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Introduction
Child mortality is defined as the probability of live births per household in a specific 
year who die before celebrating the age of five. Child mortality has received international 
attention through Sustainable.

Development Goals (SDGs) [1]. Every year, under-five children die in millions [2]. In 
2016, for instance, 5.6 million children died, and globally, still about 15,000 children 
die every single day. The burden of under-five deaths remains unevenly distributed 
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and in southern Asia and sub Saharan Africa in particular, remains high. For instance, 
about 80 percent of under-five deaths occur in two regions, sub-Saharan Africa and 
South Asia. Including Ethiopia, six countries account for half of the global under-five 
deaths [1, 3, 4].

In Ethiopia, the mortality rate of under-five is 67 per 1000 live births, with large dis-
parities in across regions. Every 15 children die before reaching their fifth year. Every 
year, more than 257,000 children die under the age of five, of which 120,000 die in the 
neonatal period. If present trends continue, more than 3,084,000 children will die until 
the 2030 [5, 6].

To identify the risk factor of under-five mortality, different countries conducted vari-
ous studies [7–12]. Many small-scale surveys were done on a specific set of variables. 
These studies investigated the risk factors of under-five mortality through binary logistic 
and survival analysis [13–15]. Though, binary logistic regression undercounts the total 
number of mortality since multiple mortalities are collapsed into a single unit to fulfill 
the requirements of binary logistic regression, provides sufficient information for study-
ing the pattern of multiple child deaths. In this study, the count regression model is the 
preferred model of analysis. The response variable is the number of under-five death 
(count) and the main aim is to see how this count changes as the explanatory variable 
increase. Classical Poisson regression is the most well-known method for modeling 
count data. Yet its underlying assumption of equal-dispersion (i.e., an equal mean and 
variance) limits its use in many real-world applications with over or under dispersed 
data (i.e., the variance is larger than the mean or smaller than the mean). Excess varia-
tion may result in incorrect inference about parameter estimates, standard errors, tests, 
and confidence intervals. Overdispersion frequently arises for various reasons. One is; 
excessive zero counts or censoring. Over-dispersed count data are common in many 
areas which in turn, lead to the development of the statistical methodology for mod-
eling over-dispersed data [16]. The negative binomial distribution looks like the Poisson 
distribution, except that it has a longer, fatter tail to the extent the variance exceeds the 
mean. Depending on the degree of overdispersion, the negative binomial model could 
capture more zeros than the Poisson model [17]. Nevertheless, the model may be insuf-
ficient in with respect to empirical applications bearing zero values in the data. Zero-
inflated models provide a way of modeling the excessive proportion of zero values by 
allowing overdispersion. When number of zeros is large, provides a good fit than Poisson 
or negative binomial model [18]. However, these models are not suitable for under-dis-
persion. A flexible alternative that captures both over and under-dispersion is the hurdle 
model [19]. On the other hand, most of the scholars on child mortality considered either 
prevalence alone, Chi square association, or logistic and survival models to analyze such 
[11, 12, 20–22] outcomes. In logistic regression, the dependent variable is dichotomized 
to be either dead or alive, which undercounts the total number of under-five mortality. 
This implies that multiple child deaths are collapsed into a single unit for doing a logistic 
regression. Therefore, this study tried to identify the best statistical model to estimate 
predictors of under-five mortality in Ethiopia. The main strength of the model used in 
this case accounts for survey design features such as weighting, clustering, and stratifi-
cation since a failure to account for design features leads to invalid statistical inference 
such as standard errors, and over or under estimation.
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Contribution
To our knowledge, this is the first paper assessing the effects of different covariates on the 
number of under-five mortality rate using the count regression models such as hurdle nega-
tive binomial at a multi-regional level with a huge dataset. Besides, identifying the specific 
predictor associated with under-five is important in prioritizing interventions and revealing 
patterns for better results. Further, to offer flawless information to researcher how to use 
over dispersed, under dispersed and zero-inflated regression models.

Methods
Data source

The data used for this study was taken from the 2016 EDHS a nationally representative sur-
vey of women’s aged (15–49 years) groups drawn from the Central Statistics Agency (CSA), 
Ethiopia. The survey is the fourth comprehensive survey designed to provide estimates in 
all urban and rural areas of Ethiopia about the targeted health and demographic variables.

Dependent variable

The response variable of this study is number of under-five deaths per mother.

Independent variables

Possible predictors of under-five death use such as region, mother’s age, educational 
level of the father, education level of the mother, father’s occupation, mother’s occupa-
tion, family size, age of mother at first birth, religion, vaccination of child, contracep-
tive use, birth order, preceding birth interval, child twin, place of delivery, antenatal visit, 
breastfeeding, and residence were included in the analysis.

Statistical software

The secondary data were recorded in SPSS software version 21 and then exported to R 
software version 3.5.3 and analyzed by using R software.

Statistical models

In some epidemiological studies, the response of interest consists of a count; such as 
number of the under-five deaths. In this case, the count regression model better ana-
lyzes the response measurements. From count regression models, this study applied Poi-
son, Negative Binomial, Zero-Inflated Poisson, Zero-Inflated Negative Binomial, Hurdle 
Poisson, and Hurdle Negative Binomial models.

Poisson regression model

The most popular model for count data is the Poisson model, which assumes that the 
mean and variance of the dependent variables to be equal [23]. The probability function 
for Y is given by 

where, yi is the number of under-five deaths the ith mother in a given time with a 
mean parameter µi.The mean and variance of the Poisson distribution is given as 

(1)p
(

Y = yi/µi

)

=
exp (−µi) µ

yi
i

yi!

yi = 0, 1, 2 . . . . . . ,
µi > 0, i = 0, 1, 2, . . . . . .
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Negative binomial regression model (NB)

Sometimes the variance exceeds the mean which is referred to as over dispersion [24]. 
Various models exist that account for overdispersion and for this study it can be mod-
elled using a negative binomial (NB) regression model. The probability function is given 
by 

where α is  the  over dispersion  parameter, Γ (.) is the gamma function, α = 0 and, 
the Negative Binomial distribution is  the  same as Poisson distribution. The mean and 
variance are expressed as: 

Zero‑inflated poisson (ZIP) regression model

The zero-inflated Poisson (ZIP) regression model is a modification of this familiar Pois-
son regression model that allows for an over-abundance of zero counts in the data [18]. 
Specifically, if Yi is the number of under-five mortality per mothers is independent ran-
dom variables having a zero-inflated Poisson distribution, the zeros are assumed to arise 
in two ways corresponding to distinct underlying states. The first state occurs with prob-
ability πi and produces only zeros (mothers who are never born), while the other state 
occurs with probability 1− πi and leads to a standard Poisson count with mean µ and 
hence a chance of further zeros (mothers whose child may not be dead). In general, the 
zeros from the first state are called structural zeros and those from the Poisson distribu-
tion are called sampling zeros [25]. This two-state process gives a simple two-component 
mixture distribution with probability mass function 

The parameter µi and πi depends on the covariates xi and zi , respectively. The mean 
and the variance of the ZIP regression model, respectively, are: 

To apply the zero-inflated Poisson model in practical modeling situations, [18, 26, 27] 
suggested the following joint models for µ and π 

E(yi) = Var(yi) = µi.

(2)P(yi,µi,α) =
Γ (yi + 1

/

α)

yi!Γ (1
/

α)
(1+ αµi)

− 1
α

(

1+
1

αµi

)−yi

yi ≥ 0 and α > 0

E(yi) = µi = exp(xTi β), Var(yi) = µi(1+ αµi).

(3)p(Yi = yi) =











πi + (1− πi) exp(−µi) , if yi = 0

(1− πi)
exp(−µi)µ

yi
i

yi!
, if yi = 1, 2, . . . . . .

0 ≤ πi ≤ 1

E(yi) = (1− πi)µi and Var(yi) = µi(1− πi)(1+ πiµi).

(4)ln (µ) = XTβ and ln

(

π

1− π

)

= ZTγ .
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where X and Z are covariate matrices and β , γ are (p+ 1)× 1 and (q + 1)× 1 vectors 
of unknown parameters respectively. The two sets of covariates may or may not coin-
cide. For a random sample of observations y1, y2, . . . . . . , yn the, log-likelihood function 
is given by 

 where I(.) is the indicator function for the specified event, i.e. equal to 1 if the event is 
true and 0 otherwise.

Zero‑inflated negative binomial (ZINB) regression model

The ZIP model may sometimes, fail to fit such data either because of over-dispersion in 
relation to the Poisson distribution. We extend the ZIP mixed regression model to ZINB 
mixed regression model. The ZINB regression is used for count data that exhibit over-
dispersion and excess zeros [28, 29].

Suppose Yi is the number of under-five mortality per mother then, the probability mass 
function of ZINB is given by: 

where µi the mean of the underlying negative binomial distribution and α is the over-
dispersion parameter. The ZINB distribution reduces to the ZIP distribution as α → 0 . 
The mean and variance, E(Yi) = (1− πi)µi and Var(Yi) = (1− πi)(1+ πiµi + αµi) 
respectively [29].

In the terminology of generalized linear models (GLMs) ln(µi) and log it(πi) are the 
natural links for the negative binomial mean and Bernoulli probability of success [18, 30] 

 where xi and zi are respectively vectors of covariates for the negative binomial and the 
logistic components, β and γ are the corresponding vectors of regression coefficients.

The hurdle poisson model

The hurdle regression handles the excess zeros by relaxing the assumption that zeros and 
positives come from a single data generating process [18]. A hurdle model is introduced 
by [30] for the analysis of over-dispersed or under-dispersed count data. Hurdle Poisson 
(HP) model is a two-component model consisting of a hurdles component models zero 
versus non-zero counts. A truncated Poisson count component is employed for the non-
zero counts [19, 31]. Its probability density function is given as: 

(5)

l(µ;π; y) =

n
∑

i=1

{

I(yi=0) log [πi + (1− πi) exp(−µi]+ Iyi>0[log(1− πi)+ yi log(µi)− µi − log(yi!]
}

(6)

p
�

Yi = yi
�

=























πi +
(1− πi)

(1+ αµi)
− 1

α

, if yi = 0

1− πi
Γ (yi + 1

�

α)

yi!Γ (1
�

α)
(1+ αµi)

− 1
α

�

1+
1

αµi

�−yi

, if yi > 0

0 ≤ πi ≤ 1

(7)
ln(µi) = β0 + β1xi1 + . . . . . .+ βpxip and log it(πi) = γ0 + γ1zi1 + . . . . . .+ γqziq
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where πo = p(yi = 0) and µi = Exp(xiβ).
In the PLH model, the most natural choice to model the probability of zeros is a 

logistic regression model.

where zi = (1, zi1, zi2, . . . . . . , ziq) is the ith row of covariate matrix Z and 
γ = (γ1, γ2, . . . , γq) are unknown q-dimensional column vector of parameters. While 
the effect of covariates zi on strictly positive (that is censored). Count data are mod-
eled through Poisson regression:

where xi = (1, xi1, xi2, . . . . . . , xip) is the ith row of covariate matrix X and 
β = (β1,β2, . . . ,βp) are unknown p-dimensional column vector of parameters. This 
model was proposed originally by [31].

The log-likelihood function of a Logit-Poisson regression can, therefore, be 
expressed as the sum of log-likelihood functions of two components as below: 

.

The hurdle negative binomial model

Similarly, for the hurdle models, the Hurdle Negative Binomial can be used instead of 
Poisson distribution for over-dispersion [19]. We consider a hurdle negative binomial 
(HNB) regression model in which the response variable Yi = (i = 1, 2, 3, . . . . . . , n) has 
the distribution 

where α ≥ 0 is a dispersion parameter that is assumed not to depend on covariates. 
In addition, we suppose 0 < π0 < 1 and π0 = π0(zi).

The most natural choice to model probability of excess zeros is to use a logistic 
regression model: 

(8)

p(Yi = yi) =











π0 if yi = 0

(1− π0)
exp(−µi)µ

yi
i

(1− exp(−µi)yi!
if yi = 1, 2, . . . . . .

0 ≤ π0 ≤ 1

(9)log it(π0) = log

(

π0
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)

= zTi γ

(10)log(µi) = xTi β

(11)

l(µ;π; y) =

n
∑

i=1

{

I(yi=0) log(π0)+ Iyi>0[log(1− π0)− µi + yi log(µi)− log(1− Exp(µi))− log(yi!]
}

.

(12)
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where zi = (1, zi1, zi2, . . . . . . , ziq) is the ith row of covariate matrix Z and 
γ = (γ1, γ2, . . . , γq) are unknown q-dimensional column vector of parameters. Impact of 
covariates on count data is modeled through NB regression 

xij is the covariates, β is the coefficient of the independent variables in the regression 
model and p is the number of these independent variables.

We can obtain the log-likelihood function for the hurdle negative binomial regression 
model as 

Assessing model adequacy

We use the likelihood ratio test (LRT) to assess the goodness-of-fit between two nested 
models. The LRT is only valid test to compare hierarchically nested models. None nested 
model was compared by using Akaike information [32].

Result
A total of 14,370 women were included of which 7720 (53.3%) of the mothers have not 
faced any under-five death, only 78 (0.5%) of them lost 7 children. Further screening of 
the number of death of under-five showed that the variance (1.697) is greater than the 
mean (0.9) indicating over-dispersion (Table 1).
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=
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∑
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Table 1 Number of child deaths per mother

Number of deaths Frequency Percent

0 7720 53.7

1 3314 23.1

2 1773 12.3

3 798 5.6

4 413 2.9

5 198 1.4

6 76 0.5

7 78 0.5

Total 14,370 100

Mean 0.90

Variance 1.67
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Socio‑demographic and economic characteristics of under‑five mortality in Ethiopia

Some of the socioeconomic, demographic, health and environmental-related factors 
on the child death per mother are summarized in Table 1. The majority, 80.9% of child 
death occurs with uneducated mothers and 3.7% of deaths occur with mothers who 
have a secondary level education or above. A part, (66.2%) of the child death occur with 
uneducated fathers and 7.7% of the deaths occur with parents who attained secondary 
and above. The highest percent of child death (25.8%) is observed with children whose 
order of birth is four and above and the lowest percent (38.5%) of the death is observed 
with children whose order of birth first. It is also noted that (58.6%) of the child death 
is attributed to poor women. Besides, the lowest percent of child death occurred with 
mothers whose visit to a health care institution during pregnancy is at least 4 times 
(85.0%) while the highest percentage of child death occurred with mothers who did not 
receive any antenatal check during pregnancy (7.3%). Working fathers have a lower per-
cent of child deaths (46.6%) as compared to non-working fathers (53.4%) (Additional 
file 1: Table S1).

Model selection criteria

AIC, BIC, and Deviance statistics were used to identify the appropriate count model 
among the six commonly considered count models from the results in Table 2, we can 
observe that the log-normal survival model has the smallest AIC, BIC, and Deviance 
statistic. This indicates that the Hurdle negative binomial survival model is a better fit to 
data as compared to the other count regression models (Table 2).

Table  4 indicated the zero counts captured by six-count regression models. Poisson 
and the NB model under-estimated zero counts, the zero-inflated models over-esti-
mated zero counts and the hurdle models captured all zero values. Hurdle based model 
was better estimated than the other count model (Table 3).

Figure 1 and Table 4 shows the predictive probabilities distribution curve of six-count 
regression models and the observed proportions. The hurdle negative binomial model is 

Table 2 Model selection criteria for the count regression models

AIC, Akaike’sinformation criterion; BIC, Bayesian information criterion; HNB, hurdle negative binomial; HP; Hurdle Poisson: 
NB, negative binomial; ZINB, zero‑inflated negative binomial; ZIP, zero‑inflated Poisson

Model Def. AIC BIC Deviance

Poisson 32 30218.3 30460.7 30154.3

NB 33 30198.2 30448.1 30132.2

ZIP 50 29746.6 30125.3 29646.6

ZINB 51 29737.1 30123.3 29635.1

HP 50 29457 29828 29359

HNB 51 29427 29813.2 29325

Table 3 Zero counts in the count model

HNB, hurdle negative binomial; HP; Hurdle Poisson: NB, negative binomial; ZINB, zero‑inflated negative binomial; ZIP, zero‑
inflated Poisson

Observed Poisson NB ZIP ZINB HP HNB

No of zeros 7720 7535.94 7629.34 7878.27 7891.22 7720 7720
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a better choice than the other count models as the predicted probability for the hurdle 
negative binomial model is closed to the observed probability. Therefore, it is possible to 
conclude that the HNB model is more appropriate than other count models in terms of 
fitting the number of under-five deaths per mother.

Factors associated with under‑five mortality in Ethiopia

Table 2 presents summaries of the Negative binomial hurdle model. The negative bino-
mial component shows the magnitude of severity of under-five mortality. Compared 
with non-vaccinated children, the rates of non-zero under-five death for vaccinated chil-
dren decreased by 28.5% (IRR = 0.715, 95% CI 0.630, 0.811).compared to children born 
in Tigray region, the risk of under-five child mortality is 1.475 times(IRR = 1.475, 95% 
CI 1.286, 1.678) higher among under-five children born to mothers from Benishangul-
Gumuz regions. Relative to children whose mothers did not receive any antenatal fol-
low up during pregnancy, the rate of non-zero under-five death whose mothers ANC 
visit at least 4 times during pregnancy was decreased by 22.3% (IRR = 0.777, 95% CI 
0.671, 0.091). As birth order increases the under-five mortality also increases. The death 
rate of non-zero under-five whose order of birth is four and above increased by 47.9% 
(IRR = 1.621, 95% CI 1.496, 1.756) as compared to children have a first order of birth. 
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Fig. 1 differences between observed and predicted plots of the six model fits

Table 4 Observed and  predicted probabilities from  the  count model for  the  under-five 
death

HNB, hurdle negative binomial; HP; Hurdle Poisson: NB, negative binomial; ZINB, zero‑inflated negative binomial; ZIP, zero‑
inflated Poisson

No of under‑
five death

Observed 
probability

Predicted probability

Poisson NB ZIP ZINB HP HNB

0 0.5370 0.5244 0.5309 0.5482 0.5491 0.5370 0.5370

1 0.2310 0.2596 0.2551 0.2189 0.2165 0.2292 0.2313

2 0.1230 0.1134 0.1105 0.1195 0.1207 0.1239 0.1225

3 0.0560 0.0517 0.0507 0.0598 0.0603 0.0597 0.0587

4 0.0290 0.0245 0.0249 0.0287 0.0287 0.0275 0.0288

5 0.0140 0.0125 0.0128 0.0135 0.0134 0.0124 0.0136

6 0.0050 0.0064 0.0068 0.0063 0.0062 0.0056 0.0055

7 0.0050 0.0033 0.0037 0.0029 0.0028 0.0025 0.0064
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The result, also indicated that the educational level of mother’s and father’s was a signifi-
cant factor for affecting the number of under-five deaths. Compared with non-educated 
mothers, among mothers who have a primary level of education, the rate of non-zero 
under-five death decreased by 23.4% (IRR = 0.766, 95% CI 0.700, 0.837) Similarly, com-
pared to non-educated fathers, among fathers with secondary and above level of educa-
tion, the incidence rate of non-zero under-five death for father’s attended secondary and 
above education was decreased by 32% (IRR = 0.680, 95% CI 0.586, 0.789).The result also 
showed that the incidence rate of non-zero under-five death in multiple births was 1.471 
times (IRR = 1.471, 95% CI 1.359, 1.593) that of the single births. Interpretation of other 
significant variables was done in a similar way (Additional file 2: Table S2).

The zero-inflated hurdle negative binomial part also indicted that the estimated odds 
that the number of under-five death becomes zero with vaccinated children increased 
by 78.1% (AOR = 1.781; 95% CI 1.587, 1.999) as compared to non-vaccinated children. 
An increase in family size by 1, the estimated odds that the number of under-five deaths 
become zero increased by 22.6% (AOR = 1.226; 95% CI 1.200, 1.253). The result also 
revealed that the estimated odds that the number of under-five deaths become zero with 
mothers who made ANC visit at least 4 times during the pregnancy was 2.316 times 
(AOR = 1.316; 95% CI 2.019, 2.657) that of children whose mothers who have not have 
any antenatal follow up. The estimated odds that the number of under-five deaths with 
mothers using contraceptives was 1.291 times (AOR = 1.291; 95% CI 1.161, 1.437) that 
of mothers who didn’t use contraceptive. The analysis further indicated that the esti-
mated odds the number of under-five death becomes zero with children who are born 
in the private sector was 2.083 times(AOR = 2.083; 95%CI: 1.546, 2.807) that of children 
born at home. The probability of under-five deaths decreased with increase in the edu-
cational level of the mother. The estimated odds that the number of under-five deaths 
become zero with mothers who have secondary and above education was 1.500 times 
(AOR = 1.500; 95% CI 1.212, 1.855) that of the non-educated mothers (Table 2).

Discussion
The objective of this study was to investigate the important risk factors of under-five 
child mortality in Ethiopia using the latest (EDHS-2016) dataset. Identified these factors 
help policymakers, expedites the efforts made towards making life better and evaluate 
progresses made towards achieving the MDG4. The outcomes of this study shed more 
light on the risk factors of under-five death in Ethiopia. The study for instance deter-
mined that parent level of education is an important socio-economic predictor of under-
five mortality, that is, mortality rate decreased with increase in the level of education of 
the parents. Thus, it is found that an educated father takes a better care of the under-five 
child and his wife during antenatal and postnatal periods. This is line with a finding from 
a previous study which found that higher level of maternal and father education, lowers 
child mortality [21, 33–36]. Relative to single births, the risk of under-five deaths due 
to multiple births is very high, this study is similar to previous studies in finding out 
the link between birth type and higher risk of child mortality [12, 21, 35–37]. The study 
found that under-five mortality decreased as the length of the preceding birth interval 
increased which is consistent with different findings [11, 12, 21].
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Moreover, the study revealed that death of under-five children from mothers who use 
contraceptive was significantly less than that of children from mothers who do not use 
contraceptive which agree with prior study findings by [11, 15]. Similar to findings of 
study by [37], vaccinated children had a risk of mortality that is lower than that of the 
non-vaccinated.

The estimated result showed that as mothers age at first birth increases, the risk of 
under-five mortality reduced, and similar to findings from previous studies by [11, 12, 
15, 34, 35] Mothers who had their first child at a younger age have a higher under-five 
mortality risk. In addition to this, similar to reports of findings by [34, 35], this reported 
that for every unit increase in the ages of a mother, the risk of under-five mortality 
increased. The result also revealed that children born from working fathers had a higher 
risk of mortality than those of from non-working fathers. In a developing country like 
Ethiopia, a father has more responsibility for household income and didn’t have enough 
time to care for his children. More importantly, in Ethiopia more than 80% the popula-
tion is rural and their farming activities denies them time for caring their children, a 
finding that is consistent with [11]. Further, it is learnt that increase the number of ante-
natal visits during pregnancy reduces the risk of under-five mortality, a finding that is 
also confirmed by previous researches [11]. Children born in a healthcare facility that is 
in the public or private sectors were at lower risk than those born at home. This might be 
due to the proper health care and attention these facilities provide them during and after 
delivery, a finding which is confirmed by other studies as well [8, 11, 12].

The study also revealed that household size is an important variable affecting the num-
ber of under-five mortality. As household size increased the risk of under-five mortal-
ity decreased significantly, and this finding is consistent with [15, 35, 37, 38]. Similar to 
studies by [12, 37, 38] which found under-five mortality increase with increase in house-
hold size. The under-five child mortality in this study significantly and positively associ-
ated with the birth order.

In this study, the Deviance, AIC, and BIC statistic and predictive probability curve 
indicated that the Hurdle negative binomial model was the best model for the num-
ber of under-five death with about 53.7% zero counts. Several studies reported similar 
results that the Hurdle negative binomial model was the best model for count outcomes 
[39–42].

Conclusions
This study aimed to visualize and identify the responsible factors associated with the 
number of under-five child mortality in Ethiopia using the latest DHS data, which is 
essential for formulating appropriate health programs and policy implications. In gen-
eral, the report showed that despite a concerted effort by the government of Ethiopia 
and several stakeholders in the health sector to improve under-five child survival, the 
child death rate did not decrease. The mean number of under-five deaths was 0.9 with a 
variance of 1.697, indicating that the data is over dispersed. The hurdle negative binomial 
model had the smallest AIC, Deviance, and BIC indicating that it is the best goodness of 
fit. Besides, the predictive value and probabilities for many counts in the hurdle negative 
binomial model fitted the observed counts best. This study revealed that region, mother’s 
age, education level of a father, education level of the mother, fathers occupation, family 
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size, age of mother at first birth, vaccination of the child, contraceptive use, birth order, 
preceding birth interval, child twins, place of delivery, and antenatal visit were important 
determinants of number of under-five death in Ethiopia. The Hurdle negative binomial 
model provided a better fit for the data. We applied the Hurdle negative binomial model 
for count data with excess zeros of unknown sources such as the number of under-five 
deaths. The government, policymakers, and health care department are recommended 
that they should focus on the parental education and awareness, contraceptive use and 
breastfeeding practices is important to reduce under-five mortality and be in line with 
MDG4. Moreover, the study found that early marriage is associated with child mortal-
ity, and the government and the ministry of health should aware and educate about the 
impacts of early marriage on child mortality.

Limitations
Some variables are not included because of the large number of missing values like the 
weight of child at birth, anemia, and the size of child at birth. The interaction term is not 
considered in this study due to the convergence issue.
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