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Abstract

Background: One of the public health problems in developing countries is child malnutrition. An important factor for children’s well-being is good nutrition. Therefore, the malnutrition status of children under the age of five is an important outcome
measure for children’s health. This study uses the proportional odds model to identify risk factors associated with child malnutrition in Ethiopia using the 2016 Ethiopian Demographic and Health Survey data.
Methods: This study uses the 2016 Ethiopian Demographic and Health Survey results. Based on weight-for-height anthropometric index (Z-score) child nutrition status is categorized into four levels namely- underweight, normal, overweight and obese.
Since this leads to an ordinal variable for nutrition status, an ordinal logistic regression (OLR)proportional odds model (POM)
is an obvious choice for analysis.
Results: The findings and comparison of results using the cumulative logit model with and without complex survey design are
presented. The study results revealed that to produce the appropriate estimates and standard errors for data that were obtained
from complex survey design, model fitting based on taking the survey sampling design into account is better. It has also been
found that for children under the age of five, weight of a child at birth, mother’s age, mother’s Body Mass Index (BMI), marital
status of mother and region (Affar, Dire Dawa, Gambela, Harari and Somali) were influential variables significantly associated
with underfive children’s nutritional status in Ethiopia.
Conclusion: This child’s age of a child, sex, weight of child at birth, mother’s BMI and region of residence were significant
determinants of malnutrition of children under five years in Ethiopia. The effect of these determinants can be used to develop
strategies for reducing child malnutrition in Ethiopia. Moreover, these findings show that OLR proportional odds model is appropriate assessing thedeterminants of malnutrition for ordinal nutritional status of underfive children in Ethiopia.
Keywords: BMI, Ethiopian Demographic and Health Survey (EDHS), malnutrition, proportional odds model.
DOI: https://dx.doi.org/10.4314/ahs.v19i2.13
Cite as: Yirga AA, Mwambi HG, Ayele DG, Melesse SF. Factors affecting child malnutrition in Ethiopia. Afri Health Sci.2019;19(2): 18971909. https://dx.doi.org/10.4314/ahs.v19i2.13

Corresponding author:
Dawit Getnet Ayele,
Bloomberg School of Public Health,
The Johns Hopkins University
Cell: +1 (443) 554 6721
Email: ejigmul@yahoo.com, dayele1@jhu.edu

African
Health Sciences

Introduction
Nutrition is an important factor for good health. In developing countries, child malnutrition is the leading public health problem and is a major cause of child morbidity
and mortality. For malnutrition, under five children are
the most vulnerable. The nutrition of infants and young
children is a major concern to any society1. The high-
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est child malnutrition is found in the sub-Saharan Africa countries. Ethiopia is among those countries with
the highest rate of stunting in sub-Saharan Africa. The
proportion of underweight children is highest in the age
range of 2 to 3 years (34%) and lowest among those under six months of age (10%). In general, 29% of children
the under age of five are underweight, and 9% are severely underweight in Ethiopia. An estimated 159 million
children underfive years of age, or 23.8%, were stunting
in 2016, 15.8% decrease from an estimated 255 million in
1990 worldwide54. Even though the occurrence of stunting and underweight among children underfive years of
age worldwide has decreased since 1990, overall improvement is unsatisfactory and millions of children remain
at risk2,3. Malnutrition is the cause of substantial health
problemsin children that need due consideration. For that
reason, reducing malnutrition of children is equal to improving the health status of the children. This is necessary in order to improve the health status of the future
core segment of the society. This is crucial for economic
growth and development of the society under consideration4.
To measure nutrition, Body Mass Index (BMI) is used
and can be defined as the ratio of weight (kg) to squared
height (m2). But BMI is not a direct measure of body
fatness. BMI is dependent on age and gender for children and referred as BMI-for-age5,6. Using this variable,
the percentiles or quantiles of BMI for specified ages are
of interest can be defined. Moreover, it gives a reference
for individuals at that age with respect to the population.
Determining BMIfor children’s weight status has been of
interest to many researchers. Children’s BMI under the age
of five at or above the 95th percentile, between the 85th
and 95th percentile and between the 5th and 85th percentile
were classified as obesity, overweight and normal (healthy
weight) respectively7. These intervals and cutoffs were as
result of expert knowledge.The World Health Organization Expert Committee on Physical Status suggested the
cutoff for underweight corresponding to BMIs less than
the 5th percentile8.
A wide range of nutrient-related deficiencies and disorders are included in malnutrition9. Different studies have
been conducted in Ethiopia and regionally. These local
and regional studies have shown an increase in malnutrition with increase in age of the child10-13. A study
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conducted by Teller and Yimer (2000) in the Southern
Nations, Nationalities and Peoples Region (SNNPR) of
Ethiopia showed that women belonging to low economic status households were affected by malnutrition13.
Another study conducted in India showed that 60% of
deaths of children under the age of five are related to
malnutrition. Malnutrition for children is strongly correlated with mother’s poor nutritional status14,4,12,15. Education is also one of the most significant factors that
enablesor empowerswomen to provide suitable care for
their children, which is an important determinant of children’s growth and development16,17,18.
The main objective of this study is to use ordinal proportional odds modelto identify the determinants ofunderfive children’snutritional statusas a function of age and
other relevant factors. This study will assist policy makers
to know and understand the areas they need to focus on
in order toimprove the planning and assessment of health
policies to avoidchild mortality associated with malnutrition and to enhance children’s health, diet and growth.
Methods and materials
Ethiopia is one of the sub-Saharan Africa countries located in the Eastern Africa region. In 2000, Ethiopia
conducted the first Ethiopian Demographic and Health
Survey (EDHS). As a continuous study, subsequent EDHSs were conducted in 2005, 2011 and 2016. These surveys are periodic cross-sectional surveys administered at
the household level. The 2016 Ethiopian Demographic
and Health Survey resultswere used for this study. Central
Statistical Agency of Ethiopia was the responsible organization for the survey19. The 2016EDHS sample was
designed to provide estimates for the health and demographic variables of interest for Ethiopia as a whole; this
comprised both urban and rural areas of Ethiopia and
11 geographical areas. For the survey, 17,817 households
were included in data collection.The 2007 Population
and Housing Census results were used as the sampling
frame20-22.
Study variable
The response variable for this study is underfive children’snutritional statusin Ethiopia, which is an ordinal
categorical variable.The explanatory variables used in this
study are:- child’s age, sex of a child, weight of child at
birth, mother’s current age, mother’s BMI, educational
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attainment of mother, mother’s work status, religion, region, wealth index, place of residence (rural or urban),
and current marital status.The socio-economic and demographic factors used in this study were suggested by
several researchers. These factors were referred to as intermediate variables for the determinants of children’s
nutritional status53.
Statistical methods
An outcome with more than two categories is known
as a polytomous outcome. Let J denote the number of
categories for such an outcome. Out of N observations,
Y_1,Y_2,…,Y_J are the frequencies in categories 1, 2,…J
with corresponding probabilities, π_1,π_2,…,π_J, respectively. The distribution is the multinomial distribution and
can be expressed as follows:
𝑃𝑃�𝑌𝑌1 , 𝑌𝑌2 , … , 𝑌𝑌𝐽𝐽 � =

𝑁𝑁!

∏𝐽𝐽𝑗𝑗 =1 𝑦𝑦𝑗𝑗

𝐽𝐽

𝑦𝑦

× � 𝜋𝜋𝑗𝑗 𝑗𝑗
𝑗𝑗 =1

The distribution leads to the multinomial (polytomous)
logistic regression which is an extension of binary logistic regression.The link function is the multinomial logit
model because the probability distribution for the outcome variable is assumed to be a multinomial rather than
a binomial distribution. For a polytomous response, it is
further important to note whether the response is nominal (consisting of unordered categories) or ordinal (consisting of ordered categories). An outcome variable that
has two or more nominal categories can be modeled using multinomial logistic regression.It estimates the odds
of being atany category compared to being at the baseline
category (comparison or reference category). The model
can be treated as a combination of a series of binary logistic regression models.
Suppose Y can take on values coded as 1,2, . . ., J. Next
pick one of the outcome levels say J as the reference level. If we assume we have P covariates then the model is
formulated as:

comparisons, it estimates J-1 logit function for each predictor23.
Commonly the maximum likelihood procedure is used
to estimate parameters for the multinomial logistic regression model as it is the case with the binary logistic
regression.For nominal categories, one of the categories
is designated as a reference or base category and each of
the remaining categories is compared with the reference
category24.
Ordinal logistic regression (OLR) considers any inherent
ordering of the levels in the outcome variable and makes
full use of the ordinal information25,26. The incorporation
of ordering can result in models that have simpler interpretations. Although ordinal outcomes can be simple
and meaningfultheir optimal statistical treatment remains
challenging to many applied researchers27-29. Moreover,
these models have greater power than the multinomial
logit models30-32. However, a variable that can be ordered when considered for one purpose could be unordered differently when used for another purpose. Miller and Volker (1985) shows how different assumptions
about the ordering of occupations result in different conclusions33. Therefore, we need to think carefully before
concluding that the outcomeis ordinal34. Although the
categories for an ordinal variable can be ordered, the distances between the categories are unknown. Multinomial
logistic for ordinal responses is normally called ordinal
logistic regression. An ordinal logistic regression model
is a generalization of a binary logistic regression model,
when the outcome variable has more than two ordinal
levels. In Stata, the ordinal logistic regression model assumes that the outcome variable is a latent variable, which
is expressed in logit form as follows:
𝑃𝑃(𝑌𝑌≤𝑗𝑗|𝑥𝑥)

log�1−𝑃𝑃(𝑌𝑌≤𝑗𝑗|𝑥𝑥)� = 𝛽𝛽𝑗𝑗0 + (−𝛽𝛽𝑗𝑗1 𝑥𝑥𝑗𝑗 1 − ⋯− 𝛽𝛽𝑗𝑗𝑗𝑗 𝑥𝑥𝑗𝑗𝑗𝑗 ),(2)

, where 𝑃𝑃𝑃𝑃�𝑌𝑌 ≤ 𝑗𝑗|𝑥𝑥1 , 𝑥𝑥2 , … , 𝑥𝑥𝑝𝑝 �, is the probability of being at
or below category j, given a set of predictors v=1,2,…,p.
𝜋𝜋�𝑌𝑌=j|𝑥𝑥 ,𝑥𝑥 ,…,𝑥𝑥 �
𝑙𝑙𝑙𝑙𝑙𝑙�𝜋𝜋�𝑌𝑌=𝐽𝐽|𝑥𝑥1 ,𝑥𝑥2 ,…,𝑥𝑥𝐽𝐽 �� = 𝛽𝛽𝑗𝑗0 + 𝛽𝛽𝑗𝑗1 𝑥𝑥1 + 𝛽𝛽𝑗𝑗2 𝑥𝑥2 + ⋯+ 𝛽𝛽𝑗𝑗𝑗𝑗 𝑥𝑥𝑝𝑝 ,
(1)
β_j0 are the cutoff points (thresholds), and β_j1,β_j2,…
1 2 𝐽𝐽
,β_jp are logit coefficients23.
, where j=1,2,…,J-1;J is the outcome from the base cate- According to Agresti (2002), one way to use category orgory, which can be any category but is generally the high- dering is to form logits of cumulative probabilities24,
est one; β_j0 are the intercepts, and β_j1,β_j2,…,β_jp are
the regression coefficients. Since the model includes J-1
exp(𝛽𝛽𝑗𝑗0 + 𝑋𝑋′ 𝛽𝛽)
𝑃𝑃(𝑌𝑌 ≤ 𝑗𝑗|𝑥𝑥) =
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1 + exp(𝛽𝛽𝑗𝑗0 + 𝑋𝑋′ 𝛽𝛽)

= 𝜋𝜋1 (𝑥𝑥) + ⋯ + 𝜋𝜋𝑗𝑗 (𝑥𝑥), 𝑗𝑗 = 1,… , 𝐽𝐽

(3)
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Equivalently the cumulative logits (logits of cumulative about models for ordinal outcomes can be found in difprobabilities) can be defined as
ferent literatures31,32,36,40-42.
We label the four levels of under five children’s nutrition𝑃𝑃1 (𝑥𝑥)+𝑃𝑃2 (𝑥𝑥)+⋯+𝑃𝑃𝑗𝑗 (𝑥𝑥)
𝑃𝑃(𝑌𝑌≤𝑗𝑗 |𝑥𝑥)
al status as 1, 2, 3, and 4 where we compare underweight,
𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙[𝑃𝑃(𝑌𝑌 ≤ 𝑗𝑗|𝑥𝑥)] = 𝑙𝑙𝑙𝑙𝑙𝑙 �
� = 𝑙𝑙𝑙𝑙𝑙𝑙 �
�, 𝑗𝑗 = 1, 2, … . , 𝐽𝐽 − 1.
𝑃𝑃(𝑌𝑌>𝑗𝑗|𝑥𝑥)
𝑃𝑃𝑗𝑗+1 (𝑥𝑥)+𝑃𝑃𝑗𝑗+2 (𝑥𝑥)+⋯+𝑃𝑃𝑘𝑘 (𝑥𝑥)
normal weight, overweight, and obese at the same time.
Each cumulative logit uses all J response categories.
Since this leads to an ordinal variable for nutritional staIn Stata, the logit form of the ordinal logistic regression tus, an ordinal logistic regression (OLR) is an obvious
model that simultaneously uses all cumulative logits can choice for analysis.
be expressed as follows:
There are many ways of generalizing the logit model to
handle ordered categories, such as the partial propor𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙[𝑃𝑃(𝑌𝑌 ≤ 𝑗𝑗|𝑥𝑥)] = 𝛽𝛽𝑗𝑗0 + (−𝑿𝑿′ 𝜷𝜷) , 𝑗𝑗 = 1,2, … , 𝐽𝐽,
(4)
tional odds, continuation-ratio, adjacent-category logits,
where P(Y≤j|x) is the cumulative probability of the cumulative logits, and stereotype logistic models. Despite
event (Y≤j|x), β_j0 are the unknown intercept param- this diversity and the vast variety of studies on the subject
34,43,44,45
. This
eters increasing in j, and β=(β_1,β_2,…,β_p)' is a vector their use in the public health area is still rare
of unknown regression coefficients corresponding to x. may be attributed not only to their complexity, but espesince P(Y≤j|x) increases in j for fixed x, the logit is an cially to the difficulty encountered when it comes to validating their assumptions46. When the dependent variable
increasing function of this probability.
has only two categories, the usual binary logistic model is
The cumulative logit model (4) satisfies
appropriate.
𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙[𝑃𝑃(𝑌𝑌 ≤ 𝑗𝑗 |𝑥𝑥1 )] − 𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙[𝑃𝑃(𝑌𝑌 ≤ 𝑗𝑗 |𝑥𝑥2 )]
The usual proportional odds model assumes that data are
𝑃𝑃(𝑌𝑌≤𝑗𝑗 |𝑥𝑥 1 )⁄𝑃𝑃(𝑌𝑌>𝑗𝑗 |𝑥𝑥 1 )
′ (𝑥𝑥
collected using simple random sampling by which each
= log �𝑃𝑃(𝑌𝑌≤𝑗𝑗 |𝑥𝑥 )⁄𝑃𝑃(𝑌𝑌>𝑗𝑗 |𝑥𝑥 )� = 𝜷𝜷 1 − 𝑥𝑥2 ).
2
2
sampling unit has an equal probability of being selected
An odds ratio of cumulative probabilities is called a cumu- from a population.When the data comes from a complex
lative odds ratio. The odds of the eventY ≤j at x=x_1 is survey design with the use of different strata, clustered
exp [𝜷𝜷′ (𝑥𝑥1 − 𝑥𝑥2 )] times the odds of the same event at x=x_2. sampling techniques, and unequal selection probabilities,it
The log cumulative odds ratio is proportional to the dis- is inappropriate to conduct the proportional odds model
tance between x_1 and x_2. The same proportionality analysis for the ordinal response variable without taking
constant applies to each logit. Because of this property, the survey sampling design into account. Ignoring these
cumulative logit model, is called the proportional odds features in data analysis may lead to biased estimates of
model24,35,36.
parameters, incorrect variance estimates and misleading
results. The parameters and their variance may be either
Ordinal variables are often coded as consecutive integers overestimated or underestimated47. In such cases, a spefrom 1 to the number of categories. Because of this cod- cialized technique to produce the appropriate estimates
ing, it is tempting to analyze ordinal outcomes with the and standard errors for ordinal outcome variable should
linear regression model. However, an ordinal response be used. This method takes into account the weight in the
variable violates the assumptions of linear regression survey sampling design.
model, which can lead to incorrect conclusions37,38. With Features of complex surveys such as sampling weights,
an ordinal response, it is much better to use models that strata, and clusters, have been illustrated in literature50,47.
avoid the assumption that the distances between cate- In Stata, svyprefix command for survey data is used to fit
gories are equal. Although many models have been de- the proportional odds model when taking all the elements
signed for ordinal outcomes, logit and probit models are of survey design features into account. It is necessary to
commonly used as the link function in ordinal regression specify strata, cluster and weights before fitting the modmodels39. Most multinomial regression models for or- el. For more details on how to use this command one can
dinal outcome variables are based on the logit function. use the help svyset command in stata software.
The difference between both functions is typically only
seen in small samples, because the probit link assumes the Results
normal distribution of the probability of event, where- The proposed model namely the proportional odds modas the logit link assumes the logistic distribution. Details el was applied to the 2016 Ethiopian DHS data and the
1900
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results of the application are herein discussed.In addition to the response and explanatory variables, we also
assessed two-way interaction effects: unfortunately we
did not find any significant interaction effect. Stata ologit
command was used for model fitting.
Table 1shows the results for the proportional odds model
under the simple random sampling assumption. The log
likelihood at each iteration shows that ordinal logistic regression, like binary and multinomial logistic regression,
uses maximum likelihood estimation, which is an iterative
procedure. Iteration 0 is the log likelihood of the “null”
or “empty” model; that is, a model with no predictors.
At the next iteration, the predictors are included in the
model. At each iteration the log likelihood increases because the goal is to maximize the log likelihood. When
the difference between successive iterations is very small,
the model is said to have “converged”, and the iteration
stops49.
The value for log likelihood of the fitted model is
-6009.1723, which is used in the likelihood ratio chisquare test of whether all predictors’ regression coeffi-
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cients in the model are occurring at the same time zero
and in tests of nested models. The likelihood ratio chisquare (LR χ2) tests that at least one of the predictors’
regression coefficient is not equal to zero. The number in
the parenthesis indicates the degrees of freedom of the
Chi square distribution used to test the LR χ2 statistic and
is defined by the number of predictors in the model. The
LR χ2 statistic can be calculated by -2(L (null model)-L
(fitted model)) = -2((-6362.3952) -(-6009.1723)) =708.45,
where L (null model) is from the log likelihood of the
model with no predictor variable (Iteration 0) and L (fitted model) is the log likelihood from the final iteration
(assuming the model converged) with all the parameters.
The P-value of the log likelihood ratio Chi-square test
with 28 degree of freedom, LR χ2(28) =708.45, Prob
>χ2,=0.0000,which indicates that at least one of the logit
regression coefficient of the predictors were statistically
different from 0. So the full model with all predictors provided a better fit than the null model with no independent
variables in predicting cumulative probabilities of underfive children nutritional status (Table 1).

1901

Table 1: Parameter estimates using proportional odds model with complex survey design
Parameters
Coeff. St.error
OR
cut1
-3.2418 0.3566
1.7371
0.3504
cut2
cut3
2.9871
0.3628
Current age of child -0.3186 0.0274
0.7271
Sex of child (ref. Male)
Female
-0.2417 0.0834
0.7852
Weight of child at birth (ref. Small)
1.7301
Large
0.5481
0.1221
Average
0.3134
0.1004
1.368
Mother’s current age -0.0203 0.0064
0.9798
Mother’s BMI
0.0479
0.0136
1.0491
Mother work status (ref. No)
0.9673
Yes
-0.0331 0.0963
Educational attainment of mother (ref. No education)
0.0966
0.937
Primary
-0.065
Secondary
0.0919
0.1645
1.0963
Higher
0.0701
0.2332
1.0726
Current marital status (ref. Married)
Not married
-0.3423 0.1519
0.7101
Religion (ref. Orthodox)
Catholic
-0.2474 0.3597
0.7808
Muslim
0.2161
0.1384
1.2412
Protestant
0.0635
0.1179
1.0655
Other
0.6863
0.6262
1.9864
Region (ref. Oromia)
Addis Ababa
1.2706
0.2395
0.2165
Affar
-0.4445 0.1481
0.6411
Amhara
-0.0663 0.1339
0.9357
Benishangul-0.2702 0.1582
0.7632
Gumuz
Dire Dawa
-0.5879 0.1522
0.5554
Gambela
-0.612
0.1845
0.5422
Harari
0.7243
-0.3224 0.1557
SNNP
0.1665
0.1381
1.1811
Somali
-0.9143 0.1651
0.4007
Tigray
-0.1783 0.1445
0.8367
Place of residence (ref. Rural)
Urban
0.2044
0.2022
1.2268
Wealth index (ref. Poor)
Middle
-0.017
0.1101
0.983
Rich
0.1908
0.1152
1.2102
F(28, 588) = 13.01
Prob> F= 0.0000

Table 1 reports three cut-points: cut1, cut2 and cut3. Cut1
is the estimated cut point on the latent variable used to
differentiate underweight status from normal, overweight,
and obese status when values of the predictor variables
are evaluated at zero. When the ordinal outcome category is 1 given significant predictor variables (for categorical variables the reference variable evaluated at zero) and
1902

P-value

0.0040

[95% C. I for β]
(-3.9423,-2.5414)
(1.0489,2.4252)
(2.2745, 3.6998)
(-0.3725,-0.2648)

0.0000

(-0.4056,-0.0779)

0.0000
0.0020
0.0020
0.0000

(0.3082, 0.7880)
(0.1161, 0.5106)
(-0.0331,-0.0075)
(0.0212,0.0747)

0.7310

(-0.2224, 0.1561)

0.5010
0.5770
0.7640

(-0.2549,0.1248)
(-0.2312,0.4151)
(-0.3879,0.5282)

0.0250

(-0.6406,-0.0440)

0.4920
0.1190
0.5910
0.2740

(-0.9538, 0.4590)
(-0.0557, 0.4879)
(-0.1681,0.2951)
(-0.5434, 1.9160)

0.2690
0.0030
0.6210

(-0.1858, 0.6648)
(-0.7355,-0.1535)
(-0.3295,0.1967)

0.0880

(-0.5809, 0.0404)

0.0000
0.0010
0.0390
0.2280
0.0000
0.2180

(-0.8868, -0.2889)
(-0.9745, -0.2496)
(-0.6282, -0.0167)
(-0.1047, 0.4378)
(-1.2387, -0.5899)
(-0.4622,0.1056)

0.3120

(-0.1927, 0.6016)

0.8770
0.0980

(-0.2332,0.1991)
(-0.0355, 0.4171)

had zero value for all other predictor variables, the latent
variable falls at or below the first cut point, -2.7741. Cut2
is the estimated cut point on the latent variable used to
differentiate underweight and normal weight status from
overweight and obese weight status when values of the
predictor variables are evaluated at zero. When the ordinal outcome category is 2 given significant predictor
African Health Sciences Vol 19 Issue 2, June, 2019

variable and controlling for all other predictor variables
in the model, the latent variable falls between the first
cut point, -2.7741and the second cut point, 2.2885. Cut3
is the estimated cut point on the latent variable used to
differentiate underweight, normal, and overweight status
from obese status when values of the predictor variables
are evaluated at zero. When the ordinal outcome category
is 3 given significant predictor variable (reference variable
evaluated at zero) and controlling for all other predictor
variables in the model, the latent variable falls between
cut2, 2.2885 and cut3, 3.5703; classified as overweight.
When the ordinal outcome category reaches 4, if the latent variable had a value at or beyond the third cut point,
3.5703, controlling for all other predictor variables in the
model would be classified as child with obese nutrition
status.
Table 1 shows the effect of socio-economic, demographic and geographic factors that have influence in fitting
the proportional odds model for underfive children ordinal nutritional status.The estimated logit regression
coefficients of current age of child is, β=-0.3233(P-value=0.000). This is the ordered log-odds estimate for a oneunit increase in age of a child on the expected nutritional
status level given the other variables are held constant in
the model.The estimated coefficients of female child is
(β=-0.2681, P-value=0.000). The estimated coefficients
of weight of child at birth are:large (β=0.5547, P-value=0.000), average (β=0.3776, P-value=0.000).For mother’s BMI, (β=0.0604, P-value=0.000), which is the ordered
log-odds estimate for one-unit increase in mother’s BMI
keeping other variables constant. The estimated coefficients for regions are: Affar, β=-0.3951 (P-value=0.001),
DireDawa, β=-0.6004(P-value=0.000), Gambela, β=0.4453 (P-value=0.002), Harari, β=-0.3353(P-value=0.016), SNNP, β=0.2134(P-value=0.047), Somali,
β=-0.8988(P-value=0.000) were found to be significant
determinants ofunderfive children’snutritional status.
Substituting the values of the estimated logit coefficients into the equation (4) resulted in logit[P(Y≤j|x)
]=β_j0+(-β_jp x). By exponentiating the negative logit coefficients (e^((-β) ) ) the odds of being at or below a particular ordinal nutritional status category, that
is obese versus being below that category (overweight,
normal and underweight), were obtained. Therefore, to
estimate the cumulative odds of being at or below a particular underfive ordinal nutritional status variable(based
on weight) categoryj, for the first predictor, current age
African Health Sciences Vol 19 Issue 2, June, 2019

of child, the logit form of proportional odds model was
used, logit[P(Y≤j|x_1 ) ]=β_j0-(-0.3233(age)). OR=
e^((0.3233) )=1.3817, indicating that the odds of being
at or below a particular underfive ordinal nutritional status variable (based on weight)increased by 38.17% with a
one unit increase in the value of current age of a child,
holding other variables constant. The estimated cumulative odds of being at or below an ordinal nutritional
status (based on weight) category j, for female child, we
calculated logit[P(Y≤j|x_1 ) ]=β_j0+(-0.2681(female)).
OR= e^((0.2681) )=1.3075, suggesting that the odds of
female child being at or below a particular underfive ordinal nutritional status (based on weight) increased by
30.75%. The estimated cumulative oddsof being at or
below an ordinal nutritional status (based on weight) categoryj, for child who had large weight at birth, we calculated logit[P(Y≤j|x_1 ) ]=β_j0+(0.5547(large)). OR= e^((0.5547) )=0.5743, suggesting that a child who had large
weight at birth, the odds of being at or below a particular
underfive ordinal nutritional status(based on weight)decreased by (1-0.5743)×100% = 42.57% as compared to
small weight of child at birth, controlling for all other
independent variables in the model. The estimated cumulative odds of being at or below an ordinal nutritional
status (based on weight) category j, for a child who had
average weight at birth, we calculated logit[P(Y≤j|x_1 )
]=β_j0+(0.3776(average)). OR= e^((-0.3776) )=0.6856,
suggesting that a child who had average weight at birth,
the odds of being at or below a particular underfive ordinal nutritional status (based on weight) decreased by
(1-0.6856)×100% = 31.44% as compared to small weight
of child at birth, controlling for all other independent
variables in the model. The odds of being at or below a
particular underfive ordinal nutritional status for the other significant effects were computed in the same way as
above. It was found that for a one-unit increase in the
value of mother’s BMI, holding other variables constant,
the odds of being at or below a particular underfive ordinal nutritional status decreased by (1-0.9414)×100% =
5.86% (OR=0.9414). The odds of being at or below a
particular underfive ordinal nutritional status variablefor
children from Affar regionwas1.4845 (P-value= 0.001)
times the odds ofchildren from Oromia region.The odds
of being at or below a particular underfive ordinal nutritional status variablefor children from Dire Dawa region
was 1.8228 (P-value= 0.000) times the odds of children
from Oromia region. The odds of being at or below a
particular underfive ordinal nutritional status variable for
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children from Dire Dawa region was 1.8228 (P-value=
0.000) times the odds of children from Oromia region.
The odds of being at or below a particular ordinal nutritional status category for children from Gambela, Harari and Somali were respectively 1.5609 (P-value=0.002),
1.3984 (P-value=0.016), and 2.4567 (P-value=0.000)
times the odds of children from Oromia region. However, the odds of being at or below a particular ordinal
nutritional status category for children from SNNP was
0.8078 (P-value=0.047) times the odds for children from
Oromia region(see Table 1).
The odds of being beyond a particular category of ordinal nutritional status are the inverse of those of being at
or below a category [48], equation (4) can be transformed
to 𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙[𝑃𝑃(𝑌𝑌 > 𝑗𝑗|𝑥𝑥)] = −𝛽𝛽𝑗𝑗0 + 𝛽𝛽𝑗𝑗 𝑥𝑥 Odds ratios (Table 1) can be used directly for the analysis. In terms of odds ratio (Table 1),
it was found that the odds of being beyond a particular
category of ordinal nutritional status wasincreased by (10.7237)×100% = 27.63%(P-value=0.000) with a one-year
increase in current age of child, holding other variables
constant. Similarly, the odds of being beyond a particular
underfive ordinal nutritional status for female child was
0.7647 times the odds of male child. The odds of being
beyond a particular category of ordinal nutritional status for children who had large weight at birth was1.7414
times the odds of children who had small weight at birth.
The odds of being at or beyond a particular category of
ordinal nutritional status for other significant effects can
be interpreted in the same way as above.
Application of complex survey design for ordinal logistic regression
In the subsequent section, the same variables from the
previous section are used for data analysis with reference
to the Ethiopian DHS (2016) data. Here we investigate
the relationship (association) between the response variable and the explanatory variables by the method of proportional odds (PO) model with complex survey design
using the statasvy: ologitprefix command. Stata’s survey
data svy prefix command is used to fit the PO model when
taking all the elements of survey design features such as
strata, cluster, and weight variables into account48.
The result of the svy: ologit is indicated in Table 1below. The svy: ologitfor PO model that considers sampling
design, reports the adjusted Wald test for all parameters
rather than the log likelihood ratio Chi-square test for
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the ordinal PO model47. F (28, 588) =13.01, Prob > F=
0.0000 indicates that the full model with all parameters
was significant in fitting the PO model with complex survey design. The logit coefficients and odds ratios in the
PO model with complex survey design can be interpreted
in the same way as those in the standard PO model.
The three cut points, when estimating the odds of being
at or below a particular ordinal nutritional status category
(based on weight), are used to differentiate the adjacent
categories of the response variable (ordinal nutritional
status). α_1=-3.2418, which is the first cut point for the
cumulative logit model for Y≤1that is level 1 versus levels
2-4; α_2=1.7371is the cut point for the cumulative logit model for Y≤2 that is levels 1 and 2 versus 3 and 4;
α_3=2.9871is used as the cut point for the cumulative
logit model when Y≤3, that is levels 1-3 versus level 4.
The results (Table 2) revealed that estimated logit coefficients of current age of child,female children, large and
average weight of a child at birth, mother’s current age,
mother’s BMI,mothers who are not married and Affar,
Dire Dawa, Gambela, Harari and Somali regions were
significant. Therefore, for the predictor, current age of
child (β=-0.3186,OR=0.7271) indicates that the odds of
being at or beyond a particular ordinal nutritional status
categorydecreased by (1-0.7271)×100% = 27.29% with
a one year increase in current age of child, holding other
variables constant; female child (β=-0.2417,OR=0.7852)
suggesting that the odds of female child being at or beyond a particular underfive ordinal nutritional status
(based on weight) decreased by (1-0.7852)×100% =
21.48%. The odds of being at or beyond a particular
ordinal nutritional status for weight of child at birth:
large(β=0.5481), and average (β=0.3134) were 1.7301,
and 1.3680, respectively times the odds of small weight
of a child at birth; for the predictor mother’s age (β=0.0203,OR=0.9798) indicates that the odds of being at
or beyond a particular ordinal nutritional status category
decreased by (1-0.9798)×100% = 2.02% with a one year
increase in mother’s age; for the predictor mother’s BMI
(β=0.0479,OR=1.0491) indicates that a one-unit increase
in mother’s BMI, holding other variables constant, the
odds of being at or beyond a particular underfive ordinal nutritional status increased by 4.91%.It was found
that the odds of being at or beyond a particular ordinal
nutritional status for children born to unmarried mother
was 0.7101(β=-0.3423) times the odds for children born

African Health Sciences Vol 19 Issue 2, June, 2019

tomarried mother. The odds of being at or above a par- spectively OR = 0.6411(β=-0.4445), OR = 0.5554 (β=ticular ordinal nutritional status for children fromAffar, 0.5879), OR = 0.5422(β=-0.6120), OR = 0.7243 (β=Dire Dawa, GambelaHarari and Somali regions were re- 0.3224) and OR = 0.4007 (β=-0.9143) times the odds for
children from Oromia region (see Table 2).
Table 2: Comparison of the PO models without and with complex survey design (CSD)
Parameters

PO model without CSD
Coeff.
P-val
SE
OR
-2.774
0.238
2.289
0.235
3.570
0.239
-0.323
0.020
0.724 0.0000

cut1
cut2
cut3
Current age of child
Sex of child (ref. Male)
Female
-0.268
0.054
0.765 0.0000
Weight of child at birth (ref. Small)
Large
0.555
0.074
1.741 0.0000
Average
0.378
0.069
1.459 0.0000
Mother’s age
-0.008
0.005
0.992 0.0660
Mother’s BMI
0.060
0.008
1.062 0.0000
Mother work status (ref. No)
Yes
0.042 0.062 1.042
0.5060
Educational attainment of mother (ref. No education)
Primary
-0.007
0.069
0.993 0.9180
Secondary
0.120
0.117
1.128 0.3040
0.149
Higher
0.268
1.307 0.0730
Current marital status (ref. Married)
Not married
-0.140
0.112
0.869 0.2100
Religion (ref. Orthodox)
Catholic
-0.145
0.344
0.865 0.6740
Muslim
0.038
0.105
1.038 0.7200
0.008
1.008 0.9260
Protestant
0.091
Other
0.036
0.221
1.037 0.8700
Region (ref. Oromia)
Addis Ababa
0.228
0.155
1.256 0.1410
0.674 0.0010
Affar
-0.395
0.122
Amhara
-0.135
0.124
0.873 0.2730
Benishangul-0.224
0.118
0.799 0.0570
Gumuz
Dire Dawa
0.151
0.549 0.0000
-0.600
Gambela
-0.445
0.143
0.641 0.0020
Harari
-0.335
0.140
0.715 0.0160
SNNP
0.213
0.107
1.238 0.0470
Somali
-0.899
0.112
0.407 0.0000
-0.239
Tigray
0.128
0.787 0.0620
Place of residence (ref. Rural)
Urban
0.080
0.098
1.083 0.4150
Wealth index (ref. Poor)
0.083
0.965 0.6690
Middle
-0.036
Rich
0.128
0.078
1.136 0.1010
Iteration 0: log likelihood = -6362.3952 LR χ2 (28) = 706.45
Iteration 4: log likelihood = -6009.1723 Prob> χ2 = 0.0000
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Coeff.
-3.242
1.737
2.987
-0.319

PO model with CSD
SE
OR
P-val
0.357
0.350
0.363
0.027 0.727
0.0040

-0.242

0.083

0.785

0.0000

0.548
0.313
-0.020
0.048

0.122
0.100
0.006
0.014

1.730
1.368
0.980
1.049

0.0000
0.0020
0.0020
0.0000

-0.033

0.096

0.967

0.7310

-0.065
0.092
0.070

0.097
0.165
0.233

0.937
1.096
1.073

0.5010
0.5770
0.7640

-0.342

0.152

0.710

0.0250

-0.247
0.216
0.064
0.686

0.360
0.138
0.118
0.626

0.781
1.241
1.066
1.986

0.4920
0.1190
0.5910
0.2740

0.240
-0.445
-0.066

0.217
0.148
0.134

1.271
0.641
0.936

0.2690
0.0030
0.6210

-0.270

0.158

0.763

0.0880

-0.588
-0.612
-0.322
0.167
-0.914
-0.178

0.152
0.185
0.156
0.138
0.165
0.145

0.555
0.542
0.724
1.181
0.401
0.837

0.0000
0.0010
0.0390
0.2280
0.0000
0.2180

0.204

0.202

1.227

0.3120

-0.017
0.191

0.110 0.983
0.8770
0.115 1.210
0.0980
F(28, 588) = 13.01
Prob> F= 0.0000
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To estimate the odds of being at or below a particular
ordinal nutritional status category compared with being
at or above that category, we need to reverse the signs before the cut points and the logit coefficients into equation
(4) resulted in logit[P(Y≤y_j |x) ]=β_j0+(-β_j x). Odds
ratios (Table 2) can be used directly to the analysis of
the odds of being beyond a particular ordinal nutritional
status category for significant effects.
Comparison of results
Table 2 provides the results of the two models, the fitted
classical PO model and thereafter PO model with complex sampling design. After complex sampling design
was applied to the PO model, the estimated logit coefficients and their standard errors were different from those
in the PO model under the simple random sampling assumption. The logit coefficient of the predictors current
age of child, female child, Dire Dawa and Harari regions
were increased and those of the other significant predictors (large and average weight of child at birth, mother’s
age, mother’s BMI, not married mothers and Affar, Gambela and Somali region) were decreased.
Compared to the PO model without complex survey
design, the estimated logit coefficient for current age
of child in the PO model with complex survey design
increased by 1.48%, and its standard error increased by
37.7%; the logit coefficient for female child increased by
10.92%, and its standard error increased by 55.31%; the
logit coefficient for Dire Dawa and Harari region were
respectively increased by 2.12% and 4%, with their standard error increased by 0.99% and 11.53%; the logit coefficient for large and average weight of child at birth
were respectively decreased by 1.2% and 20.48%, with
their standard error increased by 65.2% and 46.35%; the
logit coefficient for mother’s age, mother’s BMI and not
married mothers were respectively decreased by 40.9%,
79.3% and 41.01%, with standard error increased by
42.2%, 65.8% and 35.6%; and the logit coefficient for
Affar, Gambela and Somali region were respectively decreased by 11.1%, 27.2% and 1.&%, with their standard
error increased by 21.3%, 29.2% and 47.27%.

indicatingthat standard errors were underestimated when
we considered the conventional PO model48,3. This is
an important distinguishing feature between the models.
Analyses ignoring the complex sampling design will lead
to a false increased precision and should be avoided.
Conclusion
Therefore, policymakers need to focus on the influence
of these significant factors to develop strategies that enhance the normal or healthy weight status of under-five
children in Ethiopia. This study also suggests that improving the nutritional status of mothers will consequently improve the nutritional status of their children.
Improving the work status of the mothers will enhance
the mother’s economic status and consequently improve
the basic needs of their children. To change weight-related disorders, changes related to children, environmental
and social intervention is required to promote and support weight-related change in mothers. The government
of Ethiopia needs urgent implementation of programs
targeted to the regions of Affar, Dire Dawa, Gambela,
Harari and Somali to develop the strategies of enhancing the good nutritional status of under-five children in
Ethiopia.
Future direction
It must be borne in mind that this study was conducted based on certain socioeconomic and environmental
factors. Further research is hence needed to unravel the
specific socio-economic and environmental factors and
determine whether they serve as an influential factor that
affects the malnutrition status of under-five children and
enhance the findings in this study. In a further study, we
will extend this study by considering non-parametric and
semi-parametric approaches to ordinal logistic regression,
Spatial-temporal analysis, and other advanced statistical
models. In addition, we will try to identify the trends of
malnutrition status of the under-five children using the
available EDHS survey results.
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