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Background Background 
The objective of this study was to find the distinct risk subsets or clusters identified by the 
combination of factors and important factors to classify under five mortality (U5M) in 
high focused Indian states. 

Methods Methods 
Using population-based cross-sectional data from the National Family Health Survey 
(NFHS, 2015-2016) on 1, 40, 427 live births of five years preceding the survey occurred to 
99,205 women of high focused Indian states with U5M rate above the national level, a 
recursive partitioning approach based two classification tree models, one without 
considering missing values and other with missing together approach, were fitted using 
binary outcome of U5M and independent factors comprising of socioeconomic, 
demographic, maternal and biological, nutritional and environmental factors. 

Results Results 
There were nine and sixteen sub-groups in model-1 and model-2, respectively. In 
model-1, breastfeeding = no & birth in past 5 years = (2, 3+ births) and in model-2, 
breastfeeding = no & birth weight = (<2.5kg, not known) & birth in past 5 years = (2, 3 or 
more births) were found to be maximum mortality risk sub-groups. In terms of variable 
importance to predict U5M, model-1 identified birth in past 5 years, breastfeeding, birth 
order, wealth index, mother‘s age at birth. Model-2 additionally identified delivery 
complications, birth weight, state, sanitation facility, birth interval, caste, education. 
Overall correct classification rate was higher for model-1 (66%) than model-2 (64%). 

Conclusions Conclusions 
The main observed risk cluster was combination of two factors like breastfeeding and 
number of births in past 5 years, which for most people are easily modifiable with 
appropriate strategies and policies. Finally, to combat U5M in high focused states, 
identifying risk subsets or clusters is important for targeting and intervening purposes, as 
the intensity and type of policies and programs may differ according to clusters. This 
method is suitable to identify complex natural interactions between predictors, important 
variables and hypothesis generation to inform policy maker on intervention strategies, 
which may be difficult or impossible to uncover using traditional multivariable 
techniques. 

Despite a significant reduction in under-five mortality 
(U5M) globally over the years, it is still a major public health 
problem in developing countries. India has a very signifi-
cant role to play in global efforts to end the avoidable death 
of children under the age of five, as it contributes the high-
est share of deaths among the under-fives globally.1 The 
global U5M rate in the year 2016 was 41 deaths per 1000 
live births, with 56% reduction since 1990.2 The global com-
munity addresses the critical need to end preventable child 
deaths, making it an essential part of the global strategy for 

women’s, children’s and adolescent health (2016-2030) and 
the third Sustainable Development Goal (SDG) to ensure 
healthy lives and promote well-being for all people of all 
ages. The SDG 3.2 objective calls for an end to preventable 
deaths of newborns and children under the age of five and 
specifies that all countries should aim at reducing neonatal 
mortality to at least 12 deaths per 1,000 live births and un-
der-five deaths to at least 25 deaths per 1,000 live births by 
2030.3 

In India, the U5M rate (U5MR) is unevenly distributed 
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across regions and socio-economic groups and the nation-
al-level estimate of U5MR masks the huge sub-national ge-
ographic variation across Indian states. There are seven 
states, designated as high focused states, where U5MR is 
higher than national average (50 per 1,000 live births). The 
U5MR in these high focused states, namely Uttar Pradesh 
(UP) (78 per 1,000 live births), Madhya Pradesh (MP) (65 per 
1,000 live births), Chhattisgarh (64 per 1,000 live births), 
Bihar (58 per 1,000 live births), Assam (56 per 1000 live 
births), Jharkhand (54 per 1,000 live births), Rajasthan (51 
per 1000 live births) are almost similar to the U5MR in some 
of the poor performing African countries.4 

The hypotheses framing in medical research and devel-
opment of public health interventions frequently involve 
the identification of high-risk groups and the effects of in-
dividual and other factors on the concerned outcome.5,6 

Although identifying relevant risk subgroups can be dif-
ficult with standard statistical methods, the character of 
these subgroups can provide insight into effect mechanisms 
and recommend targets for modified interventions. Identi-
fying factors strongly associated with U5M rates is a topic of 
increased research interest for most developing countries, 
including India, to formulate appropriate health programs 
and policies to consider when searching for options to com-
bat child mortality in highly focused states with a view to 
achieving a higher level of socio-economic development. 
Many statistical methods have been used so far, including 
logistic regression, survival analysis, etc., to identify factors 
that are strongly associated with U5M rates.7–11 However, 
many of these studies did not consider important factors 
such as birth in the past 5 years (birth spacing), complica-
tions during delivery, the number of antenatal visits in their 
research that could have a confounding effect, and the com-
bination (joint effects) of these multiple risk factors that 
could affect U5M in highly focused states. Additionally, it 
has been observed that individual, household, and commu-
nity level factors may have synergistic effects on outcome, 
and interaction terms in regression models are typically 
used to test hypotheses regarding synergistic effects (i.e., 
effect modification). However, for modelling more compli-
cated nonlinear associations, this approach is not perfect.5 

Classification and Regression tree (CART) analysis can be 
used as an alternative to identify important variables and 
complex interactions between predictors which may be dif-
ficult or impossible to uncover using traditional regression 
or other multivariate techniques. CART analysis, a means 
of multivariate data exploration, is a non-parametric tech-
nique which uses binary recursive partitioning algorithm to 
assign the subjects into mutually exclusive homogeneous 
subsets or clusters according to a set of independent vari-
ables and this will produce a classification tree following 
a series of binary splits dividing children into higher- and 
lower-risk subgroups for a given outcome based on given 
predictor variables.12 CART based recursive partitioning 
techniques have been used in past to identify high-risk sub-
groups, mostly to examine clinical or genetic risk factors, 
for cardiovascular disease, diabetes and population-based 
studies.13–15 It would be very important to make a classi-
fication rule based on combination of factors with the help 
of decision tree considering local effect of each factor on 
outcome to predict U5M. In this regard, none of the stud-

ies from India or other settings have been carried out to find 
the distinct risk subsets or cluster based on decision tree 
(recursive partitioning). This information can then be used 
to suggest areas for policymakers to provide a better un-
derstanding of the socio-economic, demographic, cultural 
and environmental factors affecting U5M, keeping in view 
to achieve SDG 3.2 in high priority states of India, as these 
states are unlikely to achieve the SDG 3 target by 2030.1 

Therefore, our aim was to find the distinct risk subsets or 
clusters (identified by the combination of factors) and im-
portant factors to classify U5M in high focused states using 
CART model. 

METHODS 
DATA AND STUDY POPULATIONS 

We used data from the Kids Recode (KR) file of the recently 
conducted fourth round of the Demographic and Health 
Survey (DHS) for India, popularly known as the National 
Family Health Survey-4 (NFHS-4, 2015-16) which is a large-
scale, multi-round survey conducted in a representative 
sample of households throughout India. NFHS-4, based on 
1,315,617 children born of 699,686 women in 601,509 
households with a response rate of 98%, was conducted un-
der the stewardship of the Ministry of Health and Family 
Welfare, Government of India (GOI) which provides infor-
mation on population, health and nutrition for India and 
each state/union territory. 

The survey incorporated 425,563 households from rural 
areas and 175,946 households from urban areas. The sample 
size for NFHS-4 was decided based on the need to produce 
indicators at district and state/union territory (UT). The 
sample was selected through a two-stage sample design: for 
the first stage, the Primary Sampling Units (PSU) were vil-
lages in rural areas (selected with probability proportional 
to size) and Census Enumeration Blocks (CEB) for urban ar-
eas and in second stage; a random selection of 22 house-
holds in each PSU and each CEB were done for rural and 
urban area, respectively.16 KR Recode file contains the full 
birth history of five years preceding the survey of all women 
interviewed, including information on pregnancy and post-
natal care as well as immunization, health and nutrition. 
The study population considered were high focused states 
which constitute seven states (UP, MP, Chhattisgarh, Bihar, 
Assam, Jharkhand, and Rajasthan) having under-five and 
infant mortality higher than national level (50 deaths per 
1,000 live births). There were a total of 2, 59,627 births born 
between 2010 and 2016, but for the analysis, we considered 
a total of 1, 40,427 births who were born between 2010 and 
2016 in the above high focused seven states. 

VARIABLES CONSIDERED 

In this cross-sectional study, the binary dependent (out-
come) variable was considered as U5M (i.e. death before 
reaching the fifth birthday). Births which took place preced-
ing five years from the date of survey have been considered 
for the analysis. 

We selected predictors for U5M based on review of litera-
tures and additionally, other important factors seemed oth-
erwise necessary from policy making point of view. There 
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were 24 independent/explanatory variables available at 
household-level (States, Type of place of residence, Wealth 
index, Type of cooking fuel, Type of toilet facility, Source 
of drinking water, Religion, Caste), maternal-level (Highest 
educational level, Mothers age at birth, Covered by health 
insurance, Breastfeeding, Birth in past five years), child-
level (Preceding Birth Interval, Birth order number, Birth 
weight in kilograms, Sex, Child is twin), and maternal and 
child-care program-level (Number of antenatal visits during 
pregnancy, Delivery by caesarean section, Assistance at de-
liver, Delivery complications, Place of delivery, Time before 
postnatal check-up). The definition of these variables, 
based on,17 are given in Appendix S1 in the Online Supple-
mentary Document For analysis, these variables were fur-
ther classified as Demographic factors, Socioeconomic fac-
tors, Nutritional factor, Environmental factors, and Mater-
nal and Biological factors as given in Table 1a and 1b. These 
explanatory variables were recoded and categorized, given 
in Table 1a and 1bTable 1a and 1b, using the literature and NFHS-4 Re-
port.16 

ANALYTIC APPROACH 

Descriptive statistics were used to summarize overall sam-
ple characteristics. The variables considered for model fit-
ting are reported with their missing values, if any, in Table Table 
1a and 1b1a and 1b. The association between explanatory or predic-
tor variables and outcome was seen using Chi-squared test. 
The p-values less than 0.05 were taken as statistically sig-
nificant. 

For identification of distinct risk subsets of U5M, we fit-
ted two classification tree models, where model-1 was fitted 
without considering missing values and model-2 was fitted 
using missing together (MT) approach.18 The purpose of 
these classification trees were to reveal the structure of the 
dataset with respect to distinct combinations of risk vari-
ables that jointly influence the child mortality risk. For the 
binary outcome variable U5M, software used mainly three 
steps: (1) constructing an initial large classification tree 
using recursive partitioning to choose the predictor vari-
ables:(2) pruning this tree upward, thereby creating a nest-
ed sequence of smaller trees: and (3) selecting an optimum-
sized tree from this nested sequence. For deriving classifi-
cation tree, the data were randomly splitted into two parts, 
the training set (50%) and testing set (50%). The tree was 
grown using only the training set, and the testing set was 
used to estimate the error of all possible subtrees that can 
be built, and the subtree with the lowest error on the testing 
set was chosen as the classification tree. The steps of tree 
building procedures has been given in more detail in Ap-
pendix S6 in the Online Supplementary Document. 

For details about CART method, readers may consult 
Breiman et al.19 The performances of both the CART models 
were summarized using sensitivity, specificity, area under 
curve (ROC), correct classification in learning and testing 
sample data, and overall percentage correct classification. 
IBM SPSS statistics 23 was used for data preparation and 
descriptive analysis and Minitab’s Salford Predictive Model-
er (SPM) 8.3.0 software was used for model fitting. For the 
analysis, appropriate sampling weight was used. The sam-
pling weights were already specified in the NFHS datasets. 

RESULTS 
CLASSIFICATION TREE MODELS 

Based on two classification trees (model-1 and model-2), we 
constructed distinct risk subsets, represented in Table 2 and 
Table 3, respectively. Details about resultant classification 
tress and other technical details are given in Appendix S2, 
Appendix S3, Appendix S4, Appendix S5, Appendix S6 and 
Appendix S7 in the Online Supplementary Document. Ter-
minal subsets comprised of more than 5.6% mortality cases 
were considered as mortality groups for classification pur-
pose, as the percentage of under-five mortality in the total 
sample was 5.6%. In the classification tree model-1, there 
were a total of nine terminal nodes, in which terminal sub-
sets 3, 4, 7, 8 and 9 were considered as the mortality risk 
subsets. Similarly, in the classification tree model-2, out of 
16 terminal nodes, terminal subsets 3, 4, 5, 8, 9, 10, 13, 14, 
15 and 16 were considered as the mortality risk subsets. 

From Table 2, as expected, the child, who is on breastfed 
and single child born in last five year tend to have classified 
as survival (terminal node 1). Similarly, if a child is not on 
breastfed, and his/her mother is having one birth in last 
five years and she belongs to poor or middle class and the 
birth order of the child is first then that child will be clas-
sified in mortality subset (terminal node 8). Similar inter-
pretation can be made for other terminal nodes also. Ter-
minal node 4 comprised of combination of factors “Breast-
feeding= (Yes)& Birth in past 5 years = (2,3, or more births) 
& Birth order = (1)” had mortality of 8.3%, which was least 
of all 5 mortality subsets and terminal node 9 comprised of 
the combination of factors “Breastfeeding= (No) & Birth in 
past 5 years = (2, 3, or more births)” had mortality of 16.5%, 
which was maximum of all 5 subsets. 

For model-2, interpretation of Table 3 for classification 
rule is same as in case of above model-1. In Table 3, the ter-
minal node 8 comprised of combination of factors “Breast-
feeding = (No) & Birth weight= (2.5 kg or more) & Birth in 
past 5 years = (1) & Wealth Index = (Poor, Middle) & Birth 
order= (>=2) & Mothers age = (30-39 years, >=40 years)” had 
mortality of 6.1%, which was least of all 10 mortality sub-
sets and terminal node 16 comprised of the combination of 
factors “Breastfeeding = (No) & Birth weight= (Less than 
2.5 kg, Not known) & Birth in past 5 years = (2, 3 or more 
births)” had mortality of 21.2%, which was maximum of all 
10 subsets. 

Table 4 shows relative variable importance with normal-
ized score for both the classification tree models, which 
ranks the variables, as a summary of a variable’s contribu-
tion to currently selected the overall tree when all nodes 
are examined and taking into account how good a splitter it 
is. In our example, the variable ‘Birth in past 5 years’ and 
‘Delivery complication’ were ranked as most important fol-
lowed by ‘Breastfeeding’ in model-1, and model-2, respec-
tively. Explanatory variables missing in the Table 4 received 
a zero score, indicating that these variables contributed no 
role in the analysis, either as a primary splitter or as a surro-
gate. Variable importance has been discussed in more detail 
in Appendix S8 in the Online Supplementary Document. 

Table 5 shows the performances of both the CART mod-
els in learning and testing sample data. In model-1 and 
model-2, the area under curve was 0.789, and 0.827, respec-
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Table 1a. Distribution of deaths by socioeconomic, demographic and environmental factors. Table 1a. Distribution of deaths by socioeconomic, demographic and environmental factors. 

Socioeconomic factors Socioeconomic factors 
Under-five deaths (yes) Under-five deaths (yes) Total Total P-valueP-value  * * 

n (row %) n (row %) N (column %) N (column %) 

Highest educational level Highest educational level   <0.001 

Illiterate 3753(6.5) 57932(41.3) 

Primary 1348(6.1) 22046(15.7) 

Secondary and above 2797(4.6) 60449(43.0) 

Type of place of residence Type of place of residence  <0.001 

Urban 1214(4.5) 26724(19.0) 

Rural 6684(5.9) 113703(81.0) 

Covered by health insurance Covered by health insurance  0.243 

No 7181(5.6) 127154(90.5) 

Yes 717(5.4) 13273(9.5) 

Wealth index Wealth index  <0.001 

Poor 5515(6.3) 88061(62.7) 

Average 1203(5.3) 22567(16.1) 

Rich 1180(4) 29799(21.2) 

States States  <0.001 

Assam 518(5) 10309(7.3) 

Bihar 1322(5.2) 25437(18.1) 

Chhattisgarh 539(5.8) 9283(6.6) 

Jharkhand 570(4.7) 12204(8.7) 

Madhya Pradesh 1361(5.5) 24611(17.5) 

Rajasthan 758(4.5) 16832(12.0) 

Uttar Pradesh 2830(6.8) 41751(29.7) 

Demographic factors Demographic factors  

Mothers age at birth(years) Mothers age at birth(years)  <0.001 

<20 1312(7.5) 17546(12.5) 

20-29 5184(5.1) 101380(72.2) 

30-39 1246(6.3) 19931(14.2) 

>40 156(9.9) 1570(1.1) 

Religion Religion  0.044 

Hindu 6481(5.7) 114195(81.3) 

Muslim 1278(5.5) 23264(16.6) 

Other 139(4.7) 2968(2.1) 

Caste Caste  <0.001 

Scheduled caste 1760(6.4) 27511(19.6) 

Scheduled tribe 1168(5.8) 20095(14.3) 

Other Backward Classes 3758(5.5) 68271(48.6) 

Other 1065(5) 21430(15.3) 

Missing 147(4.7) 3120(2.2) 

Environmental factors Environmental factors  

Type of cooking fuel Type of cooking fuel  <0.001 

Safe 1166(4.3) 26835(19.1) 

Unsafe 6238(6) 104728(74.6) 

Not a de jure resident 494(5.6) 8864(6.3) 

Type of toilet facility Type of toilet facility  <0.001 

Identification of distinct risk subsets for under five mortality in India using CART model: an evidence from NFHS-4

Journal of Global Health Reports 4



Improved 1694(4.4) 38139(27.2) 

Unimproved 5710(6.1) 93424(66.5) 

Not a de jure resident 494(5.6) 8864(6.3) 

Source of drinking water Source of drinking water  0.238 

Improved 6662(5.7) 117610(83.8) 

Unimproved 742(5.3) 13953(9.9) 

Not a de jure resident 494(5.6) 8864(6.3) 

Total Total 7898(5.6) 7898(5.6) 140427(100) 140427(100) 

* Chi-square (χ²) test 

tively for the testing samples. The misclassification rates for 
training and testing samples for both the CART models were 
5.9 % and 5.6 %, respectively. The overall correct classifica-
tion, i.e., the percent of correctly classified cases out of all 
cases in the dataset, for model-1 and model-2 were about 
66% and 64%, respectively. 

DISCUSSION 

By applying CART model based recursive partitioning tech-
nique to NFHS-4 data, we identified the distinct risk subsets 
(identified by the combination of factors) and important 
factors to classify U5M in high focused states. This method 
may be appropriate for identifying situations where the eti-
ologic role of one factor depends on the presence or absence 
of one or more other factor. Also, this method can be used 
to identify important variables and complex interactions 
between predictors which may be difficult or impossible 
to uncover using traditional multivariate techniques. The 
findings of the present study are found to be consistent with 
the literature with additional information which has not 
been revealed by any of other studies, particularly in India. 
In addition to finding out the important factors for U5M, 
the classification tree models were able to depict the com-
bination or natural interaction of the maternal and biolog-
ical factors within themselves or with other environmental 
as well as socioeconomic and demographic factors. In other 
words, we cannot say that a single factor alone matters, ac-
tually it is a combination of factors which matter in terms of 
prediction of U5M. For instance, in model-1, Breastfeeding 
= (No) & Birth in past 5 years = (2, 3+ births) and in model-2, 
Breastfeeding= (No) & Birth weight= (<2.5kg, Not known) & 
Birth in past 5 years = (2, 3 or more births) were found to be 
the natural interaction determined by the model itself gives 
the maximum mortality risk subset. 

One of the rationales for this study is to find modifiable 
factors that can help the country in reaching the SDG 3 by 
2030. A study1 used the NFHS-4 and reported that 177 dis-
tricts of India are unlikely to achieve the SDG 3 target on 
the U5M rate by 2030 where the majority of high risk dis-
tricts are located in high focused states. In order to achieve 
the SDG 3, where U5M rate is taken as one of the milestones 
to be reduced to 25 deaths per 1000 live births, these seven 
high focused states (Assam, Bihar, Chhattisgarh, Jharkhand, 
MP, Rajasthan, and UP) have prevalence of 66.5% U5M. Ef-
fective policies and programs can be put in place to enhance 

accelerated reduction of U5M in these high focused states if 
we have information based on child level, household/moth-
er’s level, community level, and child-care program-level 
factors and the way and manner they influence the child 
mortality. In such situation, a classification rule based on 
combination of factors with the help of decision tree based 
on recursive partitioning algorithm considering local effect 
of each factor on outcome can be very useful to predict un-
der five mortality. The identification of distinct risk sub-
groups by recursive partitioning of data could lead to the 
aiming of specific groups for primary or secondary interven-
tion to avoid U5M. A cluster or subset having “no breast-
feeding and more number of children in last five years” 
(Model-1’s terminal node 9) or “no breastfeeding, low birth 
weight of a baby and more number of children in last five 
years” (Model-2’s terminal node 16) put together highest 
contribution in U5M in high focused states of India. These 
all are modifiable factors which can be improved with ap-
propriate policy implementation and intervention. Breast-
feeding is one of the most important interventions of child 
survival, and it is reflected in present study also, despite 
this, only 65% of children are exclusively breastfed for the 
first six months and 45% of children receive breastfeeding 
within one hour of birth in India.20 According to NFHS-4’s 
report, timely initiation of breastfeeding is particularly less 
for women with no schooling, for home deliveries, and for 
births delivered by unskilled personnel. The percentage of 
children with early initiation of breastfeeding (i.e., breast-
fed within one hour of birth) is very low in UP (25%), one 
of high focused states with highest percentage of U5M (78 
deaths per 1,000 live births). Initial breastfeeding and ex-
clusive breastfeeding for the first six months of life avoids 
around 20% deaths in newborn and 13% deaths in under-
five,21 and can also decrease mortality due to neonatal in-
fections (sepsis, pneumonia, diarrhea and tetanus).22 The 
number of births in last 5 years is related to family plan-
ning. The use of contraceptive methods could act as guard 
against a greater number of children and help in adequate 
birth spacing and could influence against undesirable preg-
nancies which in turn will cut the risk associated with early 
weaning of the child and health complications such as ma-
ternal depletion syndrome. Also, number of births in last 
5 years and increase in total children ever born could con-
sequence in low birthweight, lack of care, and premature 
births on the limited household resources, and children 
have to compete for the small resources available for their 
survival. 
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Table 1b. Distribution of deaths by nutritional, maternal and biological factors. Table 1b. Distribution of deaths by nutritional, maternal and biological factors. 

Nutritional factor Nutritional factor 
Under-five deaths Under-five deaths Total Total P-valueP-value  * * 

n (row %) n (row %) N (column %) N (column %) 

Breastfeeding Breastfeeding   <0.001 

No 4832(10.7) 44999(32.0) 

Yes 3066(3.2) 95428(68.0) 

Maternal and Biological factors Maternal and Biological factors  

Preceding Birth Interval(months) Preceding Birth Interval(months)  <0.001 

<=24 5164(6.7) 77565(55.2) 

>24 2734(4.3) 62862(44.8) 

Birth in past five years Birth in past five years  <0.001 

1 2102(3.3) 63254(45.0) 

2 3701(6) 62036(44.2) 

3+ 2095(13.8) 15137(10.8) 

Birth order number Birth order number  <0.001 

1 2813(6) 47237(33.6) 

>=2 5085(5.5) 93190(66.4) 

Birth weight in kilograms Birth weight in kilograms  <0.001 

Less than 2.5 kg 1295(7.4) 17556(12.5) 

2.5 kg or more 2439(3.2) 77270(55.0) 

Missing 4164(9.1) 45601(32.5) 

Sex of child Sex of child  <0.001 

Male 4277(5.8) 73394(52.3) 

Female 3621(5.4) 67033(47.7) 

Child is twin Child is twin  <0.001 

Single 7278(5.3) 138053(98.3) 

Multiple 620(26.1) 2374(1.7) 

Number of antenatal visits during pregnancy Number of antenatal visits during pregnancy  <0.001 

No antenatal visits 1134(5.1) 22259(15.9) 

More than 4visits 1679(3.7) 44897(32.0) 

At least 4 visits 888(2.8) 31402(22.4) 

Missing 4197(10) 41869(29.8) 

Delivery by caesarean section Delivery by caesarean section  <0.001 

No 7313(5.7) 128068(91.2) 

Yes 585(4.7) 12359(8.8) 

Assistance at delivery Assistance at delivery  <0.001 

Unskilled 2521(7) 35975(25.6) 

Skilled 5329(5.1) 104452(74.4) 

Missing 48(100) 48(0.0) 

Delivery complications Delivery complications  <0.001 

No 1736(3.4) 51681(36.8) 

Yes 1958(4.1) 47477(33.8) 

Missing 4204(10.2) 41269(29.4) 

Place of delivery Place of delivery  <0.001 

Institutional 5099(5.1) 100111(71.3) 

Non institutional 2751(6.8) 40316(28.7) 

Missing 48(100) 48(0.0) 
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Time before postnatal check up Time before postnatal check up  <0.001 

<4 hours 611(3.1) 19862(14.1) 

4-23 hours 21(1.7) 1241(0.9) 

1-2 days 85(2.4) 3521(2.5) 

3+ days 124(1.7) 7438(5.3) 

No check-up 2877(4.3) 66881(47.6) 

Missing 4180(10.1) 41484(29.5) 

Total Total 7898(5.6) 7898(5.6) 140427(100) 140427(100) 

* Chi-square (χ²) test 

Table 2. Classification tree model-1. Table 2. Classification tree model-1. 

Terminal Terminal 
node node 

Risk subsets or classification rules Risk subsets or classification rules Class (%) Class (%) 

1 Breastfeeding= (Yes)& Birth in past 5 years = (1 birth) Survival(100.0) 

2 
Breastfeeding= (Yes)& Birth in past 5 years = (2,3, or more births) & Birth order = (>=2) & Birth 
in past 5 years = (2 births) 

Survival(97.8) 

3 
Breastfeeding= (Yes)& Birth in past 5 years = (2,3, or more births) & Birth order = (>=2) & Birth 
in past 5 years = (3 or more births) 

Mortality(9.3) 

4 Breastfeeding= (Yes)& Birth in past 5 years = (2,3, or more births) & Birth order = (1) Mortality(8.3) 

5 Breastfeeding= (No)& Birth in past 5 years = (1 birth) & Wealth Index = (Rich) Survival(96.7) 

6 
Breastfeeding= (No)& Birth in past 5 years = (1 birth) & Wealth Index = (Poor, Middle) & Birth 
order = (>= 2) & Mothers age = (<20 years, 20-29 years) 

Survival(95.1) 

7 
Breastfeeding= (No)& Birth in past 5 years = (1 birth) & Wealth Index = (Poor, Middle) & Birth 
order = (>= 2) & Mothers age = (30-39 years, >=40 years) 

Mortality(9.7) 

8 
Breastfeeding= (No)& Birth in past 5 years = (1 birth) & Wealth Index = (Poor, Middle) & Birth 
order = (1) 

Mortality(15.5) 

9 Breastfeeding= (No)& Birth in past 5 years = (2, 3, or more births) Mortality(16.5) 

% indicates percentage of class cases in terminal nodes 

Methodologically, CART is quite different from the more 
commonly used statistical methods like logistic regression, 
survival analysis and other conventional multivariate meth-
ods, with the primary benefit of illustrating the natural in-
teraction and important variable selection related to out-
come. The other benefits of CART are that recursive par-
titioning does not make any distributional assumptions 
about the modeled variables, and among variables, it ac-
counts for multilevel interactions. Also, nonlinear relation-
ships between parameters do not affect tree performance. 
The outcome from CART analysis is easy to interpret and 
explain to policy makers. 

To the best of our knowledge, this study is the first at-
tempt of its kind to examine combination of factors in hi-
erarchical manner associated with U5M accounting for de-
mographic, socioeconomic, health, and environmental vari-
ables in high focused states of India. Several studies have 
established the relationship that exists between the socioe-
conomic, demographic factors and U5M in India and other 
developing countries,7,8,23,24 on the other hand researchers 
in the public health and medical sciences had carried out re-
searches to explain U5M by examining the effects of some 
proximate determinants.9,11,25 In the present study it is 

found that breastfeeding, birth interval, birth order, type of 
birth, wealth index and mother’s age at birth are the fac-
tors that mostly influence U5M. Other studies from Indian 
subcontinent also have reported similar factors.11,26 Apart 
from Indian setting, studies25 done in other countries al-
so showed that birth spacing is a very significant proxi-
mate variable through which socioeconomic variables such 
as mother’s education, age, place of residence, and wealth 
status influence child mortality in Nigeria. Similar to this 
study, factors like birth in past 5 years and preceding birth 
interval have come out as the most important risk factors 
in present study. Present study also shows that unimproved 
sanitation facilities could influence U5M like other similar 
study from India.27 A study from South Africa used Random 
survival forests demonstrated that covariates that were 
originally excluded from the survival analysis due to viola-
tion of the PH assumption were important in explaining un-
der-five child mortality rates.28 In terms of outcomes other 
than child mortality, a study from India used this method 
to show the negative association of breastfeeding practice, 
economic status, and antenatal care of mother with malnu-
trition among tribal children.29 

Though this study offers unique findings and policy sug-
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Table 3. Classification tree model-2 Table 3. Classification tree model-2 

Terminal Terminal 
node node 

Risk subsets or classification rules Risk subsets or classification rules Class (%)Class (%)* * 

1 Breastfeeding= (Yes)& Delivery Complication=(No, Yes) Survival(100.0) 

2 
Breastfeeding= (Yes)& Delivery Complication= (Not known) & Birth weight= (2.5kg or more) & 
State = (Bihar, Chhattisgarh, Jharkhand, MP, Rajasthan) & Birth in past 5 years = (1,2 births) 

Survival(96.0) 

3 
Breastfeeding= (Yes)& Delivery Complication= (Not known) & Birth weight= (2.5kg or more) & 
State = (Bihar, Chhattisgarh, Jharkhand, MP, Rajasthan) & Birth in past 5 years = (3 or more 
births) 

Mortality(7.9) 

4 
Breastfeeding= (Yes)& Delivery Complication= (Not known) & Birth weight= (2.5kg or more) & 
State = (Assam, UP) 

Mortality(6.3) 

5 
Breastfeeding= (Yes)& Delivery Complication= (Not known) & Birth weight= (Less than 2.5 kg, 
Not known) 

Mortality(12.5) 

6 
Breastfeeding= (No)& Birth weight= (2.5kg or more) & Birth in past 5 years = (1 birth) & Wealth 
Index = (Rich) 

Survival(97.7) 

7 
Breastfeeding= (No)& Birth weight= (2.5kg or more) & Birth in past 5 years = (1 birth) & Wealth 
Index = (Poor, Middle) & Birth order= (>=2) & Mothers age = (<20 years,20-29 years) 

Survival(96.8) 

8 
Breastfeeding= (No)& Birth weight= (2.5kg or more) & Birth in past 5 years = (1) & Wealth Index 
= (Poor, Middle) & Birth order= (>=2) & Mothers age = (30-39 years,>=40 years) 

Mortality(6.1) 

9 
Breastfeeding= (No)& Birth weight= (2.5kg or more) & Birth in past 5 years = (1) & Wealth Index 
= (Poor, Middle) & Birth order= (1) 

Mortality(10.3) 

10 
Breastfeeding= (No)& Birth weight= (2.5kg or more) & Birth in past 5 years = (2, 3, or more 
births) 

Mortality(10.7) 

11 
Breastfeeding= (No)& Birth weight= (Less than 2.5 kg, Not known) & Birth in past 5 years = (1 
birth) & Birth Order = (>=2) & Mothers age = (<20 years,20-29 years) & Sanitation facility = 
(Improved) 

Survival(95.5) 

12 
Breastfeeding= (No)& Birth weight= (Less than 2.5 kg, Not known) & Birth in past 5 years = (1 
birth) & Birth Order = (>=2) & Mothers age = (<20 years,20-29 years) & Sanitation facility = 
(Unimproved) & Birth Interval = (<=24 months) 

Survival(94.6) 

13 
Breastfeeding= (No)& Birth weight= (Less than 2.5 kg, Not known) & Birth in past 5 years = (1 
birth) & Birth Order = (>=2) & Mothers age = (<20 years,20-29 years) & Sanitation facility = 
(Unimproved) & Birth Interval = (>24 months) 

Mortality(6.4) 

14 
Breastfeeding= (No)& Birth weight= (Less than 2.5 kg, Not known) & Birth in past 5 years = (1 
birth) &Birth Order = (>=2) & Mothers age = (30-39 years, >=40 years) 

Mortality(11.7) 

15 
Breastfeeding= (No)& Birth weight= (Less than 2.5 kg, Not known) & Birth in past 5 years = (1 
birth) & Birth Order = (1) 

Mortality(18.2) 

16 
Breastfeeding= (No)& Birth weight= (Less than 2.5 kg, Not known) & Birth in past 5 years = (2, 3 
or more births) 

Mortality(21.2) 

% indicates percentage of class cases in terminal nodes 

gestions, some methodological issues need to be taken care 
in consideration. We built two models, one (model-1) with-
out considering missing values and other (model-2) treating 
missing values as a level of that variable. We built model-2 
because of availability of missing observation in substantial 
manner and this is the limitations of secondary data. Main-
ly, this is because the information on antenatal-care inter-
ventions were collected only for most recent births or last 
child. This restriction may introduce considerable bias in 
the results. In model-2, delivery complication was found to 
be most important, but when this variable formed risk sub-
set or cluster in combination with other variables, the inter-
pretation was not much meaningful, for example: Breast-
feeding = (Yes) & Delivery Complication= (Not known) & 
Birth weight= (Less than 2.5 kg, Not known) was classified 
as mortality group. Similar interpretation might hold true 
for other clusters of model-2 also. Although the perfor-

mance in terms of discriminative ability i.e., area under 
curve was greater, both in learn and test sample, for mod-
el-2 than model-1, overall correct classification rate was 
higher for model-1 as compared to model-2. Therefore, in 
terms of interpretation and correct classification, model-1 
seems more meaningful and could be recommended for pol-
icy suggestion. 

LIMITATIONS 

There could be potential data quality problem due to recall 
bias, as the quality of mortality estimates calculated from 
birth histories depends on the mother’s ability to recall all 
of the children she has given birth to, and their birth dates 
and ages at death as well. Underestimation of childhood 
mortality might have taken place due to the selective omis-
sion from the birth histories of those births that did not sur-
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Table 4. Variable importance for classification tree models. Table 4. Variable importance for classification tree models. 

# # Model-1* Model-1* Model-2** Model-2** 

Variables Overall Normalized Scores (%) Variables Overall Normalized Scores (%) 

1 Birth in past 5 years 100 Delivery complication 100 

2 Breastfeeding 70.87 Breastfeeding 44.74 

3 Birth order 27.21 Birth weight 14.74 

4 Wealth index 7.49 Birth in past 5 years 7.11 

5 Mothers age at birth 3.92 Birth order 5.31 

6 - - Mothers age at birth 2.75 

7 - - Wealth index 2.72 

8 - - State 1.32 

9 - - Sanitation facility 0.51 

10 - - Birth interval 0.3 

11 - - Caste 0.3 

12 - - Education 0.19 

*Classification tree model without using missing together approach 
** Classification tree model using missing together approach 

Table 5. Model error measures Table 5. Model error measures 

Model-1* Model-1* Model-2* Model-2* 

Classification tree models Classification tree models Learn Learn Test Test Learn Learn Test Test 

N (1,40,427) 70,207 70,220 70,207 70,220 

Average Log Likelihood -0.19 -0.185 -0.177 -0.172 

ROC (Area Under Curve) 0.789 0.782 0.83 0.827 

Misclass Rate Overall 0.059 0.056 0.059 0.056 

Class. Accuracy 0.661 0.66 0.646 0.643 

Specificity 72.60% 72.59% 62.92% 62.71% 

Sensitivity 70.25% 67.45% 91.57% 90.36% 

Overall % Correct Classification 66.03% 64.26% 

*Classification tree model without using missing together approach 
** Classification tree model using missing together approach 

vive. The shift of birth dates, which may distort mortality 
trends. This can happen if an interviewer knowingly records 
a birth as occurring in a different year than the one in which 
it occurred. This may occur if an interviewer is trying to ex-
purgate her/his overall work load, because live births occur-
ring during the five years before the interview are the sub-
ject of a lengthy set of extra questions. Due to recall bias, 
the quality of reporting of age at death may suffer. Age pat-
tern of mortality could be distorted due to misreporting the 
child’s age at death. Some parts of birth weight records were 
based on the mother’s recall and should be interpreted with 
caution. 

Other limitations related with information of ANC visit 
(available in 70.2% cases), postnatal check-up (available in 
70.5% cases), which were available for recent births or 
youngest child only. For children other than youngest, we 
treated observations as missing, although these were not 

collected. Information for household variables (Source of 
drinking water, Type of toilet facility, Type of cooking fuel) 
contained 6.3% responses as “not a jure resident”. 

In the face of minor changes in the training sample, the 
standard Classification trees are often unstable; and some-
times, findings may be difficult to reproduce and should be 
interpreted with caution. 

CONCLUSIONS 

The main partitioning variables in our results were breast-
feeding and number of births in past 5 years, which for most 
people are easily modifiable with appropriate strategies and 
policies. Other variables like birth order, birth weight, 
wealth index, and mother’s age at birth were found to be 
important predictors of U5M. To combat U5M, identifying 
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risk subsets or clusters is important for targeting and in-
tervening purposes, as the intensity and type of policies 
and programs may differ according to clusters. In situation 
where data is available at multilevel, this method can be 
used to identify homogeneous subsets or clusters defined by 
combinations of individual characteristics, complex natur-
al interactions between predictors, selection of important 
variables, hypothesis generation, and data exploration to 
inform policy maker on intervention strategies, which may 
be difficult to uncover using traditional multivariate tech-
niques. 
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