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Decomposition of Improvements in Infant Mortality
in Asian Developing Countries Over Three Decades

Toshiaki Aizawa

ABSTRACT Low- and middle-income countries in Asia have seen substantial improve-
ments in infant mortality over the last three decades. This study examines the factors
contributing to the improvement in infant survival in their first year in six Asian coun-
tries: Bangladesh, India, Indonesia, Nepal, Pakistan, and the Philippines. I decompose
the overall improvement in the infant survival rate in the respective countries from the
1990s to the 2010s into the part that can be explained by the improvements in circum-
stantial environments in which infants develop and the remaining part that is due to the
structural change in the hazard functions. This decomposition is achieved by employing
the random survival forest, allowing me to predict the counterfactual infant survival
probability that infants in the 2010s would have under the circumstantial environments
of the 1990s. The results show that large parts of the improvement are explained by the
improvement in the environments in all the countries being analyzed. I find that the
reduction in family size, increased use of antenatal care, longer pregnancy periods, and
improved living standards were associated with the improvement of the infant mortality
rate in all six countries.

KEYWORDS Infant mortality ¢ Survival ¢ Random survival forest ¢ Asia ¢ Decom-
position

Introduction

Child and infant mortality rates have been improving in many developing countries
across the world over time (UNICEF 2018). Substantial progress in child survival has
accelerated since 1990 after the adoption of the Millennium Development Goals of
the United Nations, the fourth of which targeted a two-thirds reduction in child mor-
tality between 1990 and 2015 (UNICEF 2017; United Nations Development Program
[UNDP] 2015). In Asia, where child and infant mortality are high, under-5 mortal-
ity rates were reduced—by 62% in South-East Asia, 60% in Southern Asia, 78% in
Eastern Asia, and 65% in Western Asia (UNDP 2015). These figures outnumbered the
average rate found in all the developing regions of the world (53%) (UNDP 2015).
Although the Millennium Development Goals did not specifically target infant mor-
tality rate, its improvement was also observed internationally. The infant mortality
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rate was 64.7 deaths per 1,000 live births in 1990 and decreased to 28.9 deaths per
1,000 in 2018 (World Bank 2019). In terms of the absolute number, in 1990, 8.7
million infants died worldwide before celebrating their first birthday. By 2018, this
number had shrunk to just 4 million. The Sustainable Development Goals, adopted in
2015 by the United Nations, introduced a third goal to be achieved by 2030: “Ensure
healthy lives and promote well-being for all at all ages” (United Nations 2015:20).

Given that the first 12 months after birth is the critical period in terms of sub-
sequent survival, a large volume of the literature has investigated the determinants
of infant mortalities in developed and developing countries. For example, using
country-level data, Sartorius and Sartorius (2014) explored risk factors associated
with global infant mortality for the period 1990-2011 in 192 countries. Islam and
Hyder (2016) analyzed risk factors relating to infant survival in four countries in
South Asia using the Cox proportional hazard model and cross-sectional infant-level
data. This study contributes to the existing research by providing new, internationally
comparable evidence using repeated cross-sectional infant-level data. In contrast to
the existing literature, I focus on the transition of the infant mortality rate over three
decades and, through decomposition analysis, closely investigate the contributing
factors to the improvement.

This study employs survival analysis rather than the binary response model, which
estimates the probability of surviving the first year. The first year is such a critical
period for subsequent survival that it is important to carefully consider heteroge-
neous risk factors and their influences throughout this critical period. In contrast to
the binary response model, the survival model allows the researcher to examine het-
erogeneous risk factors associated with infant mortalities at each point in time over
the period. It is globally observed that as infant mortality declines, the mean age at
death in infancy decreases because of declining exogenous mortality risks, such as
digestive and respiratory problems, suggesting that risk factors for infant mortality
are not homogeneous throughout the period (Andreev and Kingkade 2015). More-
over, the survival model can be regarded as a general approach of the binary response
model in the sense that the probability of surviving the first year can be expressed by
hazard functions up to the first year.

I first explore the improvement in infant survival rates over the three decades from
the 1990s to the 2010s in low- and middle-income countries in Asia. Specifically, I ana-
lyze six countries in South and South-East Asia: Bangladesh, India, Indonesia, Nepal,
Pakistan, and the Philippines. Then I investigate the changes in survival curves in the
respective countries by decomposing the changes into the part that can be explained by
the observable improvement in the environments where infants grow up and the other,
unexplained part in the spirit of the Oaxaca and Blinder decomposition (Blinder 1973;
Oaxaca 1973). This decomposition analysis helps elucidate the factors contributing to
the pronounced decline in infant mortality over the last few decades. I aim to quantify
how much of the improvement is due to the improvement in the circumstantial envi-
ronments, such as household characteristics, parental socioeconomic status, and use of
maternal healthcare. I hope that this exploration of the reasons behind the improvements
in Asia will in turn suggest important health policy implications for the other developing
countries in Asia and beyond with high infant mortality rates.

The Cox proportional hazard (Cox-PH) model (Cox 1972) has been one of the
most common regression modeling frameworks for survival analysis. However, in
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contrast to the majority of studies on infant mortality, this study employs a fully
data-adaptive machine-learning algorithm called the random survival forest (RSF)
method. The RSF was developed by Ishwaran and Kogalur (2007) and Ishwaran et al.
(2008) as an extension of the random forest model (Breiman 2001) to right-censored
survival data. I model the survival function by the RSF and predict the counterfactual
survival probability in the hypothetical scenario in which infants born in the 2010s
are assumed to have the circumstantial environments of the 1990s. Using this coun-
terfactual survival probability in the decomposition analysis, I quantify how much of
the improvement is associated with the improvement in circumstantial environments.

Data

Demographic Health Survey

The Demographic and Health Survey (DHS) project is an ongoing collaboration
between the United States Agency for International Development and country-
specific agencies. They conduct nationally representative, household sample surveys
covering a range of population health indicators in low- and middle-income coun-
tries (Corsi et al. 2012). The DHS data has been gathered on the basis of compara-
ble nationally representative household surveys conducted in more than 85 countries
worldwide since 1984. The DHS respondents are selected using a two-stage sampling
process stratified by urban and rural location. Key advantages of the DHS include the
national coverage and high participation rates, typically exceeding 90%. In addition,
the DHS questionnaire has been standardized and pre-tested to ensure comparabil-
ity across populations and over time. Standard data collection procedures and inter-
viewer training in the DHS ensure that the data is both reliable and comparable.

This study exploits the DHS conducted in all six countries studied here: Bangla-
desh, India, Indonesia, Nepal, Pakistan, and the Philippines. The interview years of
DHS data used in this study and sample sizes are listed in Table 1. I select these six
countries because they have infant mortality data from the last three decades.! The
DHS collected data on infants who were born no more than 60 months prior to the
survey. I focus on the most recent birth of each mother because in the latest DHS
data collected in the 2010s, some of the information regarding the use of antenatal
care is available only for the most recent birth, and I do not have complete informa-
tion for children whose mother had more than one childbirth in the five years prior to
the survey.? I estimate the survival probability, exploiting the information on child’s
birthday, interview date, status of alive or deceased, and death date (if applicable).
For infants alive at the time of the interview, I calculate the right-censored survival
length from the record.

! T do not use the DHS data of other countries because of data unavailability. The DHS does not have in-
fant mortality data for Afghanistan, Cambodia, Maldives, and Timor-Leste for the 1990s; for Kyrgyzstan,
Myanmar, and Tajikistan for the 2000s; or for Thailand, Uzbekistan, and Vietnam for the 2010s.

2 T also investigate the survival rates of all the children under 5 by imputing the missing information using
the information on the recent birth with hot-deck imputation (Joenssen and Bankhofer 2012). These results
are available from the author upon request.
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Table 1 Sample sizes in each period

2010s  2000s 1990s Total Available Data Years

Bangladesh 11,447 12,783 10,012 34,242 2014, 2011, 2007, 2004, 1999, 1996, 1993

India 32,445 36,034 63313 131,792  2015/2016, 2005, 1998/1999, 1992/1993
Indonesia 29,992 27,988 38,109 96,089 2017,2012, 2007, 2002/2003, 1997, 1994, 1991
Nepal 7,900 8,639 3,680 20,219 2016, 2011, 2006, 2001, 1996

Pakistan 15,115 5,402 3,848 24,365 2017/2018, 2012, 2006/2007, 1990/1991
Philippines 13,038 9,418 10,793 33,249 2017,2013, 2008, 2003, 1998, 1993

Covariates

The DHS data contain not only infant-level demographic information but also rich
information about household characteristics, parental socioeconomic status, and
maternal antenatal healthcare use. This study uses the variables that may well be con-
sidered time-invariant after childbirth.> The covariates used in this study are based
on previous research on infant mortality and child health in developing countries
(e.g., Aizawa 2019; Akseer et al. 2017; Hobcraft et al. 1985; Kesterton et al. 2010;
Sartorius and Sartorius 2014; Westley 2003). First, regarding infant-level informa-
tion, I include infant sex, whether a child was born as a twin, birth order, whether a
mother has birth spacing over 36 months, and whether a mother wanted a child when
she became pregnant. A short interpregnancy interval is related to maternal mortal-
ity, stillbirth, and child mortality (Fotso et al. 2013); an interpregnancy span over 36
months is encouraged to reduce infant mortality risks (Molitoris et al. 2019). I regard
it as a proxy of appropriate family planning whether a mother wanted a child when
she became pregnant. In addition, I include information about the mother’s age at
birth, which is an important risk factor of child and infant mortality. I also include
two binary variables: whether the mother’s pregnancy was a teenage pregnancy, and
whether the mother got pregnant after age 35. A strong relationship between child
mortality and the prevalence of teenage pregnancy has been internationally observed
(Finlay et al. 2011).

Second, as household characteristics, I include household location (urban or
rural), drinking water source (piped water, well water, or other), roof materials (fin-
ished, rudimentary, or natural), floor materials (finished, rudimentary, or natural),
wall materials (finished, rudimentary, or natural), toilet type (flushing, pit latrine, or
other), electricity access, and ownership of television(s), refrigerator(s), and car(s).*
Housing conditions and ownership of various household items are used as proxies
for living standards. The association between housing conditions and child health is
well established; for example, dilapidated/poor housing has been regarded as one of
the important causes of child illness (Bradley et al. 2001; Marmot 1999). Household
sanitary conditions are an equally important factor for child health. Drinking water
source and toilet types are used as proxies for sanitary conditions, which have a sub-

3 Using only the time-invariant covariates allows me to predict meaningful survival probabilities.
* For detailed information about the definitions of roof, floor, and wall materials, see Table A7 in the online
appendix.
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stantial influence on health (Ahsan et al. 2017; Caulfield et al. 2004; Checkley et al.
2004); for example, unsafe drinking water and poor hygienic environments are lead-
ing causes of diarrhea (Ezzati et al. 2002; Konteh 2009).

Third, for parental socioeconomic status, I use paternal and maternal highest edu-
cational levels completed (incomplete primary education, primary education, sec-
ondary education, or higher education) and occupation types (professional worker,
manual worker, nonmanual worker, farmer, or not working) as binary variables. A
number of studies have found correlations between mothers’ educational achieve-
ments and child mortality (e.g., Mondal et al. 2009), and other research has shown an
association between parental employment status and child health (Blau et al. 1996;
McGuire and Popkin 1990; Ruhm 2004).

Finally, I consider maternal healthcare use and breastfeeding behaviors. I include
the place of childbirth (private hospital; clinic/public hospital; or clinic/others, includ-
ing at home), amount of antenatal care received, cesarean delivery, birth assistant
attendance, uptake of tetanus toxoid injections,’ and the first breastfeeding time after
childbirth (within one hour or within one day). The adequate use of antenatal health-
care services is a crucial factor in successful maternal and child health outcomes
(Campbell and Graham 2006), and timely use of antenatal care from healthcare pro-
fessionals and midwives helps reduce the risk of preterm births (Adams et al. 2000;
Medley et al. 2018; Sandall et al. 2016). Breastfeeding is encouraged to reduce the
risk of undernutrition and prevent resultant infectious diseases, such as pneumonia,
which is the leading cause of child mortality (Chisti et al. 2009; Lamberti et al. 2013;
Troeger et al. 2018). For India, I also include castes as a country-specific potentially
important risk factor of infant mortality.

Descriptive statistics in each country are provided in Tables A1-A6 in the online
appendix. Over the three decades, I find longer birth spacing, higher parental edu-
cational attainment, increased institutional delivery, skilled birth attendance, use
of antenatal care, uptake of tetanus toxoid injections, and improvement in breast-
feeding behaviors in all six countries. The reductions in family size are observed
in all examples except Pakistan, where only decreased number of children in a
household is observed. Descriptive statistics also indicate that all countries expe-
rienced improvements in living standards and housing conditions. Unsurprisingly,
no country experienced significant changes in the sex ratio and the proportion of
twin births.

Methods

Notations

In this paper, 7>0 denotes survival time to death. For infant 7, I observe
T; =min{7?,C,}, where T? is the survival time for individual 7, and C, is the observ-
able survival time under right-censoring. I define the binary censoring indicator as

3 Because the information about uptake of tetanus toxoid injections is not available in the most recent data
in Bangladesh, this variable is not used for Bangladesh.
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§, = I(C,. < T,.O). ;=1 if an individual i is right-censored at time 7,, and 9, = 0 if an
individual i has died at time 7.
S(t) = P(T >t) is a survival function, and A(f) = P(T = ¢|T>t— 1) is a hazard func-
t
tion. A cumulative hazard function is defined as H(¢) = I h(u)du. 1 define X €y as
0

a set of d-dimensional time-invariant covariates related to the environments where
infants grow up. Finally, Y= {Y 400, Y2000s» 20105} 1S @ set of year indicators. For exam-
ple, Yo, €quals 1 for observations in the 1990s, and Y, equals 0 otherwise.

Cox Proportional Hazard

As a benchmark model, I consider the Cox proportional hazard model (Cox-PH)
(Cox 1972). The Cox-PH has been widely used in survival analysis because of its
computational simplicity. It is known as a semiparametric regression model in the
sense that it does not need to specify the base hazard function to estimate the hazard
ratio. However, its simplicity is largely due to its stringent assumptions. First, the
Cox-PH assumes a multiplicative relationship between an underlying baseline haz-
ard function and a log-linear function of the covariates. Second, it usually does not
take into account nonlinear effects and complicated higher-order interaction effects
among covariates. Also, it assumes that the hazard ratio is constant across time.
In order to partially relax the second assumption, I include two-way interaction
terms between the period indicators, Y, and covariates as additional regressors,
which allows the Cox-PH to take into account the heterogeneous hazard ratio asso-
ciated with X across the three periods: the 1990s, 2000s, and 2010s. Furthermore,
I also consider the parsimonious model called the selective Cox-PH, in which only
a relevant combination of regressors is used in modeling the hazard and predicting
the survival function (Mogensen et al. 2012). The selection of covariates helps
to achieve a parsimonious model structure and potentially enhances predictive
performance.

Random Survival Forests

Overview

The main purpose of employing the random survival forest (RSF) is to estimate the
conditional survival function or the conditional cumulative hazard function. The RSF
is a data-driven machine-learning approach to the nonparametric estimation of the
conditional survival function, which is an extension of the random forest (Breiman
2001) to the right-censored survival data (Ishwaran and Kogalur 2007). The RSF
is capable of delineating nonlinear effects and high-order interactions of covariates
(Ishwaran et al. 2008; Mogensen et al. 2012). In contrast to the traditional approaches,
such as the Cox-PH and other parametric methods, researchers do not have to select
important variables in advance through stepwise regressions. The description of the
RSF in this study follows expositions by Ishwaran and Kogalur (2007), Ishwaran
et al. (2008), and Mogensen et al. (2012).

#20z 1dy 0} uo }senb Aq jpd-emezie; g1 /6%6516/.€L/1L/85/APd-00e/AydeiBowap/wod ileyola|is dnp//:dpy woly peapeojumog



Improvements in Infant Mortality in Asian Developing Countries 143

The RSF is an ensemble method that introduces two forms of randomization into
the tree-growing. Figure 1 summarizes the macro-level procedures. Before estimating
the model, I split the entire samples into training samples and testing samples. The
training samples are used to train/estimate a model, and the testing samples are used
to evaluate the model’s predictive performance and predict the survival probabilities.
I use 60% of the entire sample as the training sample and the remaining 40% as the
testing sample.® Evaluating model performance with out-of-sample rather than in-
sample information is increasingly adopted beyond the field of data science because
of the growing popularity of machine-learning approaches (Mullainathan and Spiess
2017; Varian 2014).

First, the RSF draws multiple bootstrap samples from the training samples and
builds a survival tree using each bootstrap sample. Samples selected in each tree are
called in-bag samples, and the other samples not selected to grow a tree are called
out-of-bag samples. In-bag samples are used to grow trees, and out-of-bag samples
are used for tuning model parameters at a later stage. For details, see the subsection
A.3.2 in the online appendix.

Second, when constructing each tree, the RSF selects a random set of independent
variables as candidate variables to split a tree. The number of candidate variables
corresponds to the square root of the total number of independent variables in the
data. Therefore, trees are constructed using different samples and different sets of
independent variables, which is designed to encourage independence among trees
and prevent overfitting (Breiman 2001).

Each tree is grown by recursively partitioning the in-bag samples based on opti-
mization of a split rule. This study applies the log-rank splitting rule (Leblanc and
Crowley 1993; Segal 1988), which is a standard split rule in the RSF. Within the can-
didate independent variables, the one variable x* with an optimal split point c* that
maximizes the differences between child nodes is sought and used for node splitting.
Hence, each subject in the in-bag samples is classified into two child nodes exhibiting
the highest log-rank statistics. Eventually, as the number of nodes increases and dis-
similar subjects become separated, each node in the tree becomes homogeneous and
is populated by subjects with similar survival probabilities. A more detailed descrip-
tion of node splitting is provided in subsection A.3.1 in the online appendix.

The growth of a tree is continued until all the terminal nodes contain only a minimal
number of unique subjects, the optimal size of which is sought via parameter tuning.
The RSF sorts each observation in the in-bag samples into one unique terminal node
per tree. Survival estimates for each observation at each event time are constructed
within each terminal node. The forest ensemble is constructed by aggregating over the
500 random trees. Having a large number of forest trees ensures that each variable
has enough of an opportunity to be included in the forest prediction process. A more
detailed explanation of this ensemble estimation is provided in subsection A.3.3 in the
online appendix. These ensemble algorithms lead to a more accurate out-of-sample pre-
diction in comparison with traditional survival methods, such as the Cox-PH approach
(Dietrich et al. 2016; Imani et al. 2019; Yosefian et al. 2015), and achieve parsimony of
the model. The property of consistency is discussed in Ishwaran and Kogalur (2010).

© As a sensitivity analysis, I use 70% of the samples as the training sample and the remaining 30% as the
testing samples. I obtain very similar results.
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. Form training samples (60%) and testing samples (40%).
. Conduct parameter tuning to find a optimal terminal node size.
. Draw B bootstrap samples with size M from the training data without replacement.

. Develop a survival tree for each bootstrap sample b = {1,2,..., B}.

e At each root node of the tree, randomly select p = \/dim(X,Y") candidate variables.

e Find a set of optimal variable and its splitting value, (z*, ¢*) that maximizes the log-rank statistics.

Continue to grow a tree until terminal nodes for each tree should have no less than minimum unique

deaths.

. Estimate a survival function for each tree, §b(t\X, Y).

Take the average over the trees to obtain the ensemble survival function, §(t|X, Y).

Testing
samples

Training
samples

Bootstrap Bootstrap Bootstrap
tree 1 tree 2 tree B
Child node .
“Sex” :
+ +
Sl(t|X7 Y) bOy glI‘l SB(t|X7 Y)
Child node Child node
“Location” “Family size”
urba rural >4 <4
Terminal | | Terminal Terminal | | Terminal
node 2.1 node 2.2 node 2.3 node 2.4
Z
v
S(t|X.Y)

Fig. 1 Macro-level procedure

Measuring the Prediction Performance Across Models With the Brier Score

I compare the out-of-sample predictive performance across models with the Brier
score. The Brier score at time ¢ is conceptually similar to the mean squared error of
prediction, which is used to evaluate predictive performance in the random forest.
The expected Brier score is defined as the average of squared survival probability
difference at time ¢ between the actual observation and the prediction (Gerds and
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Schumacher 2006). The Brier score deals with the right-censoring of the survival data
through inverse probability weighting. For more details, see Mogensen et al. (2012).

After calculating the Brier score in each period, I calculate the integrated
Brier score (IBS), which is a cumulative prediction error over time given by

max(t)
IBS = 1/max (t)J. BS(#)dt. Lower values of IBS statistics indicate better overall
0
predictive performances. An IBS score from the Kaplan-Meier estimation, in which
no information regarding covariate distributions is exploited, can be used as a useful
benchmark (Mogensen et al. 2012).

Variable Importance Measure

Unlike the Cox-PH and parametric survival regression approaches, the RSF does not
need to explicitly specify the hazard or survival functions. Hence, there is no explicit
p value or significance test for variable selection. Instead, the RSF calculates the variable
importance (VIMP) to ascertain which variables contribute to the prediction (Breiman
2001). The VIMP computation involves “noising-up” each variable in turn. Specifi-
cally, VIMP for variable x, is computed as the difference between (1) the prediction
error when x, is randomly permuted and (2) the prediction error under the observed val-
ues (Ishwaran et al. 2008). Intuitively, VIMP for x, measures the change in prediction
error in the test data if information regarding x, is not available. A large positive value
of VIMP implies that the corresponding variable is an important predictor. VIMP val-
ues close to 0 indicate that the variable makes little contribution to predictive accuracy.

Another alternative measurement for variable importance is minimal depth, which
evaluates the relative influence of each variable in constructing the forest based on
the timing when each independent variable is used for node splitting (Ishwaran and
Kogalur 2010; Ishwaran et al. 2011). Variables with high influence on the prediction
are assumed to be those that most frequently split nodes nearest to the root node,
which partitions the largest samples of the data. Within each tree, node levels are
numbered based on their relative distance to the root of the tree (with the root at 0).
Minimal depth measures important factors by averaging the minimal depth for each
variable over all trees within the forest. Smaller minimal depth values indicate that
the variable separates large groups of observations and therefore has a large influence
on the forest construction and prediction.

Decomposition of the Survival Curve

After modeling the conditional survival function with the RSF and the Cox-PH, I pre-
dict the survival curves for each period: the 1990s, 2000s, and 2010s. Using the test-
ing samples in respective year periods, I obtain the predicted values for each subject
i in each year period—that is, 3’(t | X;, ¥,).” Taking averages over X among subjects

7 For example, the survival curve in 1990s is estimated by S (t\ngOS) = Jx S‘(t\YmOx =1, Y00s = 0, Ya0105 =
0)dF yyi 0, =1
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in each year period m= {1990s, 2000s, 2010s}, I obtain S’(t |Y,)=1 /NYMS’(t | X;, ¥),
where N, is a number of subjects belonging to the year group Y,,. The improvement
in the predicted survival rates at time ¢ for the three decades is expressed by

A(I)Eg(ﬂyzmos)_ﬁ(”Yl990s)' (1)

In the spirit of Oaxaca (1973) and Blinder (1973), I decompose A(?) into (1) the part
that is associated with the difference in the covariates (explained effect), and (2) the
remaining part that is associated with the difference in the hazard functions (unex-
plained effect). Equation (1) is therefore decomposed as follows:

A(t) = S(t | Yag10,) = S (1) + S (£) = S(t | Yrg00,) )

Explained effect Unexplained effect

where SCF (¢) is the counterfactual survival function composed of the hazard func-
tion in the 2010s and covariate distributions in the 1990s.

Counterfactual Survival Function

By the law of iterated expectations, we have

S(t | Y2010s) = J.xg(t | XoYzoms)dFX\YzmoS» 3)

LSAw(t | Y1990s) - J'xg(t | X, K990s)dFXIY19905' @)

The counterfactual survival function in Eq. (2) is composed of the conditional sur-
vival function in the 2010s integrated over the covariate distribution in the 1990s.
Under the common support assumption requiring that the covariate space of the
1990s is included in the 2010s, the counterfactual survival function is expressed by

S;CF (t) = J S(t ‘ X’YZOIOS)dFXMQQOS' (5)

x

Hence, in Eq. (2), the unexplained effect reflects the change in survival probability
due to the change in the conditional survival function—that is, the difference between
§(t | X, Yo010,) and S(#] X, Y 490,). On the other hand, the explained effect reflects the
change in survival probability due to the change in the distribution of observable
characteristics—that is, the difference between Fly,, ~and Fy .

In contrast to the standard Oaxaca Blinder decomposition (Blinder 1973; Oaxaca
1973), where conditional mean functions are usually separately estimated by a linear
additive model in each year group before decomposition, I estimate a single condi-
tional survival function. Because the RSF can model interacted effects between X and
Y, conditional survival functions for respective year groups can be obtained from the
single RSF model.
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Results

Kaplan-Meier Estimates of the Survival Probabilities

Before estimating the conditional survival functions by the RSF, I examine the non-
parametric survival function estimates as descriptive results. Figure 2 illustrates the
Kaplan-Meier estimates of the infant survival probabilities in the six countries. All
six countries experienced substantial improvements in infant mortality over the three
decades. Log-rank tests indicate evidence of significant improvements between the
1990s and 2010s (p < .01). A notable improvement is found in Bangladesh, where the
probability of infant survival in the first 12 months rose from 97.1% (95% confidence
interval (CI): [96.8%, 97.5%]) to 99.1% (CI: [98.9%, 99.3%]) between the 1990s and
2010s. The Philippines, on the other hand, exhibits the smallest improvement among
the six countries, from 98.5% (CI: [98.2%, 98.7%]) to 99.2% (CI: [99.0%, 99.4%])
over the same period. The Philippines’ comparatively smaller improvement, although
still exceptional, can be attributed mostly to its survival probability in the 1990s,
which was much greater than that of the other five countries; in this decade, only the
Philippines had a survival probability of more than 98% in the first 12 months. Given
that the Philippines still shows the highest survival probabilities in the 2010s, the
relatively smaller progress can be attributed to the fact that there was less room for
further improvement in this country.

Decomposition Results

The parameter tuning finds that d = {50,60,10,70,10,10} are optimal terminal node
sizes for Bangladesh, India, Indonesia, Nepal, Pakistan, and the Philippines, respec-
tively.® Figure 3 shows the out-of-sample error rates of the Kaplan-Meier estimates
(reference), Cox-PH without interaction terms, Cox-PH with two-way interaction
effects, selective Cox-PH with two-way interaction effects, and the RSF. The RSF
shows the smallest prediction error of all methods, although the 95% confidence
intervals of each method overlap. As expected, the error of the Kaplan-Meier esti-
mators, which does not use the covariate information to predict survival probability,
exhibits the largest value. I do not find clear evidence that the Cox-PH two-way inter-
action model has smaller out-of-sample errors than the Cox-PH without interaction
terms. Henceforth, I discuss the predicted survival probabilities and decomposition
results estimated by the RSF. The estimated coefficients and survival curves predicted
by the Cox-PH are available upon request.

Panel a in each of the remaining figures illustrates the predicted survival curves in
the 1990s, 2000s, and 2010s, in which only the testing data are used for prediction.
Panel a also shows the predicted survival probability in the counterfactual scenario
in which infants born in the 2010s are assumed to have the distributions of covariates
observed in the 1990s. Hence, the difference between the survival probability in the

$ Prediction performance for each node size in the respective countries is available upon request.
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2010s and the counterfactual survival probability is associated with the improvement
in infant mortality due to the change in the covariate distribution (explained effect).
On the other hand, the difference between the probability in the 1990s and the coun-
terfactual survival probability is the remaining improvement in the infant mortality
rate that cannot be explained by the change in the distribution of X (the unexplained
effect). The unexplained effect can also be interpreted as the part of the total improve-
ment associated with the change in the hazard function over time or the improvement
triggered by the unobserved characteristics, such as the improved quality of maternal
healthcare.

Bangladesh

Figure 4 shows the results in Bangladesh. Panel a highlights the widening differ-
ence in the survival curves in the 2010s and 1990s across evaluating points in time.
For example, the infant survival probabilities in the first month after birth are 99.0%
and 99.7% in the 1990s and 2010s, respectively—a difference of only 0.7 percent-
age points. On the other hand, the probabilities of surviving the first 12 months are
97.6% and 99.4%, respectively, and the difference becomes as large as 1.8 percentage
points. The counterfactual survival function lies between the two survival curves in
the 1990s and 2010s. The RSF predicts that if infants in the 2010s were exposed to
the circumstantial environments of the 1990s, the probability of surviving the first 12
months would be 98.2%. Of the observed 1.8 percentage point difference in the sur-
vival probability in the first 12 months, 1.2 percentage points are associated with the
improved circumstantial environments over time, and the remaining 0.6 percentage
points are due to the change in underlying hazard functions.

Panel b in Figure 4 plots the transition of explained and unexplained effects
against evaluating survival time. The explained effect is larger than the unexplained
effect in all evaluating points. It consistently accounts for more than 60% of the total
improvement in survival rate across time. The relative proportion of the explained ef-
fect shows its peak at the first month, which implies that the improved environments
have played a major role particularly in the first month.

Panel ¢ shows the variable importance in the RSF. The variable importance mea-
sures the contribution made to the survival prediction for each variable and the top
15 variables are shown herein. Family size, birth order, roof condition, birth spacing,
and amount of antenatal healthcare use are key factors in the prediction. Hence, the
changes in the distribution of these variables are likely to be the main contributors to
the explained effect, accelerating the infant survival improvement over time. Panel
d shows an alternative measure of the variable importance: the minimum depth. The
smaller value thereof is associated with a higher influence of that variable in con-
structing the forest. Panel d indicates a very similar result to the one shown in panel
c. Both panels indicate that year indicators are also included in the list of the top 15
important variables, suggesting that there were structural changes in survival func-
tions conditional on the changes in the covariate distributions. Being a twin is also
included among the 10 most important variables in both panels ¢ and d. However, this
interpretation should be treated with some caution given that the proportion of twins
has been stable over the three decades. Being a twin is an important determinant of
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Fig. 3 Out-of-sample error rate, with 95% confidence intervals calculated from bootstrapping with 100
repetitions. Testing samples are used for prediction. IBS = integrated Brier score. Cox-PH 2way = Cox
proportional hazard two-way interaction model. Cox-PH 2way select = Cox proportional hazard two-way
interaction selected model.
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Fig. 4 Predicted survival probabilities and decomposition in Bangladesh. Testing samples are used for
prediction. The counterfactual survival function is based on the health production function in the 2010s and
covariates in the 1990s. ANC = antenatal care; TT = tetanus toxoid; pub.inst. = public institute; F. = father;
M. = mother; 1D = one day; preg. = pregnancy; and edu. = education.

survival, but being important does not necessarily mean that it triggers the survival
improvement. Given significant reductions in family size, an increase in antenatal
healthcare use, and an improvement in housing conditions in Bangladesh, it is more
straightforward and plausible to attribute the survival improvement to these changes
across time.
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India

Figure 5 shows the results in India. In panel a, the improvement in predicted sur-
vival rates is observed at every evaluating point in time. As found in Bangladesh, a
growing difference exists in the two survival curves in the 1990s and 2010s across
the evaluating time points. The counterfactual survival probabilities are predicted
between the two survival probabilities in the 1990s and 2010s.

Panel b indicates that although the contribution of the explained effect is larger
than that of the unexplained effect over the evaluation points, the relative proportions
of the explained and unexplained effects to the overall improvement exhibit some
variation across evaluation points in time. Panel b indicates the largest contribution
of the explained effect to survival at the first two-month point.

In panel c, variable importance measures show that family size, birth order,
amount of antenatal healthcare use, owning a television, and uptake of tetanus toxoid
injections are among the top five important factors in predicting survival. Panel d also
shows that family size, birth order, amount of antenatal care use, uptake of tetanus
toxoid injections, and electricity access are influential determinants. These two pan-
els imply that the reduction in family size as well as the increased use of antenatal
care were associated with the reduction in infant mortality in India.

Indonesia

Figure 6 shows the results in Indonesia, revealing a substantial improvement in the
survival probability over time. Panel a shows that the probability rates for Indonesian
infants surviving the first 12 months in the 2010s and 1990s are 99.1% and 97.5%,
respectively. The counterfactual survival curve exhibits a trend similar to that of the
survival curve in the 1990s, thereby suggesting that the circumstantial environments
are important factors in predicting survival probabilities. Hence, relatively smaller
unexplained effects are observed.

According to panel b, more than 75% of the improvement in infant survival rates
from the 1990s to 2010s is attributable to the improvements in the distribution of the ob-
served covariates, thus implying that improvements in the environments strongly con-
tributed to the reduction in infant mortality rates over the last three decades. Compared
with other countries in this study, Indonesia shows a higher proportion of the relative
contribution of the explained effect and a smaller variation in the relative contribution
sizes of the explained and unexplained effects over the evaluation points in time.

In panel ¢, variable importance measures suggest that family size, birth order, amount
of antenatal healthcare use, mother being a farmer, and birth spacing are the five most
important variables in the forest. Minimum depth in panel d indicates that amount of
antenatal care use, family size, birth order, access to electricity, and roof condition are
the five most influential determinants of the survival probability prediction.

Nepal

The results for Nepal are shown in Figure 7, which shows the widening improve-
ments in the survival probabilities for all evaluating time points. In panel a, the coun-
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Fig.5 Predicted survival probabilities and decomposition in India. Testing samples are used for prediction.
The counterfactual survival function is based on the health production function in the 2010s and covariates
in the 1990s. ANC = antenatal care; TT = tetanus toxoid; pub.inst. = public institute; F. = father; M. =
mother; 1D = one day; preg. = pregnancy; and edu. = education.

terfactual survival curve is between the two survival curves in the 1990s and 2010s.
The RSF predicts that the probability of surviving the first 12 months is 97.2% in the
1990s and 99.1% in the 2010s. The difference is 1.9 percentage points, of which 0.7
percentage points (equivalent to 39.7%) can be explained by the improved environments.

Panel b shows that in contrast to the other countries analyzed in this study, the
unexplained effect is consistently larger than the explained effect in Nepal, suggest-
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Fig. 6 Predicted survival probabilities and decomposition in Indonesia. Testing samples are used for pre-
diction. The counterfactual survival function is based on the health production function in the 2010s and
covariates in the 1990s. ANC = antenatal care; TT = tetanus toxoid; pub.inst. = public institute; F. = father;

M. = mother; 1D = one day; preg. = pregnancy; and edu. = education.

ing that the improvement in the Nepalese infant mortality rate from the 1990s to
2010s is due to the changes in hazard functions rather than the changes in the distribu-
tion of observable covariates. It also suggests the possibility that the improvement in
infant survival was associated more with factors that are not considered in this study,
such as the improvement in the quality of maternal care. The relative contribution
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made by the unexplained effect becomes smaller as the evaluation points come closer
to the 12-month point.

The variance importance measurements in panel ¢ suggest that family size, uptake
of tetanus toxoid injections, amount of antenatal care use, birth order, and breastfeed-
ing are major contributing factors. Moreover, year indicators are included in the 10
most important factors, which is in line with the finding that the unexplained effect
makes a large contribution to explaining the improvement. Panel d shows that family
size, amount of antenatal care use, uptake of tetanus toxoid injections, birth order, and
mother’s age at birth are influential determinants of survival. Panel d also indicates
that year indicators are influential prediction factors.

Pakistan

Figure 8 shows the results for Pakistan. Panel a reveals substantial improvements
over the three decades in the survival probabilities for every evaluating point in time.
The counterfactual survival curve lies between the curves in the 1990s and 2010s.
The RSF predicts that the probability of surviving the first 12 months is 97.3% in the
1990s and 98.3% in the 2010s. The improvement in initial endowments accounts for
53.3% of the difference in the survival probabilities.

Panel b indicates that up to the first six months, the size of unexplained effect is
larger than that of explained effect. At age 6 months, the relative size of explained
effect becomes larger than that of unexplained effect. After age 11 months, the
explained and unexplained effects contribute almost equally to the improvement.
These changes imply that the improvements in hazard function and those in covariate
distributions contribute to improving the infant mortality rates differently over the
evaluating point in time.

The variance importance measurements in panel ¢ suggest that family size, birth
order, birth spacing, the amount of antenatal care use, and access to electricity are
major contributing factors. Panel d also suggests that the improved infant survival
probability in Pakistan was associated with the reduction in family size coupled with
increased use of antenatal care.

Philippines

Finally, in the Philippines (Figure 9), the improvement in survival rates over the three
decades is smaller in an absolute term at every evaluating point in time than in the
other countries. This smaller improvement is consistent with the initial observation
in the Kaplan-Meier estimates (Figure 2). This result may be attributable to the coun-
try’s initially relatively advantaged survival probability in the 1990s, which allowed
little room for improvement. Panel a shows that larger parts of the improvement in
survival probability are explained by the improvement in the covariates in the mod-
el. The probability of surviving the first 12 months after birth is 99.3% in the 2010s
and 98.7% in the 1990s—a difference of 0.6 percentage points. The RSF suggests
that 69.1% of this difference (corresponding to 0.4 percentage points) is explained
by the improvement in covariate distributions. Panel b highlights how the relative
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Fig. 7 Predicted survival probabilities and decomposition in Nepal. Testing samples are used for predic-
tion. The counterfactual survival function is based on the health production function in the 2010s and
covariates in the 1990s. ANC = antenatal care; TT = tetanus toxoid; pub.inst. = public institute; F. = father;
M. = mother; 1D = one day; preg. = pregnancy; and edu. = education.

proportion of the explained effect is peaked at the survival probability in the first
five months, implying that the improved environments have played an important role
especially in the first five months, after which it shows a slower decrease over time.
In panel c, the variable importance measures indicate that family size, birth order,
amount of antenatal care use, uptake of tetanus toxoid injections, and father being a
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Fig. 8 Predicted survival probabilities and decomposition in Pakistan. Testing samples are used for pre-
diction. The counterfactual survival function is based on the health production function in the 2010s and
covariates in the 1990s. ANC = antenatal care; TT = tetanus toxoid; pub.inst. = public institute; F. = father;
M. = mother; 1D = one day; preg. = pregnancy; and edu. = education.

farmer are important factors in the prediction. Panel d indicates that birth order, amount
of antenatal care use, maternal age at birth, family size, and uptake of tetanus toxoid
injections are variables with high influence in survival probability prediction. Both pan-
els suggest that the reduction in family size coupled with increased use of antenatal care
are associated with the improved infant survival probability in the Philippines.
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Fig. 9 Predicted survival probabilities and decomposition in the Philippines. Testing samples are used for
prediction. The counterfactual survival function is based on the health production function in the 2010s and
covariates in the 1990s. ANC = antenatal care; TT = tetanus toxoid; pub.inst. = public institute; F. = father;
M. = mother; 1D = one day; preg. = pregnancy; and edu. = education.

Discussion and Conclusion

Low- and middle-income Asian countries have witnessed eye-catching improve-
ments in infant mortalities over the last three decades (from the 1990s to the 2010s)
(UNICEF 2013, 2017). Through decomposition analysis, this study closely exam-
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ined these improvements in Bangladesh, India, Indonesia, Nepal, Pakistan, and the
Philippines. I decomposed the improvements in infant survival probabilities into the
explained effect associated with the improvements in infants’ circumstantial envi-
ronments and the unexplained effect associated with the improvement in the hazard
function itself and unobservable factors, such as healthcare quality. This decomposi-
tion analysis quantifies how much of the increase in infant survival probability is due
to the improvement in the circumstantial environments in the respective countries.
One of the key features of this study is the use of the fully data-adaptive machine-
learning method, the random survival forest (RSF), which has achieved high predic-
tion performance in previous studies (Dietrich et al. 2016; Imani et al. 2019; Yosefian
et al. 2015). I apply the RSF to model infant survival probability and predict the
counterfactual probability that infants in the 2010s would face if they had the dis-
tributions of household characteristics, parental socioeconomic status, and antenatal
healthcare use of the 1990s. The results show that in Bangladesh, India, Indonesia,
and the Philippines, the explained effect is consistently larger than the unexplained
effect, suggesting that the infant mortality reductions are largely attributable to the
observed improvement in infants’ environments. The results also suggest that the
reductions in family size, increased use of antenatal care, and improved household
living standards were strongly associated with improvements in infant survival rates.
One of the limitations of this study is that I included only the variables that were
readily available in all six countries across the three decades. I was not able to include
other variables of potential interest, such as mothers’ intake of iron and vitamin A tab-
lets during pregnancy, the frequency of postnatal checkups, a detailed history of child
immunization uptake, use of sleeping nets to prevent malaria, maternal nutritional
status, and maternal HIV history because the relevant information was available only
in the recently collected DHS data. Moreover, I could not include community-level
indicators, such as the degree of local air pollution (one of the leading causes of lower
respiratory diseases), water quality, and heterogeneity of healthcare quality provided
in local health facilities. Including information about these community-level indi-
cators could promote more thorough research into the infant mortality rates across
countries. Having said that, this study included more than 45 variables relating to
circumstantial environments, and the RSF effectively takes into account their higher-
order interaction effects as well. Given that the RSF is capable of including many
characteristics as potential contributing factors, more detailed research should become
possible once more sophisticated micro- and macro-level data become available.
Mitigating the within-country inequality in infant mortality across parental socio-
economic status is also paramount in achieving the objectives of the Sustainable
Development Goals (United Nations 2015). In low- and middle-income countries
in Asia, women’s uptake of maternal care is strongly associated with socioeconomic
status, and facilitating the adequate use of maternal care among poor and marginal-
ized women remains a major challenge (Kesterton et al. 2010; Pathak et al. 2010).
Although inequality in infant mortality across parental socioeconomic status and its
transition over time have not been examined in this study because of space con-
straints, substantial socioeconomic inequalities in the degree of improvements within
countries are also likely. If the improvements in infant mortality have not yet been
enjoyed by mothers and children in socioeconomically disadvantaged households,
inequality in infant and child mortalities would become a significant bottleneck that
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could make sustainable improvements difficult to achieve. In this sense, enhancing the
knowledge of the importance of maternal healthcare among marginalized mothers and
ensuring opportunities to use it regardless of socioeconomic background will be
essential in the coming years. One promising avenue would be to enhance education
among poor women. The potential benefits of educational betterment would not be
limited to enhanced knowledge because educated mothers are more likely to have
longer pregnancy spacing and utilize antenatal and postnatal healthcare (Cleland and
van Ginneken 1988; Jain 1985). Moreover, better education should lead to higher
income, which could then be spent on purchasing more healthcare goods and ser-
vices, further contributing to improvements in infant health. Exploring the exis-
tence of heterogeneity across various parental socioeconomic status, such as living
standards, educational backgrounds, and occupation, would be a promising future
research agenda.

When every mother begins to use maternal healthcare appropriately, the quality
of care will become the next challenge in developing countries in Asia to mitigate
the existing gap between developing and developed countries. The low quality of
facilities and poor human resources, such as the high rates of absenteeism, are still
being widely witnessed. Overcoming these challenges and ensuring opportunities to
receive high-quality care would further improve the infant mortality rates and help
close the existing gap between developing and developed countries.

Another promising future research route would be to expand on the countries and
regions covered in the analysis—for example, to sub-Saharan Africa, where numer-
ous countries still face high neonatal, infant, and child mortality rates (World Bank
2019). Some countries are gradually overcoming these problems, but most are still
struggling with various political, economic, and cultural bottlenecks. Further research
in the context of sub-Saharan Africa would help to elucidate necessary health policies
to further reduce the mortality rates and eradicate avoidable deaths. m
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