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ABSTRACT Children’s nutritional status has specific impact and health problems in childhood growth and
adulthood. This paper attempts to identify the socio-economic, geographic and demographic determinants of
malnutrition among under-five children in Ethiopia. The 2016 Ethiopian Demographic and Health Survey were
used for this study. The generalized linear model was adopted for analysis. The Hosmer and Lemeshow test is used
to test the goodness of fit of the logistic regression model. The findings and comparison of estimates using logistic
regression model with and without complex survey design were presented and then comparison was made using
design effects. The results revealed that model that considers the complex nature of the design performs better
than model that do not take into account. This study suggests that improving the health status, stable work status
and educational level of mothers consequently, can reduce malnourished children in Ethiopia.

INTRODUCTION

Child malnutrition is a very common public
health problem in theworld, especially in devel-
oping countries. The nutritional status of chil-
dren under the age of five is an important out-
come measure of children’s health. This is be-
cause, the early days of child lifeis very impor-
tant for future growth and development. There-
fore, identifying factorsthat affect the nutritional
status of under fivechildrenisvery important for
possible intervention activities. It can also assist
policymakers to know and understand the areas
that need considerable attention to enhance the
planning and evaluation of health policiesto pre-
vent the child’s death. For thisreason, anational
nutrition strategy and program has been devel-
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oped and implemented by the government of Ethi-
opia(Ethiopian Demographic and Health Survey
2016). Oneof the objectives of the 2009 Ethiopian
National Nutrition Strategy wasto enhance good
nutritional practices through health education,
and treatment of micronutrients to the most vul-
nerable groups of the society, especially, for un-
der five children and pregnant and | actating moth-
er. However, the poor nutritional status of chil-
dren and women has been a severe problem in
Ethiopia. In 2016 Ethiopian Demographic and
Health Survey (EDHS), children’snutritional sta-
tusand health datawere collected. In thisnation-
ally representative sample survey, measurements
of children’s weight and height were recorded.
The purpose of these anthropometric measure-
ments was to determine if children are growing
normally. One of the important factors for child
hedlthisthechild’ sweight or sizeat birth. Thisis
the major indicator of the child’shealth whichis
related to childhood illnesses and survival. The
major weight group with a higher risk of early
death isfor those children whose birth weight is
lessthan 2.5 kilograms (CSA and | CF 2016).
Wasting, or low weight for height, isastrong
predictor of mortality among children under five
years of age. Itisusualy the result of acute sig-
nificant food shortage and/or disease (Datar et
al. 2013). According to UNICEF-progressfor chil-
dren 2007 report, there were 24 devel oping coun-



2 ASHENAFI ARGAW YIRGA, SILESHI FANTA MELESSE, DAWIT GETNET AYELE ET AL.

tries with wasting rates of ten percent or more,
indicating aserious problem urgently requiring a
response. The highest child malnutritionisfound
in the Sub-Saharan Africa countries. Ethiopiais
among those countries with the highest rate of
stunting in Sub-Saharan Africa. Universally, in
2011, eight percent of under five children were
wasted (that is, weight for height below -2SD).
Thisfigure showsaeleven percent decrease com-
paredto 1990 (DeOniset d. 2012). For the case of
stunted children, the majority (90%) of children
liveinAfricaand Asia. Moreover, sixteen percent
of under five children were underweight (that is,
weight for agebelow -2SD) in 2011. Thisisthirty
six percent less compared to 1990. An estimated
159 million children under five years of age, or
23.8 percent, were stunting in 2016, 15.8 percent
decrease from an estimated 255 million in 1990
worldwide (Achadi et a. 2016). For the case of
Ethiopia, on an average twenty nine percent of
children areunderweight (low weight-for-age) and
nine percent are severely underweight (CSA and
|CF 2016). Even though the occurrence of stunt-
ing and underweight among children under five
yearsof ageworldwide has decreased since 1990,
overall improvement is unsatisfactory and mil-
lions of children remain at risk (De Onis et a.
2012).

Determinants of Malnutrition of Children un-
der Five Yearsin Rwandawas studied by in 2016.
This study uses the 2010 Rwanda Demographic
and Health Survey data. From the result, it was
identified that the age of child, birth order, gender
of child, birth weight, fever, mother’s education
level, mother’sage at the birth, body massindex,
mother’s knowledge on nutrition, anemia, prov-
ince, sourceof drinking water, multiplebirths, and
wealth index have effects on malnutrition status
(Habyarimanaet a. 2016). The prevalence of mal-
nutrition was studied in Sub-Saharan African
Countriesby Akombi et al. (2017). Their finding
indicates that the prevalence is highest within
countries in East Africa and West Africa. This
was compared to the WHO Millennium devel op-
ment goals. In their study, they suggested that
nutrition interventions have to be given atten-
tionin East Africaand West Africa

Laraet a. (2017) studied the nutritional sta-
tus of children in the Eastern Mediterranean Re-
gion (EMR). Theresult givesanimportant under-
standing of the nutrition situation of children.
Theresult focused on two main parts of the EMR
(Nasreddine et a. 2018). Therefore, fromthere-

sult, it was possible to identify gaps and chal-
lengesin present nutritional assessment studies.
Theimportant pointsincludethe three-way prob-
lem of malnutrition in relation to underweight,
nutrient inadequacies, and overweight/obesity.

Many research studies have shown how var-
ious socio-economic and demographic factors
affect the malnutrition of children under the age
of five. A recent study in Oromiaregion showed
that thirty-five percent of non-pregnant women
inthisregion had aBMI lower than 18.5, indica
tiveof ahigh probability of getting underweight-
ed children (Getahun et a. 2017). Underweight is
commonly used as an indicator for malnutrition.
It is influenced by the height and weight of a
child/person and is thus a composite nature of
stunting and wasting makes interpretation com-
plex. The design of the Ethiopian Demographic
and Health Survey was complex survey design.
The sample was dstratified and selected in two-
stages with unequal sampling weights. Many
studies used simple binary or ordinal logistic re-
gression which does not include the complex na-
ture of the sampling design. The purpose of this
study was to identify the socio-economic, geo-
graphic and demographic determinants of malnu-
trition among under five children in Ethiopia by
taking into account the complex nature of the sam-
pling design.

METHODOLOGY
Variablesof I nterest

The response variable in this study is under
fivechildren’snutritional status (Healthy Weight
Status and Malnourished), whichisabinary out-
come. Theexplanatory variablesused inthisstudy
are; - child'sage, sex of achild, weight of child at
birth, mother’scurrent age, mother’sBMI, educa
tional attainment of mother, mother’s work sta-
tus, religion, region, wealth index, place of resi-
dence, and current marital status. Significant two-
way interaction effectswere al so considered. For
this study, the 2016 Ethiopian Demographic and
Health Survey were used. The socio-economic
and demographic factors used in this study were
supported by several researchers as most likely
referred to asintermediate variablesfor the deter-
minants of children nutritional status (Heeringa
et al. 2010). The survey was carried out by the
Central Statistical Agency of Ethiopia. A total of
16,650 households, 5,232 in urban and 11,418in
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rural areas were selected in the survey. In the
survey, 5,514 and 11,149 women aged 15-49 years
wereinterviewed inurban and rural areasrespec-
tively and 14,195 men aged 15-59 yearswerein-
terviewed of which 4,472 in urban and 9,723 in
rural areas. The 2007 Ethiopia Population and
Housing Census (PHC) was used as sampling
framefor the2016 EDHS. The2016 EDHSsample
was selected using a stratified, two-stage cluster
design, and censusenumeration area(EA). Inthe
first stage, atotal of 645 EAs (202 in urban areas
and 443 inrural areas) were selected with proba-
bility proportional to EA size and with indepen-
dent selection in each sampling stratum. In the
second stage of selection, a fixed number of 28
househol ds per cluster were selected with an equal
probability systematic selection from the newly
created household listing (CSA and I CF 2016).

The Satistical Model

Logistic regression isthe appropriate regres-
sionmodel that can be used to study therelation-
ship between a categorical or binary outcome
variable and one or more explanatory variables.
Thelogistic regression model is designed to de-
scribe the probability of an event, which is al-
ways some number between zero and one (Skin-
ner et a. 1989). In the present study, such aprob-
ability refersto the chance of mal nourishment of
under fivechildren.

For K explanatory variablesandi=1, ..., nin-
dividuals, the Iogit model is given by

logit(m) = log (T=-) = o + Frxa + o + -+ Bexie

Where, t_isthe probability thaty =1, B, is
theintercept parameter B, (i=1,2,...k) |sthesfope
parameters, and x, stands for explanatory vari-
ables. The expression on theleft-hand sideisthe
logit or log-odds.

Logit equation for (probability of the out-
comeof interest) is

exp(Bo + Pixin + PaXiz + -+ + Brxik)

=P, =1|X, = x) =
™ = PO = 1X; = x.) 1+ exp(Bo + Bixin + BaxXip + -+ + PreXir)

Survey Logistic Regression

The survey method is an important method-
ology for survey data(Heeringaet al. 2010). Skin-
ner et al. (1989) provided an important assess-
ment of the expansion of methods for descrip-
tive and analytical treatment of survey data.

3

When any sampling method other than sim-
plerandom sampling isused, survey dataanaly-
sis method has to be used. The survey analysis
method is useful to include the design effect in
the estimation of parameters and to adjust the
standard errors of the estimates. |f the sampling
design is not included in the analysis, the stan-
dard errorswill likely be underestimated, possi-
bly leading to results that seem to be statistical-
ly significant, whenin fact, they may not besig-
nificant. Therefore, this may lead us to biased
estimates. Binary responses can be modelled
through binary models that can provide arela-
tionship between the probability of a response
and aset of covariates. However, for datawhich
does not come from simple random sampling,
the standard logistic regression is not appropri-
ate. According to Rao and Scott (1984), when
the data comes from a complex survey design
with stratification, clustering, and unequal
weighting, the usual logistic regression esti-
mates are not appropriate because the simple
logistic regression does not account for clus-
tered correlated observations. In these cases,
specialized techniquesthat account for clustered
correlated observations must be applied to pro-
duce the appropriate estimates and standard er-
rors. Thelogistic regression model used to ana-
lyze data from complex sampling design is re-
ferred as survey logistic regression model. The
theory behind survey logistic regression model
issimilar totheordinary logistic regression model
(Ayeleet al. 2012). The difference between the
two is that survey logistic regression accounts
for the complexity of the sampling designs.

The model parametersin survey logistic re-
gression model can be estimated by fitting alo-
gistic regression model for binary outcome that
takes into account the complex nature of the
survey design. The survey logistic regression
approach uses a modified maximum likelihood
estimation called the pseudo-maximum likelihood
estimation’ (PMLE). It incorporates element
weightsin the estimating equation.

Let U={1,2,....N} beafinite population di-
videdintoh=1,2,....H strata, each stratumisfur-
ther divided into j=1,2,...,n, primary sampling
units (PSU), which is constituted by i=1,2,...n
secondary sample units (SSU), comprehending
Ny €lements. Assume, the observed data con-
sists of n'; SSU chosen from n,' PSU inthe stra-
tum h. Thus, the total number of the observation
isto be:



n Nyi
n= Zg=1 2121 Zlii Npji -

Suppose that 7= P(Yyi= 1| Xy, isthe proba-
bility of an event in the sample, the sampling
weight in each sampling unit is denoted by w;,
for the hji-th unit. Thus, the survey logistic re-
gression model is given by

. Thiji ’
logit(my;; ) = log {%} = XpjiB -
Where, Yy, Xy and B are the categorical
response variable, the covariate matrix, and the
regression coefficients respectively.

The parameters S of the logistic regression
model in the complex sampling design are esti-
mated by the Pseudo maximum-likelihood meth-
od called weighted maximum likelihood that in-
corporates the sampling design and the differ-
ent sampling weights in the estimation of S
(Ayeleet al. 2012; Hien and Hoa 2009).

The Pseudo-likelihood function for the con-
tribution of asingle observationin complex sam-
pling design is given by

Whji Vi (1-Whji¥Yhji)
T[hji] ! (1_7Thji) Y

Thus, the Pseudo-likelihood function with
weight Wi for aset of 17 observation isgiven by
L(mWh;‘i thi) - Hle H;Li] H:‘:hfl nglflii Yhji (1 _ T[hji)(l—Whli Yiji)

Themainideaof this method isto definea
function which approximatesthelikelihood func-
tion of the sampled finite popul ation with alike-
lihood function formed by the observed sample
and the known sampling weights (Ayele et al.
2012; Hien and Hoa 2009).

Estimates of parameters derived from com-
plex sample survey data can be subject to sub-
stantial design effects, due to the stratification,
clustering, and weighting associated with the
design. Design effects (deff) are a measure of
the relative effectiveness of the sample design,
compared to a SRS. The square root of the deff,
whichisdeft, serveasan inflation factor for the
standard errors obtained using the complex sam-
ple. A deft=1 indicates no effect of sample de-
sign on standard error, deft>1 indicates sample
design that inflates the standard error of the es-
timate, deft<1 indicates sample design increas-
es efficiency that reduces standard error of the
estimate.
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RESULTS

The findings and comparison of results us-
ing thelogistic regression model with and with-
out complex survey design are presented in Ta-
bles 2 and 3. In this study, the probability of
mal nourishment of under five children is mod-
elled as a function of the above mentioned ex-
planatory variables.

TheLikelihood Ratio test (LRT) wasused to
test the overall significance of the logistic re-
gressonmodel. Thevalue of likelihood ratio sta-
tigticis503.0579 with P-value <0.0001 which sug-
geststhe overall significance of the logistic re-
gression model. The value of the score test is
504.8851 (P-value<0.0001) and theWald test is
461.6973 (P-value<0.0001) which also supports
the results obtained using the likelihood ratio
test (Table 1). Thisshowsthat thereisasignifi-
cant contribution of independent variables in
predicting the fitted logistic regression model.
In other words, at least one of the parametersis
significantly different from zero. TheHosmer and
L emeshow test for goodness of fit of this model
1513.9454 with P-value=0.0832, which showsthat
the model isagood fit to the data.

Table 1: Model evaluation for binary logistic re-
gression

Model evaluation Chi- D.F P-
parameters square value

Overall significance

Likelihood ratio test 503.0579 51 <.0001

Score test 504.8851 51 <.0001

Wald test 461.6973 51 <.0001
Goodness of fit test

Hosmer and Lemeshow 13.9454 8 0.0832

Association of predicted

probabilities and

observed response

Percent concordant 65.3 Somers'D 0.307
Percent discordant 34.7 Gamma 0.307
Percent tied 0.0 Tau-a 0.098
Pairs 12897054 C 0.653

Another important aspect of thefitted logis-
tic regression that needs to be checked is the
validation of themodel. The degreetowhichthe
predicted probabilities agree with the actual out-
comes was expressed using a classification ta-
ble with a cut-off point set at 0.5 (7). For better
prediction power, the c-statistics hasto be greater
than 0.5. But it rangesfrom O (no association) to
1 (perfect association). The c-statisticsisamea-
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sure of the predictive accuracy of alogisticre-  0.307 which indicates a small positive associa-
gression model. In this particular study, thec-  tion between variables. The estimated parame-
statistics is 0.653 (Table 1). This result shows  tersof the fitted logistic model, the odds ratios
that thereisamoderate (65.3%) associationbe-  and confidence interval for the odds ratios are
tween the predicted probabilities and the ob- presented in Table 2.

served responses (actual probabilities). In addi- The predicted probability of malnourishment
tion, Table 1 showsthat the concordant ratewas  for achild asafunction of theindependent vari-
65.3 percent; this value tells us the agreement  ablesis estimated by

between the logistic regression model and the B e310254+3 5, By,
observed outcomes. The pairs indicates the L, LresaomEyta By
number of pairsfor 1 and 0. The Somer’sD sta- Where s arethe estimated coefficients cor-

tistic is 0.307 suggesting that not all pairsare  responding to x;'s, variables that have a signifi-
concordant. The Gammastatistic hasavalueof ~ cant effect on the response variable.

Table 2: Parameter estimates from the logistic regression model

Main effects Coeff. () SE OR P-value [95% C. | for OR]
Intercept -3.1025 0.6849 <.0001
Current age of child 0.1974 0.1465 1.218 0.1779  (0.9306, 1.5052)
Sex of child (ref. Male) Female -0.00628 0.0523 0.994 0.9044 (0.8915, 1.0965)
Weight of Child at Birth (ref. Small)
Average -0.3588 0.5212 0.698 0.4912 (-0.3235, 1.7195)
Large -1.3413 0.5788 0.262 0.0205 (-0.8377, 1.3617)
Mother’s current age -0.00778 0.00414 0.992 0.0601 (0.9839, 1.0001)
Mother’s BMI 0.1126 0.0329 1.119 0.0006  (1.0545, 1.1835)
Mother work status (ref. No) Yes -0.1281 0.0607 0.880 0.0348 (0.7611, 0.9989)

Educational Attainment of Mother
(ref. No education)

Primary school -0.6055 0.3329 0.546 0.0689 (-0.0925, 1.2125)
Higher -0.1525 0.3713 1.165 0.5660  (0.4373, 1.8927)
Secondary school -1.1423 0.2657 0.319 0.0021 (-0.2017, 0.8397)
Current marital status (ref. Married)

Not married -0.0320 0.1156 1.056 0.7820  (0.8294, 1.2826)
Religion (ref. Orthodox)

Catholic -0.2845 0.3836 0.7524 0.4583  (0.0006, 1.5043)
Muslim 0.1362 0.0949 1.1459 0.1511  (0.9599, 1.3319)
Other 0.3032 0.2143 1.3542 0.1571  (0.9342, 1.7743)
Protestant 0.2140 0.1102 1.2386 0.0521  (1.0226, 1.4546)
Region (ref. Oromia)

AddisAbaba 1.3826 0.9283 3.985 0.1364  (2.1651, 5.8048)
Affar 1.6030 0.7888 4.968 0.0421  (3.4219, 6.5140)
Ambhara -0.0621 0.9079 0.939 0.9455 (-0.8405, 2.7185)
Benishangul -0.00947 1.0408 0.991 0.9927 (-1.0489, 3.0309)
Dire Dawa 1.2040 0.8324 3.333 0.1480  (1.7015, 4.9645)
Gambela -0.0578 0.9412 0.944 0.9510 (-0.9008, 2.7887)
Harari 0.8848 0.7846 2.422 0.2594  (0.8842, 3.9598)
SNNP -0.3989 0.7423 0.671 0.5910 (-0.7839, 2.1259)
Somali 2.1369 0.7091 8.473 0.0026  (7.0832, 9.8628)
Tigray 0.8312 0.8834 2.296 0.3467  (0.5645, 4.0274)
Place of Residence (ref. Rural)

Urban -0.0178 0.1134 0.982 0.8756  (0.7597, 1.2042)
Wealth Index (ref. Poor)

Middle 0.1176 0.0909 1.125 0.1959  (0.9469, 1.3031)

Richer 0.1803 0.0916 1.198 0.0490  (1.0185, 1.3775)
Significant Interaction Effects

Age of child and Mother’'s BMI -0.0247 0.00674 0.976 0.0002  (0.9628, 0.9892)
Age and Addis Ababa 0.2718 0.1022 1.312 0.0078  (1.1117, 1.5123)
Age and Amhara -0.1482 0.0748 0.862 0.0474  (0.7154, 1.0086)
Age and Gambela 0.2328 0.0886 1.262 0.0086  (1.0884, 1.4356)
Mother’s BMI and Addis Ababa -0.0808 0.0398 0.922 0.0425  (0.8439, 1.0001)
Mother’'s BMI and Dire Dawa -0.0782 0.0385 0.925 0.0423  (0.8495, 1.0004)
Mother’'s BMI and Somali -0.1104 0.033 0.896 0.0008  (0.8313, 0.9606)

Mother’'s BMI and Large 0.0881 0.028 1.092 0.0016  (1.0371, 1.1468)
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Figures 1-3 show the predicted probability
of malnourishment of achild against significant
interaction effects. The interaction effect plot
between mother's BMI and region is presented
inFigure 1. Itisclearly seen that the predicted
probability of malnourishment of achild among
under five children increases as mother's BMI
increasein AddisAbaba, Dire Dawaand Somali
region.

The relationship between current age of a
child and mother'sBMI ispresented in Figure 2.
As the children's age increase, the probability

of malnourishment of a child decreases across
increasing mother's weight status.

The relationship between age of a child and
regions (whereas region were Addis Ababa,
Amhara, and Gambela) ispresented in Figure 3.
The prevalence of malnutrition was almost the
samefor under five childrenin Gambelaregion.
As age increases, the prevalence of malnutri-
tion decreased monotonically in Amhararegion
and Addis Ababa region.

The estimated parameters of the fitted sur-
vey logistic model (SASPROC SURVEYLOGIS
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Table 3: Parameter estimates from the logistic regression model with complex survey design

Parameters Coeff. (B) S OR P-value [95% C. | for OR]
Intercept -2.4657 0.7390 0.0009
Current age of child -0.00534 0.2375 0.995 0.9821  (0.5295, 1.4605)
Sex of child (ref. Male) Female -0.0354 0.0766 0.965 0.9044  (0.8149, 1.1151)
Weight of Child at Birth (ref. Small)
Average -0.6758 0.8043 0.509 0.4012 (-1.0673, 2.0854)
Large -1.0226 1.0041 0.359 0.3089 (-1.6090, 2.3270)
Mother’s current age -0.0139 0.00633 0.986 0.0283  (0.9735, 0.9984)
Mother’'s BMI 0.0991 0.0344 1.104 0.0041  (1.0366, 1.1714)
Mother work status (ref. No)  Yes -0.1808 0.0836 0.835 0.0310 (0.6711, 0.9989)
Educational Attainment of Mother
(ref. No education)
Primary school -1.2956 0.4809 0.274 0.0073  (-0.6686, 1.2165)
Higher 0.1519 0.4892 1.164 0.6491  (0.2052, 2.1228)
Secondary school -1.3937 0.3337 0.248 0.0045 (-0.4061, 0.9021)
Current Marital Status (ref. Married)
Not married -0.3395 0.1819 0.7121 0.0624  (0.3556, 1.0686)
Religion (ref. Orthodox)
Catholic 0.0504 0.3360 1.052 0.8808  (0.3935, 1.7105)
Muslim -0.1289 0.1227 0.879 0.2938  (0.6385, 1.1195)
Other -0.0339 0.3305 0.967 0.9183  (0.3192, 1.6148)
Protestant 0.0508 0.1127 1.052 0.6523  (0.8311, 1.2728)
Region (ref. Oromia)
AddisAbaba 1.4824 1.0436 4.403 0.1560  (2.3528, 6.4531)
Affar -1.0380 1.4610 0.354 0.4777 (-2.5125, 3.2145)
Amhara 0.3899 1.0214 1.477 0.7028 (-0.5249, 3.4789)
Benishangul 0.3536 1.2129 1.424 0.7708 (-0.9533, 3.8012)
Dire Dawa -2.1058 1.5642 0.122 0.1788 (-2.9438, 3.1878)
Gambela -3.2258 3.2966 0.039 0.3282 (-6.4223, 6.5003)
Harari -4.1726 1.7892 0.015 0.0200 (-3.4918, 3.5218)
SNNP -0.3126 0.6985 0.732 0.6547 (-0.6370, 2.1010)
Somali 1.7657 0.9463 5.846 0.0626  (3.9912, 7.7007)
Tigray -0.1939 1.0752 0.823 0.8569 (-1.2844, 2.9303)
Place of residence (ref. Rural) Urban -0.1564 0.2249 0.855 0.4871  (0.4142, 1.2958)
Wealth Index (ref. Poor)
Middle 0.1782 0.1238 1.195 0.1506  (0.9524, 1.4376)
Rich 0.2109 0.1256 1.235 0.0937  (0.9888, 1.4811)
Significant Interaction Effects
Mother’s BMI and Addis Ababa -0.0862 0.0430 0.917 0.0456  (0.8327, 1.0013)
Mother’'s BMI and Somali -0.1169 0.0415 0.889 0.005 (0.8077, 0.9703)
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TIC), the oddsratios and confidenceinterval for
the odds ratios are presented in Table 3. The
interaction effect of mother's BMI and the Ad-
dis Ababa region was negatively associated
with malnutrition of under five children (P-val-
ue=0.0456). The corresponding odds ratio was
0.917. Thisimpliesthat the odds of malnourish-
ment of under five children from Addis Ababa
region decreased by 0.083 as compared to the
odds of malnourishment of under five children
from Oromiaregion who had motherswith aver-
age BMI. The effect of mother's BMI and the
child from Somali region was a'so found to be
negatively associated with malnutrition of un-
der five children (P-value=0.005). The corre-
sponding oddsratio was 0.889. Thisimpliesthat
the odds of malnourishment of under five chil-
dren from Somali region decreased by 0.117 as
compared to the odds of malnutrition of under
five children from Oromiaregion who had moth-
erswith the average BMI.

Based on the result from Table 3 the odds
ratio for variables, which have significant effect
on the probability of malnourishment of under
fivechildren areinterpreted asfollows: the odds
ratio of 0.986 for mother'sageindicatesthat for
aoneyear increase in mother's age, the odds of
having malnourished child decrease by 0.014.
Furthermore, for one-unit increase in mother's
BMI, the odds of having malnourished child will
be multiplied by 1.104. The working status of
mothers was found to be negatively associated
with malnourishment of under five children as
compared to motherswho were not working (P-
value=0.031). The corresponding oddsratio was
0.835. In addition, the significant effects of co-

variates in terms of odds ratios in the logistic
regression model with complex survey design
can be interpreted in the same way as those in
the logistic regression model without complex
survey design.

Table 4 was constructed to compare stan-
dard error, confidenceinterval, and sasmple size
obtained from PROC SURVEY LOGISTIC proce-
dure (Table 3) with the ones obtained from PROC
LOGISTIC procedure (Table 2) based on deff
and deft. The explanatory variables presented
werefound to be significantly affecting mal nour-
ishment of under five childrenin Ethiopia. Both
simple random sample (SRS) and complex sur-
vey design (design based) approaches are pre-
sented in Table 4.

Table 4 shows the deff and deft value for
each significant effect in the study. Thus, the
effect of mother's current age hasthe deff value
of 2.3529 and deft value of 1.5339. The deft val-
ueegqual to 1.5339, indicatesthat the sample stan-
dard error, and consequently the confidencein-
terval are 1.5339 times bigger than they would
be if the survey were based on simple random
sampling. The effect of mother's BMI has
deff=1.0901 and deft=1.0441. The deff value
equal to 1.0901 indicates that the sample stan-
dard error, and consequently the confidencein-
terval are 1.0901 times bigger than they would
beif the survey were based on the same simple
random sampling. The effect of currently work-
ing mothers have deff=1.8971 and deft=1.3773.
The standard errors and confidence interval are
1.3773 times bigger than they would befor sim-
plerandom sampling. The effect of motherswho
had primary education level has deff=2.0868 and
deft=1.4446. The deft value equal to 1.4446 indi-

Table 4; Comparison of estimates from the logistic regression model with and without CSD

Model 1 (SRS Model 2 (Design-based) Sudy result
Parameters Coeff. SE P-value Coeff. SE P-value Deff Deft
Intercept -3.1025 0.6849 <.0001 -2.4657 0.7390 0.0009 1.1642 1.0789
Mother’s current age -0.00778 0.00414 0.0601 -0.0139 0.00633 0.0283 2.3529 1.5339
Mother’s BMI 0.1126 0.0329 0.0006 0.0991 0.0344 0.0041 1.0901 1.0441
Mother work status (ref. No)
Yes -0.1281 0.0607 0.0348 -0.1808 0.0836 0.0310 1.8971 1.3773
Educational Attainment of Mother
(ref. No education)
Primary school -0.6055 0.3329 0.0689 -1.2956 0.4809 0.0073 2.0868 1.4446
Secondary school -0.1525 0.3713 0.5660 -1.3937 0.4892 0.0045 1.7359 1.3175
Region (ref. Oromia)
Harari 0.8848 0.7846 0.2594 -4.1726 1.7892 0.0200 5.2002 2.2804
Significant Interaction Effects
Mother’s BMI and Addis Ababa -0.0808 0.0398 0.0425 -0.0862 0.0430 0.0456 1.1673 1.0804
Mother’s BMI and Somali -0.1104 0.033 0.0008 -0.1169 0.0415 0.005 1.5812 1.2575
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cates that the sample standard error, and conse-
quently the confidenceinterval are 1.4446 times
bigger than they would be if the survey were
based on the same simple random sampling. The
effect of mothers who had secondary education
level hasdeff=1.7359 and deft=1.3175. The deft
value equal to 1.3175 indicates that the sample
standard error, and consequently the confidence
interval are 1.3175 timeshigger than they would
beif the survey were based on the same simple
random sampling. Theeffect of achild fromHara
ri region has deff=5.2002 and deft=2.2804. The
deft value equal to 2.2804 indi cates that the sam-
ple standard error, and consequently the confi-
denceinterval are 2.2804 times bigger than they
would be if the survey were based on the same
simplerandom sampling. The effect of mother's
BMI depends on whether a child from Addis
Ababaregion hasdeff=1.1673 and deft=1.0804.
The standard error and the confidence interval
are 1.0804 times as bigger asthey would be for
the same simple random sampling. The effect of
mother's BMI depends on whether a child from
Somali region hasdeff=1.5812 and deft=1.2575.
The deft value of 1.2575 indicates that the sam-
ple standard error, and consequently the confi-
denceinterval are 1.2575 times bigger than they
would be if the survey were based on simple
random sampling.

Furthermore, information on design effects
should be used when we are planning to deter-
minethe sample size of the study. Oncewe have
an estimated design effect, it is straightforward
to adjust the required sample size; we need only
to multiply the sample size needed under smple
random sampling by the estimated design ef-
fect. For instance, deff=2.3529 (Table4) indicates
that for logistic regression studies with complex
survey design, the sample size for mother's cur-
rent age is 2.3529 times as large as would be
needed under simple random sampling (logistic
regression without complex survey design).

Models with smaller values of an informa-
tion criterion are used to be considered prefera-
ble. However, the number of parameters estimat-
ed (k) inthe complex model ishigher than that of
the conventional model. Since the researchers
considered the complex nature of the design
(weight, cluster and strata) in the binary model
with complex survey design, AIC and BIC of the
complex model are higher.

AlC and BIC can beviewed as measuresthat
combinefit and complexity. Thefit ismeasured
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negatively by -2 x In (likelihood). Complexity is
measured positively, either by 2 x k (AIC) or In
(N) x k (BIC) (seeAkaike 1974; Schwarz 1978).

Thereare many different kinds of modelsthat
are available. Because of this, it is not inappro-
priateto use only asingle criterion such asAlC
(Melesseet al. 2016; Allison 2012). Other mea-
suressuch asgeneralized cross-validation (GCV)
are applied to validate the quality of the model.
Nevertheless, it isimportant to make achoice by
considering the nature of the models based on
two different points. First, it isimportant to see
how the model fits the observation. Secondly,
the stability of the model in relation to estima-
tion has to be considered (Tabachnick and Fi-
dell 2007). These pointswere suggested by Hiru-
ta and Asami (2016). Therefore, methods that
take into account the complex nature of the de-
sign, perform better than those that do not take
thisinto account. A completereview of types of
methods to compare regression models is pre-
sented by different researchers (Tabachnick and
Fidell 2007; Hirutaand Asami 2016).

DISCUSSION

In this study, the binary logistic regression
model with and without complex survey design
were presented to determine factors that affect
mal nourishment of under five children in Ethio-
pia. The socio-economic, geographic and de-
mographic factorswere used as explanatory vari-
ables. In addition, two-way interaction effects
were included in the modelling process. Logis-
ticregression also called alogit model isused to
model dichotomous outcome variables. The
Hosmer and Lemeshow test was used to test the
goodness of fit of the binary logistic regression
model. The goodness of fit tests indicate that
thelogistic model fitsthe datawell. The parame-
ter estimates obtained from both models were
compared using design effects. Thefindingsfrom
these model s show that the design effect values
are above one. The result confirms that there
was an underestimation of variance while using
logistic regression. This is because it assumes
data was sampled using simple random sam-
pling. Since survey logistic regression accounts
for the complexity of the survey design, it pro-
duced parameter estimatesthat are different from
the estimates obtained when simple random sam-
pling was assumed. However, in some cases,
they were closer to one another. From the re-
sults, the researchers observed that the effect
of mother'sage, mother'sBMI, uneducated moth-
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er, mother work statusand Harari, AddisAbaba,
Affar, Dire Dawa, Gambela and Somali region
were found to have significant effect on the
mal nutrition of under five children in both mod-
els. Manutrition includes awide range of nutri-
ent-related deficiencies and disorders whether
itisdueto dietary deficiency called under-nutri-
tion, or to excessdiet called over-nutrition (Lum-
ley 2004). Therisk of malnourishment of achild
decreases with anincreasein mother'sage. The
risk of malnourishment of achild increaseswith
an increase in mother's BMI. The risk of mal-
nourishment of a child born to a mother who
was working was lower compared to the risk of
mal nourishment of achild born to amother who
was not working. Therisk of malnourishment of
achild born to a mother who had some educa-
tional level was lower compared to the risk of
mal nourishment of achild born to amother who
had no education. The risk of malnourishment
also depends on region. For instance, the risk of
mal nourishment of achild in Somali region ap-
peared to be higher compared to therisk of mal-
nourishment of a child in Oromia region. Ac-
cording to 2016 EDHS report there has been a
marked declinein the proportion of malnourish-
ment of achild in Ethiopia. However, the find-
ings of the researchers study shows that re-
gionsspecially Harari, AddisAbaba, Affar, Dire
Dawa, Gambelaand Somdi regionweremorelike-
ly to experience malnourishment of under five
children, whichisaserious problem requiring a
response among policy makers and need focus
in order to enhancethe planning and evaluation
of health policies to prevent child death and to
promote child health, diet and growth.

CONCLUSON

The findings of the researchers' study indi-
cate that identifying the determinants of mal-
nourishment is still an important issue among
under-five children'sin Ethiopia. The study also
shows that not only education but also envi-
ronmental and socio-economic factors were
found to have significant effect on malnourish-
ment of achildin Ethiopia. Thisstudy suggests
that improving the nutritional status of the moth-
er; consequently, improves the nutritional sta-
tus of their children. Improving the stable work
status of the mother will lead to an enhancement
in mothers' economic status which will conse-
guently improve the basic needs of their chil-
dren. To change weight-rel ated disorders, chang-
esrelated to children, environmental and social

intervention isrequired to promote and support
weight-related change in mothers.

RECOMMENDATIONS

Based on researchers' study and other find-
ings, they arrive at the following recommenda-
tions: the government of Ethiopia needs urgent
implementation of poverty reduction strategies
and program design to support the very poor
families. Bringing rapid economic growth at na-
tional level isimportant to devel op community-
based interventions and could also serve as a
long-term solution to the problem specialy tar-
geted to those regions of Harari, Addis Ababa,
Affar, Dire Dawa, Gambela and Somali, which
were highly affected by malnourishment of un-
der five children. Children under five years of
age needsaspecial health care. Therefore, poli-
cymakers need to focus on theinfluence of these
significant factors to develop strategies that
enhance normal or healthy weight status of chil-
drenin Ethiopia.

LIST OF ABBREVIATIONS

BMI : Body Mass Index

CDC : Centersfor Disease Control and Pre-
vention

CD : Complex Survey Design

DEFF : The Design Effect

DEFT : The Squareroot of the DEFF

EDHS : Ethiopian Demographic and Health
Survey

EMR : Eastern Mediterranean Region

SRS : Simplerandom sampling
S  : Standard Deviation
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