly imbalanced possible confounding factors for mother’s educational level, 
which might lead to erroneous estimates. All methods indicated a significant effect of higher maternal education, 
whether measured as a continuous scale or a binary variable (secondary or higher vs. below secondary) on maternal 
health services, significantly increased the likelihood of receiving four or more ANC, delivered at facility, PNC within 42 
days and receiving all maternal health services compared to the mothers with lower level of education. The PS 
weighting provided precise estimates with a low range of confidence interval.

Conclusions  The results provided important insights on how well these techniques worked to reduce effect of con-
founding variables and achieve precise estimates. Propensity score weighting method performed better in terms 
of providing more precise estimates with a narrower range of confidence intervals, indicating that this method may 
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be a reliable approach for estimating the causal effect of maternal education on maternal health service utilisation. 
However, careful consideration should be given to selecting the most appropriate method.

Keywords  Maternal education, Health services, Observational study, Causality, Confounding, Comparison, 
Bangladesh

Text box 1. Contributions to the literature

• This study uses advanced propensity score methods to rigorously esti-
mate the causal effect of maternal education on maternal health service 
utilisation in Bangladesh, addressing a gap in existing literature.

• By comparing multiple propensity score methods and covariate adjust-
ment methods, the research provides insights into the most effective 
techniques for minimising confounding in observational studies.

• The findings emphasise the critical role of maternal education 
in improving health outcomes, informing policymakers to target educa-
tional initiatives for women, especially in hard-to-reach areas of Bangla-
desh, to enhance maternal health service utilisation.

Introduction
Globally, approximately 810 women died every day from 
avoidable causes associated with pregnancy and delivery 
in 2017 [1]. Bangladesh maternal mortality and Health 
Care Survey (BMMS) 2016 reported that maternal mor-
tality ratio (MMR) is 196 per 100,000 live births [2]. 
Maternal deaths are caused by a variety of factors that 
vary by location. Maternal mortality is high as a result 
of low levels of maternal health care seeking behavior, 
particularly in developing countries [3]. Maternal health 
has become a global priority since maternal health care 
services can save the lives of millions of women of repro-
ductive age [3]. It refers to the mother’s health through-
out her pregnancy, childbirth, and postpartum period. 
Maternal health care services are antenatal care (ANC), 
delivery care and postnatal care (PNC) services. How-
ever, maternal health care utilisation among women is 
low [4]. For maternal survival to improve, women’s use 
of health services during pregnancy, childbirth, and early 
childhood must increase [5].

Bangladesh Demographic and Health Survey (BDHS) 
2017-18 which includes estimates for the three years 
prior to the survey, documented that about 47%, 49%, 
and 52% of women who had a live birth had four or more 
ANC visits throughout their pregnancy, delivered at a 
health facility, and had postnatal care from a medically 
qualified provider within two days of delivery, respec-
tively [4]. On the other hand, the most recent Sustainable 
Development Goals (SDGs) aimed to reduce MMR to 70 
per 100,000 live births worldwide by 2030 [6].

Evidence from the previous study indicates that mater-
nal education is a significant predictor of health care 
utilisation, even when controlled for the household’s 

socioeconomic status [7, 8]. However, these findings are 
based on different observational studies. These studies 
include those conducted in Latin America [9, 10], Africa 
[11–14], and Asia [15–18]. A randomised controlled 
trial (RCT) would ensure whether these associations 
are causal [19]. However, due to the complexity of such 
a design, observational studies are common in practice, 
where the researcher has no control over the background 
characteristics or the random allocation of treatments 
[20]. Therefore, using observational studies to assess the 
causal treatment effect is not feasible unless confound-
ing factors are controlled, at least to a certain extent. Pan 
et al. [21] highlighted that propensity score methods are 
widely recognised and effective statistical tools for reduc-
ing selection bias in observational data, thereby enhanc-
ing the validity of causal inferences drawn from such 
studies. A study applied propensity score method in a 
cross-sectional study conducted by Sekine et  al. [22] to 
evaluate causal effect of child marriage on unmet needs 
for modern contraception, and unintended pregnancy.

Propensity score (PS) is a very practical and widely 
used tool, was first proposed by Rosenbaum and Rubin 
[23–25] has been used for strengthening causal effect 
estimates using observational data by minimising the 
confounding that occurs frequently in observational 
studies. There are several approaches that utilise the 
PS for minimising confounding: matching on the PS, 
inverse probability of treatment weighting using the PS, 
covariate adjustment using the PS and stratification [23]. 
When the outcome is binary, the treatment’s effect can 
be expressed using relative measures of effect (the odds 
ratio and the relative risk). Moreover, maternal mortality 
varies considerably throughout Bangladesh, with hard-
to-reach places having high rates [26]. There is a dearth 
of research on the causal association between maternal 
education and maternal health services in these areas as 
well as examining the performance of different propen-
sity score methods for estimating causal effect. There 
is a lack of clear guidance on how to make a sensible 
choice between the various PS methods and conventional 
covariate adjustment for this type of database. A study 
documented that while PS methods have theoretical 
advantages over conventional covariate adjustment, their 
relative performance in real-world scenarios is poorly 
characterised [27]. The authors compared different PS 
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methods and traditional covariate adjustment based on 
precision (standard error) using four large-scale cardio-
vascular observational studies [27]. Therefore, this study 
describes and applies the PS methods to estimate the 
effect of maternal education on maternal health services 
using observational data with mothers from hard-to-
reach areas in Bangladesh and compares the results from 
different approaches for estimating the causal effect. It is 
beneficial to conduct this study as there is no study that 
estimates the causal relationship between maternal edu-
cation and maternal health services using appropriate 
methods i.e., propensity score methods in case of obser-
vational study.

Methods
Study design and setting
We used data from a cross-sectional study conducted by 
icddr,b from October – November 2019 in Bangladesh. 
The study was conducted in 13 sub-districts located adja-
cent to 12 different hard-to-reach coastal areas of Bangla-
desh (Additional file 1: Appendix 1).

Study population, sampling technique and sample size
The study included mothers who delivered six months 
prior to the survey. The survey’s inclusion criteria were 
recently delivered mothers with a child aged 0 to 6 
months. A simple cluster sampling procedure was imple-
mented to select the mothers. A total of 1300 recently 
delivered mothers were finally interviewed.

Data collection
The data was collected through a face-to-face interview 
with the help of structured questionnaires. The question-
naire consisted of socio-demographic characteristics, 
ANC history, PNC history, delivery history. It specifically 
asked the information on the number of ANC visits, PNC 
visits, and the place of delivery. A team of field research 
managers and six female data collectors were trained in 
research ethics and questionnaire administration. Face to 
face interviews were conducted to collect the data.

Outcome variables
This study employed four outcome variables: receiving 
four or more ANC, facility-based delivery, PNC within 
42 days, and receiving all these three above-mentioned 
maternal health services. These four variables were con-
sidered being binary variables in conducting the analy-
sis. The first outcome variable, four or more ANC visits 
was recorded as a 1 for mothers who had four or more 
ANC visits, whereas those who had less than 4 visits 
were coded as 0. The place of the delivery is indicated 
by the second outcome variable, facility-based delivery. 
Respondents were asked about whether the delivery was 

at home or health facilities, including medical college 
hospital, district hospital, upazilla health complex, fam-
ily welfare center, NGO clinic, private medical college 
hospital/clinic. The place of delivery had been grouped 
into two categories, home and facility-based delivery 
and coded as 0 for home delivery and 1 for facility-based 
delivery. A response to the third outcome variable, PNC 
within 42 days, was recorded as 1 if the respondents 
received PNC within 42 days, otherwise, it was coded 
as 0. The fourth outcome variable receiving all maternal 
health services (four or more ANC, facility-based deliv-
ery and PNC within 42 days) coded as 1 if the respond-
ents received all above-mentioned maternal health 
services otherwise coded as 0.

Exposure
In this study, we considered maternal educational level as 
the exposure, analysing it both as a continuous variable 
and as a binary categorised scale. The education system 
in Bangladesh has three levels: primary, secondary and 
higher education [28]. Aside from that, as indicated by 
the National Education Policy (2010), the primary educa-
tion level has been extended to the eighth grade [29]. This 
study categorised the mother’s education level into two 
groups. An education level with > 8 was used to classify 
the individual as exposed to secondary or higher educa-
tion level, coded as 1, otherwise introduced as having 
below the secondary level of education, coded as 0.

Covariates
Several socioeconomic and demographic characteris-
tics were considered as potential covariates in this study 
based on the literature review and the design of the study. 
These included religion (Islam and Others), husband 
education (> 8 and < = 8), distance to health centre in km 
(0–1, 2–3, and 4 or more), age at marriage in years (less 
than 18, 18 or more), pregnancy number (1, 2, 3, and 4 
or more) and wealth quintile (poorest, poorer, middle, 
richer and richest). Wealth quintile was calculated based 
on ownership of household goods (such as housing mate-
rials, type of latrines, availability of electricity, and own-
ership of radio and/or television, etc.) using the principal 
component analysis (PCA) method.

Figure 1 presents the relationships between the vari-
ables to illustrate the hypothesised causal relation-
ships between maternal education and the utilisation of 
maternal health services. We identified maternal edu-
cation as exposure and utilisation of maternal health 
services as outcome variables, and rest of the variables 
as covariates as we aimed to isolate the total effect 
of maternal education on receiving maternal health 
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services without any decomposition, by adjusting for all 
measured covariates.

Statistical analysis
We used the statistical software package Stata 14 [30] and 
R 4.3.3 [31] to perform the analysis. Descriptive statistics, 
including frequency and percentage were used to illus-
trate the distribution of the mothers receiving maternal 
health services across a set of socioeconomic and demo-
graphic characteristics. To show the distribution of 
maternal education within the same set of characteris-
tics, we reported frequency and percentage for catego-
rised maternal education, and mean and standard 
deviation (SD) for continuous scale of maternal educa-
tion. The p-value from the chi-square test in case of cate-
gorical variables and two sample t-test (covariates with 
two categories) or ANOVA (covariates with more than 
two categories) for continuous variables were reported to 
show the association or difference, respectively. We used 
the propensity score (PS) methods to reduce the con-
founding effect and assess the causal effect of exposure 
considering both binary and continuous exposure to 
investigate whether the effects of maternal education on 
receiving maternal health services (ANC, facility-based 
delivery and PNC) exists. We fitted modified log-Poisson 
regression models employing generalised estimating 
equations (GEE) framework to account for clustered data 
obtained from 13 sub-districts for our four binary out-
come variables. The modified log-Poisson approach is 
generally preferred to estimate risk ratio (RR) in case of 
binary outcome variables [32]. In the context of GEE to 
analyse clustered outcome data, we have used an 

exchangeable working correlation matrix. It is natural to 
use such a working correlation matrix when the outcome 
data are measured at a single point in time and the clus-
tering arises through some natural grouping of individu-
als (e.g., in different areas) [32]. We reported crude RR, 
adjusted RR, RR after incorporating PS and their corre-
sponding 95% confidence interval (CI) from the modified 
log-Poisson regression models under GEE approach. A 
study conducted by Elze et al. (2017) using four observa-
tional cardiovascular studies, reported standard error 
(SE) on the effect (i.e., log hazrd ratio) scale, and com-
pared which method provides precise estimates based on 
SE. We compared the commonly used PS methods 
(matching, weighting, covariate adjustment), along with 
unadjusted and multivariate adjusted method in terms of 
CI range. We considered the usual sandwich variance 
estimator when employing weighting approach. Absolute 
standardised mean differences (SMDs) before and after 
incorporating PS were used to assess the balance in 
covariates. For binary variable, SMDs are calculated as 
difference between two sample percentage derived from 
exposed and unexposed groups divided by the pooled 
standard deviation, SMDj =

p1j−p2j

p1j 1−p1j +p2j (1−p2j )

2

 , where p1j and p2j 
are the weighted prevalence of covariate j in exposed and 
unexposed group. Absolute SMDs values of less than 0.1 
are considered negligible [33].

Propensity score methods for binary exposure
Propensity score
The probability of receiving a treatment conditional on 
a set of observed covariates is known as the propensity 

Fig. 1  Causal diagram indicating relationship among covariates, maternal education and the utilisation of maternal health services
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score [23]. It can be defined as, π i = p(Zi = 1|Xi) ; 
i = 1,2, . . . n , where Zi is the treatment indicator (expo-
sure: maternal education, taking 1 if mothers exposed 
to secondary or higher level of education), X ′

i s
 (religion, 

husband education, distance to health centre, age at mar-
riage, pregnancy number and wealth quintile) are the 
given covariates and π i is the propensity scores (PS) [23]. 
The propensity scores ( π i ) were estimated using modi-
fied log-Poisson under GEE approach, where maternal 
education status as the dependent variable and all other 
given covariates serving as covariates in the model.

PS matching
PS matching is the process of producing matched sets 
of exposed and unexposed subjects who have a propen-
sity score that is similar in value to one another [34]. Pair 
matching (one-to-one matching) is the most common 
application of PS matching [33]. Only one untreated sub-
ject (below the secondary level of education) is matched 
to one treated subject (exposed to secondary or higher 
education level) who have similar estimated PS value to 
produce matching pairs in pair matching. As a result, 
this method may not utilise data from all participants. 
This matching can be improved by persisting that pairs 
cannot differ by more than a fixed value which is called 
caliper. We considered a caliper of width equal to 0.2 of 
the standard deviation of the logit of the propensity score 
as this caliper width has been found to perform well in a 
wide variety of settings [35]. We also considered two-to-
one matching in our analysis to have a larger sample in 
PS matching analysis, where two untreated subjects are 
matched to one treated subject. PS matching provides 
an estimation of the average treatment effect among the 
treated (ATT) parameter [21], focusing on the mothers 
who received secondary or higher education.

PS weighting
This method utilise data from all participants. There are 
various types of weighting methods, including inverse 
probability of treatment weighting (IPTW), standard-
ised mortality ratio weighted (SMRW) and stabilised 
weighting (SW) method. This present study samples are 
weighted using commonly used inverse probability of 
treatment (exposed to secondary or higher education 
level or not) weighting [33, 36] to ensure that they are 
representative of specific populations [37]. The IPTW 
that documents estimation of the average treatment effect 
(ATE) parameter can be defined as, W1 =

z
πi

+
1−z
1−πi

 . An 
alternate weight that documents estimation of the ATT 
can be defined as,W2 = Z + (1− Z) πi

1−πi
   (Z is the indi-

cator of maternal education status and  πi   is the esti-
mated propensity score) [34]. These weights are then 

incorporated into the outcome model. Marginal compu-
tations was conducted to determine the treatment effect 
(maternal education) on the outcome (usage of maternal 
health services) [38].

PS covariate adjustment
This method utilise data from all participants. In the 
covariate adjustment approach, an indicator variable 
denoting exposure condition (exposed to secondary or 
higher education level or not) and the estimated PS is 
used to model the outcome variable (usage of maternal 
health services) [33]. This approach provides us with the 
estimation of ATE parameter [21].

Generalised propensity score methods for continuous 
exposure
Austin et  al. (2019) [39] considers r(t, x) to designate the 
conditional density of the continuous exposure given the 
observed baseline covariates, using the terms 
r(t, x) = fT |X (t|x) [40]. In our case, considered T as the 
continuous exposure, where R = r(t, x) is the generalised 
propensity score. It is suggested that one may set out that, 
the continuous exposure T given covariate X, is normally 
distributed with mean β TX and variance σ 2 [41]. Thus, we 

estimated fT |X by the normal density 1
√

2π σ 2
e
−

(t−β T X)
2

2σ 2  . 
This is a two-step process where a regression model is first 
fitted to the data, and in the second step, the value of the 
conditional density function is determined at the value of 
quantitative exposure. To estimate the GPS, we fitted linear 
model under GEE approach where continuous maternal 
education is the dependent variable and baseline covariates 
worked as covariate in the model. However, in the context 
of a binary exposure, matching is a well-established 
approach in causal inference. Though, in the context of a 
continuous treatment or exposure, matching is not [42].

GPS weighting
A stabilising factor is considered in practice in GPS to 
discard the large weights [43]. We derived weights from 
the GPS and that is defined as  W (Ti)

r(Ti|Xi )
  [39, 44, 45], where 

the numerator is included to make stable the weights, 
final estimated stabilised IPW. A reasonable choice  
for W has been suggested as an estimate of the marginal 
density function of T [45]. This density function was 
determined by computing the mean and the variance  
of the continuous exposure in the overall sample [39], 

W (Ti) =
1

√

2πσ 2

sample

e
−

(

t−µsample

)2

2σ2
sample  . These weights then were  

applied in a weighted outcome regression in order to 
estimate a causal effect. This approach provides the ATE 
estimation parameter [41].
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GPS covariate adjustment
To perform the covariate adjustment using the GPS, the 
outcome is regressed on the quantitative exposure and 
the estimated GPS [40]. This approach yields the esti-
mated parameter for the average treatment effect (ATE) 
[41].

Simple and multiple regressions
For both cases (binary exposure and continuous expo-
sure), simple and multiple modified log-Poisson regres-
sions within GEE framework were  used to estimate the 
effect of maternal education on maternal health services. 
Simple model that is unadjusted method estimates the 
crude  association between maternal education and the 
utilisation of maternal health services without control-
ling for confounders. Multiple adjusted method performs 
regression model adjusting for potential confounders, 
shared adjusted estimate of association.

Results
Around 33%, 47%, 41%, and 17% of mothers received four 
or more ANC, facility-based delivery, PNC within 42 days, 
and all three maternal health services, respectively (Fig. 2).

Maternal education, wealth index, religion, husband 
education, and pregnancy number were associated with 
attending maternal health services (four or more ANC, 
facility-based delivery, PNC within 42 days, and receiv-
ing all health services) (Table 1). Around 49%, 64%, 58%, 
and 31% of the mothers with secondary or higher levels 
of education attended four or more ANC, facility-based 
delivery, PNC within 42 days, and received all health ser-
vices, respectively. About 28% of the mothers from the 
richest group received all health services as compared 

to about 12% of the mothers from the poorest group. A 
small proportion of mothers (11%) received all maternal 
health services whose husband’s education was below 
secondary level. Considering the distance to the health 
care centres, 38% of the mothers attended four or more 
ANC and about half of the mothers had facility-based 
delivery as well as PNC within 42 days when the distance 
was between 0 and 1  km. Around 22% of the mothers 
whose age was 18 or more at marriage received all health 
services as compared to around 14% of the mothers 
whose age was below 18 at marriage. About 20% of the 
mothers with their first pregnancy received all health ser-
vices as compared to about 12% of the mothers with four 
or more pregnancies.

Maternal education was significantly associated with 
various socioeconomic and demographic characteristics 
including wealth index, religion, husband education, age 
at marriage and pregnancy number (Table  2). We con-
sidered both binary and continuous scale of maternal 
education. In the poorest group, 24% of mothers had sec-
ondary or higher education, while in the richest group, 
this figure was 41%. Among mothers practicing Islam, 
27% had attained secondary education or higher, while 
among mothers of other religions, this percentage was 
51%. For mothers whose husbands had an education level 
of 8 years or less, 16% had secondary or higher education, 
compared to 66% when husbands had more than 8 years 
of education. Among mothers married at less than 18 
years of age, average grade level is close to 6, in contrast 
to, for those married at 18 years or older, it is close to 8th 
grade. For mothers with their first pregnancy, 43% had 
secondary or higher education, compared to 9% for those 
with four or more pregnancies.

Fig. 2  Percentage of mothers receiving maternal health services
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All methods including multivariable adjusted, PS-
covariate adjustment, PS-weighting, and PS-match-
ing indicate a significant effect of maternal education 
(employing both binary and continuous exposure) 
on maternal health services where mothers exposed 
to secondary or higher levels of education were more 
likely to have four or more ANC, delivered at the facil-
ity, PNC within 42 days as well as receiving all mater-
nal health services compared to the mothers who have 
below secondary level of education., Alternatively, a 
one-unit increase in educational grade leads to sig-
nificant improvements in receiving maternal health 
services (Table  3). The effect estimates resulting from 
different methods to control for confounding were 
different. In case of binary exposure, considering the 

maternal health service named four or more ANC, all 
methods resulted in an estimated risk ratio less than 
the unadjusted risk ratio of 1.74 (95% CI: 1.48–2.05). 
The PS weighting (ATE and ATT) yielded the smallest 
estimated range of CI (ATE CI: 1.12–1.56 and ATT CI: 
1.06–1.49). In the case of facility-based delivery, PNC 
within 42 days and receiving all maternal health ser-
vices, the PS weighting (ATE and ATT) provided the 
smallest estimated range of CI. Regarding continuous 
exposure, estimates and the range of its corresponding 
CI were lower than those observed with binary expo-
sure. In this case, PS-weighting also provided the small-
est estimated range of CI.

The Love plot [46] was used to visualise the absolute 
standardised mean difference (SMDs) in education level 

Table 1  Association between the use of maternal health services and each level of maternal education, as well as each level of 
covariates

Covariates: (wealth index, religion, husband education, distance to health centre, age at marriage and pregnancy number)

Background 
characteristics

N Maternal health services

Four or more ANC Facility based delivery PNC within 42 days Received all health 
services

n (%) P-value n (%) P-value n (%) P-value n (%) P-value

Maternal education
  <=8 924 244 (26.4) < 0.001 378 (40.9) < 0.001 320 (34.6) < 0.001 101 (10.9) < 0.001

  > 8 376 185 (49.2) 239 (63.6) 216 (57.5) 116 (30.8)

Wealth Index
  Poorest 260 80 (30.8) 0.001 88 (33.9) < 0.001 96 (36.9) < 0.001 32 (12.3) < 0.001

  Poorer 261 80 (30.7) 111 (42.5) 99 (37.9) 38 (14.6)

  Middle 259 71 (27.4) 117 (45.2) 99 (38.2) 33 (12.7)

  Richer 260 84 (32.3) 132 (50.8) 95 (36.5) 40 (15.4)

  Richest 259 113 (43.6) 168 (64.9) 146 (56.4) 73 (28.2)

Religion
  Islam 1206 388 (32.2) 0.023 557 (46.2) 0.001 476 (39.5) < 0.001 189 (15.7) < 0.001

  Others 94 41 (43.6) 60 (63.8) 60 (63.8) 28 (29.8)

Husband education
  <=8 963 249 (25.9) < 0.001 397 (41.2) < 0.001 339 (35.2) < 0.001 103 (10.7) < 0.001

  > 8 337 180 (53.4) 220 (65.3) 197 (58.5) 114 (33.8)

Distance to health centre
  0–1 km 373 140 (37.5) 0.086 186 (49.9) 0.242 167 (44.8) 0.177 72 (19.3) 0.276

  2–3 km 476 150 (31.5) 231 (48.5) 196 (41.2) 75 (15.8)

  4 or more 451 139 (30.8) 200 (44.4) 173 (38.4) 70 (15.5)

Age at marriage
  Less than 18 842 258 (30.6) 0.014 386 (45.8) 0.113 331 (39.3) 0.057 117 (13.9) < 0.001

  18 or more 458 171 (37.3) 231 (50.4) 205 (44.8) 100 (21.8)

Pregnancy no.
  1 433 162 (37.4) 0.002 236 (54.5) < 0.001 202 (46.7) 0.003 88 (20.3) 0.043

  2 363 132 (36.4) 177 (48.8) 157 (43.3) 60 (16.5)

  3 258 74 (28.7) 108 (41.9) 92 (35.7) 39 (15.1)

  4 or more 246 61 (24.8) 96 (39.0) 85 (34.6) 30 (12.2)
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before and after PS weighting for assessing covariate 
balance (Fig.  3). A lower absolute value denotes a more 
balanced state. As can be observed, for unadjusted obser-
vational data, educational level exposure varies by covari-
ates (wealth index, religion, husband education, distance 
to health centre, age at marriage and pregnancy number). 
After PS weighting adjustment, the majority of adjusted 
SMDs fall inside the 0.1 thresholds (dash-line), indicating 
substantial improvement in covariate balance across the 
exposure status (mothers’ educational level), resulting the 
satisfactory balance (Additional file 1: Appendix 2).

Discussion
The findings of this study revealed that maternal educa-
tion is related to maternal health services in Bangladesh. 
By analysing maternal education as both a binary (sec-
ondary or higher vs. below secondary) and a continuous 
variable, we consistently found that higher educational 
levels were associated with increased use of maternal 

health services. After adjusting the PS, all methods 
including PS-covariate adjustment, PS-weighting, and 
PS-matching showed that mothers with a secondary 
or higher level of education had a higher likelihood of 
receiving health services (four or more ANC, delivered 
at the facility, PNC within 42 days as well as receiving 
all maternal health services) compared to the mothers 
with below secondary level of education. Similarly, when 
education was treated as a continuous variable, a higher 
educational level was consistently associated with an 
increased likelihood of receiving these maternal health 
services.

Under the causal inference concept, this study pro-
vides a rigorous estimation of the causal contribution 
of maternal education on the utilisation of maternal 
health services. The study’s findings showed that edu-
cational attainment is an important determinant for 
the proper use of maternal health services, women with 
secondary or higher education having a higher number 

Table 2  Association between maternal education (considering as both categorical and continuous scale) and baseline covariates

Covariates: (wealth index, religion, husband education, distance to health centre, age at marriage and pregnancy number)

Characteristics/covariates Maternal education

Categorical exposure Continuous exposure

Below secondary 
( < = 8)

Secondary or above 
(> 8)

Education level

n (%) n (%) P-value Mean (SD) P-value

Wealth Index
  Poorest 198 (76.2) 62 (23.9) < 0.001 6.2 (3.2) < 0.001

  Poorer 185 (70.9) 76 (29.1) 6.1 (3.4)

  Middle 202 (78.0) 57 (22.0) 6.0 (3.2)

  Richer 185 (71.2) 75 (28.9) 6.3 (3.5)

  Richest 154 (59.5) 105 (40.5) 7.5 (3.8)

Religion
  Islam 878 (72.8) 328 (27.2) < 0.001 6.3 (3.4) < 0.001

  Others 46 (48.9) 48 (51.1) 8.1 (3.5)

Husband education
  <=8 808 (83.9) 155 (16.1) < 0.001 5.4 (3.0) < 0.001

  > 8 116 (34.4) 221 (65.6) 9.3 (3.1)

Distance to health centre
  0–1 km 268 (71.9) 105 (28.2) 0.384 6.4 (3.4) 0.848

  2–3 km 346 (72.7) 130 (27.3) 6.4 (3.4)

  4 or more 310 (68.7) 141 (31.3) 6.5 (3.6)

Age at marriage
  Less than 18 665 (79.0) 177 (21.0) < 0.001 5.8 (3.1) < 0.001

  18 or more 259 (56.6) 199 (43.5) 7.5 (3.9)

Pregnancy no.
  1 245 (56.6) 188 (43.4) < 0.001 7.6 (3.2) < 0.001

  2 254 (70.0) 109 (30.0) 6.9 (3.3)

  3 202 (78.3) 56 (21.7) 5.8 (3.3)

  4 or more 223 (90.7) 23 (9.4) 4.2 (3.1)
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of ANC visits, facility-based delivery, and PNC within 
42 days. A low percentage (17%) of mothers received all 
three maternal health services. Around 30% of mothers 

with secondary or higher levels of education received 
all three maternal health services, whereas only around 
10% of mothers below the secondary level of education 

Table 3  Causal effect estimates by different methods of propensity score and effect estimates by multivariable-adjusted method

Methods Maternal Health Services

Four or more ANC Facility based delivery PNC within 42 days Received all health services

RR (95% CI) Range of CI RR (95% CI) Range of CI RR (95% CI) Range of CI RR (95% CI) Range of CI

Binary exposure
  Unadjusted 1.74 (1.48–2.05) 0.57 1.48 (1.32–1.66) 0.34 1.51 (1.33–1.71) 0.38 2.51 (1.99–3.18) 1.19

  Multivariable 
adjusted

1.32 (1.11–1.56) 0.45 1.21 (1.06–1.38) 0.32 1.28 (1.12–1.48) 0.36 1.61 (1.21–2.14) 0.93

  PS-Covariate 
Adjustment

1.31 (1.10–1.56) 0.46 1.20 (1.06–1.37) 0.31 1.27 (1.11–1.46) 0.35 1.58 (1.13–2.05) 0.92

  PS-Weighting ATE 1.36 (1.12–1.56) 0.44 1.26 (1.12–1.42) 0.30 1.31 (1.16–1.48) 0.32 1.58 (1.14–2.04) 0.90

  PS-Weighting ATT​ 1.26 (1.06–1.49) 0.43 1.24 (1.10–1.41) 0.31 1.20 (1.09–1.36) 0.27 1.34 (1.00-1.81) 0.81

  PS-Matching (1:1) 1.64 (1.38–1.89) 0.51 1.40 (1.22–1.61) 0.39 1.49 (1.28–1.76) 0.48 2.39 (1.83–2.98) 1.15

  PS-Matching (1:2) 1.71 (1.49–1.97) 0.48 1.43 (1.21–1.63) 0.42 1.46 (1.23–1.68) 0.45 2.42 (1.89–3.02) 1.13

Continuous exposure
  Unadjusted 1.10 (1.04–1.17) 0.13 1.09 (1.03–1.15) 0.12 1.10 (1.05–1.17) 0.12 1.21 (1.12–1.30) 0.18

  Multivariable 
adjusted

1.08 (1.02–1.13) 0.11 1.07 (1.03–1.13) 0.10 1.07 (1.02–1.10) 0.08 1.19 (1.10–1.26) 0.16

  PS-Covariate 
Adjustment

1.11 (1.06–1.17) 0.11 1.09 (1.05–1.14) 0.09 1.07 (1.01–1.12) 0.11 1.18 (1.09–1.27) 0.16

  PS-Weighting 1.10 (1.05–1.14) 0.09 1.10 (1.06–1.13) 0.07 1.06 (1.02–1.11) 0.09 1.17 (1.11–1.23) 0.12

Fig. 3  Absolute standardised mean differences for educational level before and after PS weighting
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received all three maternal health services. According 
to a study conducted in Bangladesh, the educational 
level of women has a significant impact on the opti-
mal adoption of ANC services [47]. Studies in Bangla-
desh and elsewhere have revealed a strong association 
between the education of women and their utilisation 
of health facility delivery and other maternal health 
care [48–50]. Another study conducted in Bangla-
desh by Mosiur et  al. [51] reported that mothers with 
a higher level of education have a higher likelihood of 
receiving PNC.

Education may have an impact on female reproductive 
health by causing late marriage, deferred childbearing, a 
lower fertility rate, increased independence in reproduc-
tive health decisions, the freedom to choose when and 
where to seek medical assistance without approval from 
anybody, and economic empowerment [52]. Regardless 
of the fact that education is linked to personal and fam-
ily income levels, it is also related to the use of prenatal 
and natal services when income and wealth family index 
are controlled, as they were in this study. Similar findings 
have been found in Nigeria [53, 54], Kenya [55, 56], Neth-
erlands [57] as well as several more countries [58, 59]. In 
addition, several studies, have found that illiterates had 
the highest risk of maternal and newborn illness, mor-
tality, and disability, as well as the lowest utilisation of 
maternity services [56, 57, 59, 60].

In this study, we conducted an in-depth assessment 
of many of the available PS and covariate-adjustment 
approaches. Different techniques of estimation were 
shown to have varying estimates of the associated risk 
ratios in the study. In case of binary exposure, of the dif-
ferent propensity score methods examined, matching 
method matched sets of treated (exposed to secondary 
or higher level of education) and untreated (below sec-
ondary level of education) subjects who have a propen-
sity score that is similar in value to one another. The 
number of untreated subjects in this study is many times 
greater than the number of treated subjects, PS match-
ing usually resulted in all or nearly all treated patients 
being successfully matched, while many untreated 
patients remained unmatched and be excluded from the 
analysis (which may lead to slightly reduced efficiency). 
PS-covariate adjustment showed similar results like mul-
tivariable adjusted in estimating effect of maternal edu-
cation on receiving maternal health services. Moreover, 
the standard deviation of the estimates was higher than 
that obtained by PS-weighting approaches. We exam-
ined two different IPTW approaches for assessing abso-
lute effects of maternal education on usage of maternal 
health services. PS weighting (ATE and ATT) provides 
narrower range of CI among all the methods to estimate 
effect of maternal education on maternal health services. 

The weighted analysis provides the theoretical advantage 
of utilising data from all samples of the study and is not 
affected by additional uncontrolled confounding due to 
the inability to locate an exact match for each treatment 
subject [61]. A study conducted by Jiaqi et al. (2016) [62] 
performed simulation studies and reported that when PS 
is accurately modeled, indicate that weighting produces 
unbiased estimates.

Binary categorisation of education can lead to informa-
tion loss, resulting in less precise estimates with larger 
standard errors. Conversely, treating education as a con-
tinuous variable preserves information, leading to more 
precise estimates with smaller standard errors. While 
binary models are simpler and easier to interpret, they 
may oversimplify the exposure-outcome relationship. 
Nevertheless, PS-weighting performed better in terms of 
precision in both approaches. In summary, much of the 
difference between the adjustment procedures arose. It 
may vary depending on the different settings of different 
types of study. However, in the evaluation and interpreta-
tion of the influence of maternal education on receiving 
maternal health care services in case of using observa-
tional study, the weighted estimates are preferred.

What insights can we have from these experiences to 
make recommendations for the future applications of 
propensity score methods and covariate adjustment? 
As with any study, the main analysis strategy should be 
defined in advance. A useful approach is to review the 
baseline covariates before accessing outcome data to 
identify the most suitable PS method or covariate adjust-
ment, considering factors like the overlap in PS between 
treatment and control groups. Relying on a single 
method (which may have its flaws) might be too limiting, 
so it is wise to predefine several analyses using alterna-
tive approaches. This helps assess whether findings on 
the estimated treatment effect are consistent, thereby 
enhancing confidence in the primary results.

Strengths and limitations
We believe this is the first study conducted in Bangladesh, 
providing a rigorous estimation of the causal contribution 
of maternal education on maternal health services. The 
use of propensity score approaches is one way of reduc-
ing bias in observational studies. PS approaches may be 
more suited in  situations when the event is infrequent 
(compared to the number of observed baseline variables) 
and the sample size is insufficient to take into account the 
multiple covariates [63]. However, in this study, the analy-
sis was carried with a relatively large sample size, which 
was considered to be a strength. Another key strength of 
this study is its comprehensive evaluation of several pro-
pensity score methods (PS matching, PS weighting, and 
covariate adjustment) and covariate-adjustment approach. 
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Additionally, we considered maternal education as both 
a binary and continuous exposure, which allowed us to 
capture more nuanced effects of educational attainment. 
The consistent findings across these methods and expo-
sure measures enhance the robustness of our conclusions 
regarding the impact of maternal education on maternal 
health services. From the density plot of PS, we observed 
that there is a common support region where the pro-
pensity scores of both groups overlapped as well as small 
SMDs values after PS adjustment indicating balancing 
of the covariates (Additional file 1: Appendices 2–3). We 
assumed that all relevant confounders were measured and 
included in the propensity score model. We observed that 
mothers with higher education levels were more likely to 
receive four or more ANC visits, opt for facility delivery, 
and obtain PNC services within 42 days. These observed 
outcomes reflect the potential outcomes if those mothers 
indeed had those education levels. This assumption was 
supported by the alignment of our findings with previous 
studies [47–51], suggesting that the observed relationships 
between maternal education and health service utilisation 
are valid and consistent with the causal effect of education.

Despite our efforts to adjust for measured confound-
ers, unmeasured confounding remains a possibility.  PS 
approaches do not account for unknown variables that 
might influence whether or not subjects receive treat-
ment i.e., being exposed to secondary or higher level of 
education (this is why a randomised controlled trial is 
desirable) [63]. As a result, there may still be unmeasured 
confounding, which should be considered as a limitation. 
In addition, to ensure that our findings can be applied 
to other communities, research in other parts of Bang-
ladesh are required because the study participants were 
from riverine regions. Therefore, our findings need to be 
evaluated with caution, and more studies need to be con-
ducted to validate findings.

Conclusion and recommendations
Educational status was found to be significantly associ-
ated with ANC, delivery and PNC services. The findings 
provided important insights into the efficiency of various 
PS approaches for reducing the influence of confounding 
variables and achieving accurate estimates. All methods 
indicated a significant causal effect of maternal education 
on the usage of maternal health services. However, the 
propensity score weighting method demonstrated better 
results in terms of providing more precise estimates with 
a narrower range of confidence intervals. This indicates 
that this method may be a robust approach for estimat-
ing the causal effect that maternal education has on the 
utilisation of maternal health services. PS weighting can 
be employed to evaluate the causal influence in a scenario 
discussed in this study. These findings may be utilised by 

policymakers and healthcare practitioners for the pur-
pose of establishing targeted initiatives that are aimed at 
increasing maternal education, particularly in places that 
are difficult to reach. An education campaign for women 
is required; regular knowledge-enhancing seminars for 
pregnant mothers may play an important role in raising 
awareness of the need for having access to maternal health 
care facilities. For future positive health outcomes, gov-
ernment efforts should be targeted to improve women’s 
education at least to the secondary level.
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