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Abstract 

Background: Child malnutrition is an underlying cause of almost half (45%) of child deaths, 

particularly in low socioeconomic communities of developing countries. In Ethiopia, the 

prevalence of stunting decreased from 47% in 2005 to 39% in 2016.  

Objective: The main objective of the study was identifying risk factors of stunting among under-

five children in Ethiopia using marginal models. 

Methods: Data was taken from the EDHS 2016, which is a nationally representative survey of 

children in the 0-59 month age groups. Generalized estimating equation and alternating logistic 

regression models from marginal models family were used for the analysis.  

Results: The result of the analysis revealed that the variables child’s age, mother’s education 

level, mother’s body mass index, place of residence, wealth index and previous birth interval 

were found to be significant determinants of childhood stunting in Ethiopia and from the result it 

is revealed that children born with lower previous birth interval (less than 24 months) were more 

likely to be stunted than those born within higher birth interval. Children of rural Ethiopia were 

more likely to be stunted than children of urban Ethiopia.   
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Conclusion: It is suggested that for reducing childhood malnutrition, due emphasis should be 

given in improving the knowledge and practice of parents on appropriate young child feeding 

practice and frequent growth monitoring together with appropriate and timely interventions.  

Keywords: Generalized Estimating Equation; Alternating Logistic Regression; Multicollinearity; 

Stunting. 

 

Background 

Malnutrition during childhood is the outcome of insufficient food intake, diarrhea and other 

infections, lack of sanitation, and low parental education (Birara et al. 2014, Tibilla 2007). Poor 

diets and disease are due to food insecurity, inadequate maternal and child care, and poor health 

services and environment (UNAC, 1997). These factors cause measurable adverse effects on 

body function and clinical outcome (WHO, 2009). This problem leads to most of the 

anthropometric deficits found among under five children in the world’s least developed countries 

(WHO, 1995).  

Despite existing interventions to address child malnutrition, it is still a major global public health 

problem (Akombi et al. 2017). Child malnutrition is an underlying cause for almost half (45%) 

of child deaths, particularly in low socioeconomic communities of developing countries (Black 

et al. 2013). Globally in 2018, an estimated 149 million children under age 5 were stunted and 49 

million children were wasted (UNICEF, 2019).  

In sub-Saharan Africa, the prevalence of stunting is declining but remains over 30% (UNICEF, 

2019). In order to address malnutrition, several African countries have updated their national 

nutrition policies, strategies, and action plans (African Union, 2015). Among sub-Saharan 

countries, the prevalence of wasting in Ethiopia is 10%, and the prevalence of stunting is 38% 



 

(CSA, 2016). Within Ethiopia, there is a regional variation in stunting. Amhara, Benishangul-

Gumuz, Afar, and Dire Dawa are the most affected by child stunting (41-46%). whereas wasting 

is highest in Somali (23%), Afar (18%), and Gambella (14%) (CSA, 2016). The reason may be 

hard-to-reach areas of Afar, Somali, Benishangul-Gumuz, and Gambella were characterized by 

drought-related public health and nutrition problems (UNICEF, 2017). The current rate of 

progress is not fast enough to reach the World Health Organization (WHO) global target of a 

40% reduction in the number of stunted children by 2025 (WHO, 2014). 

The aim of this study is applying marginal models to identify risk factors of stunting among 

under-five children in Ethiopia. 

Methods 

Data source 

A cross-sectional data were obtained from 2016 Ethiopian Demographic and Health Survey 

(EDHS). The EDHS data has been collected by the Ethiopian Central Statistical Agency (ECSA) 

from January 18, 2016, to June 27, 2016.  

Study Population and variables 

For this study, a total of 10, 641 children less than 59 months were identified in the households 

of selected clusters. Among whom, the complete height-for-age record was collected from 4,621 

children and 626 clusters. The remaining 6,020 children and 19 clusters had missing values on 

height-for age records. Thus, the analysis of this study was based on the 4,261 under-five 

children. In this study, stunting is used as a response variable and it is measured by height-for-

age Z-score (multiplied by 100). Thus, children whose height-for-age Z-score is below minus 

two standard deviations (−2 SD) from the median are considered short for their age (stunted) 



 

whereas children whose height-for-age Z-score is above minus two standard deviations (−2 SD) 

from the median are considered as they aren’t short for their age/ not-stunted (WHO, 2006). 

As proxy indicators of socioeconomic, demographic and health and environmental 

characteristics, the following 14 factors were included: mother’s education level, wealth index, 

number of household members, place of residence, age of the child, sex of the child, mother’s 

age at birth of child, number of antenatal care visits, previous birth interval, birth order, mother’s 

body mass index, diarrhea, fever and source of drinking water.  

Methods of Data Analysis 

Descriptive analysis and marginal models were used to address the objectives of the study and to reach 

remarkable conclusion.  

Marginal Models 

The primary objective of marginal model is to analyze the population-averaged effects of the 

given factors in the study on the binary response variable of interest. This means that the 

covariates are directly related to the marginal expectations (33). The marginal models fitted in 

this study are Generalized Estimating Equations (GEE) and Alternating Logistic Regression 

(ALR). 

Generalized Estimating Equations (GEE) 

For binary data, a GEE approach is used to account for the correlation between responses of 

interest for subjects from the same cluster. GEE is non-likelihood method that uses correlation to 

capture the association within clusters or subjects in terms of marginal correlations [33]. For 

clustered as well as repeated measured data, Liang & Zeger [56] proposed GEE for clustered as 

well as repeated data, which require only the correct specification of correlation structure.  The 

model for GEE based on generalized linear models and working correlation structure is given by: 



 

𝑔(𝜋𝑗) = 𝑙𝑜𝑔𝑖𝑡(𝜋𝑗) = 𝑥𝑗
′𝛽 

Where 𝑔(𝜋𝑗) 𝑖𝑠 𝑙𝑜𝑔𝑖𝑡 𝑙𝑖𝑛𝑘 𝑓𝑢𝑛𝑐𝑡𝑖𝑜𝑛,  𝑋𝑗 𝑖𝑠 (𝑛𝑗 × 𝑝)  dimensional vector of known covariates, 

𝛽  is (1 x p) dimensional vector of unknown parameter and 𝐸(𝑌𝑗) = 𝜋𝑗   is expected values of the 

response variable 𝑌𝑗 in jth cluster which is binomially distributed as  𝑌𝑗~𝐵𝑖𝑛(𝑛𝑗, 𝜋𝑗). 

Parameter Estimation for GEE 

GEE is quasi-likelihood approach and estimates �̂� by solving estimating equations which consist 

of the working correlation matrix 𝑅𝑗 and matrix with the marginal variances on the main 

diagonal and zeros elsewhere 𝐴𝑗. The score equation used to estimate the marginal regression 

parameters while accounting for the correlation structure is given by: 

𝑠(𝛽) = ∑
𝜕𝜋𝑗

𝜕𝛽′

𝑚

𝑗=1

[𝐴
𝑗

1
2𝑅𝑗𝐴

𝑗

1
2]

−1

(𝑌𝑗 − 𝜋𝑗) = 0 

Alternating Logistic Regression (ALR)  

ALR is an extension of GEE which measures pair wise association of two observations in the 

same cluster. ALR extends classical GEE in the sense that precision estimates for both the 

regression parameters 𝛽 and the association parameters 𝛼. Moreover, with ALR, inferences can 

be made about pair wise associations between subjects [33]. Let 𝛾𝑗𝑘𝑙 be the log odds ratio 

between outcomes 𝑌𝑗𝑘 and 𝑌𝑗𝑙, and Let 𝜋𝑗𝑘 = 𝑃(𝑌𝑗𝑘 = 1) and 𝑣𝑗𝑘𝑙 = 𝑃(𝑌𝑗𝑘 = 1, 𝑌𝑗𝑙 = 1), then the 

association of the two responses is defined as [33]:  

𝑙𝑜𝑔𝑖𝑡 𝑃(𝑌𝑗𝑘 = 1/ 𝑌𝑗𝑙 = 𝑦𝑗𝑙) = 𝛾𝑗𝑘𝑙𝑦𝑗𝑙+log (
πjk − vjkl

1−πjk−πjl+vjkl
) 

Assume 𝛾𝑗𝑘𝑙=𝛼, then the pair-wise log odds ratio 𝛼 is the regression coefficient in logistic 

regression of  𝑌𝑗𝑘 on  𝑌𝑗𝑙 



 

Parameter Estimation of ALR 

Like GEE, parameter estimation of ALR is based on quasi likelihood approximation. Let 𝜉𝑗 be a 

vector with elements 𝜉𝑗𝑘𝑙 = 𝐸(𝑌𝑗𝑘/ 𝑌𝑗𝑙 = 𝑦𝑗𝑙) and 𝑅𝑗 be the vector of residual with elements 

𝑅𝑗𝑘𝑙=𝑌𝑗𝑘 −  𝐸( 𝑌𝑗𝑘  𝑌𝑗𝑙⁄  = 𝑦𝑗𝑙) = 𝑌𝑗𝑘 − 𝜇𝑗𝑘𝑙 .  Let 𝑆𝑗 a vector of diagonal matrix with diagonal 

element 𝜉𝑗𝑘𝑙(1 − 𝜉𝑗𝑘𝑙) and let 𝑊𝑗 denote matrix 
𝜕𝜉𝑗

𝜕𝛼
. Finally, let 𝐴𝑗 = 𝑌𝑗 − 𝜋𝑗,  

𝐵𝑗 = 𝑐𝑜𝑣(𝑌𝑗), 𝑎𝑛𝑑  𝐶𝑗=
𝜕𝜋𝑗

𝜕𝛽
 . Then, the ALR parameter 𝛿 = (𝛽, 𝛼) is the simultaneous solution of 

the following unbiased estimating equations [56]. 

 

                                           𝑈𝛽 = ∑  𝐶′𝑗
𝑚
𝑗=1 𝐵𝑗

−1𝐴𝑗=0                                                                       

                                           𝑈𝛼 = ∑ 𝑊𝑗
′𝑚

𝑗=1 𝑆𝑗
−1𝑅𝑗 = 0                                                                      

The above estimating equations are solving for 𝛽 and α by using Gauss-Seidel procedure 

algorithm.  

Results 

Descriptive Statistics 

Of the 4,621 children who were included in this study, 50.9% were male and 49.10% were 

female children. Out of these children, 36.01% male children and 33.76% female children were 

stunted. See table 1.  

Multicollinearity Diagnostic Test 

Before building the model for factors of stunting, the set of independent variables must be tested 

for multicollinearity. Table 2 displays the Tolerance and the Variance Inflation Factor (VIF) of 

the independent variables to be used for predicting factors of stunting. From the table, the 
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Variance Inflation Factor (VIF) for each independent variable is less than 10 meaning that, there 

is no interaction (linear relationship) between the independent variables that might affect the 

results in the analysis.  

Statistical Analysis of Marginal Models: 

Childhood stunting has been analyzed by using marginal models. These marginal models are 

generalized estimating equation and alternating logistic regression models. 

Analysis of Generalized Estimating Equations (GEE) 

Under GEE, model building strategy is started by fitting a model containing all possible 

covariates in the data.  This was done by considering two different working correlation 

assumptions (exchangeable and independence). In order to select the important factors related to 

childhood stunting, the backward elimination procedure was used. The full model for the 

probability that 𝑖𝑡ℎ child being stunted from  𝑗𝑡ℎ cluster,  𝜋𝑖𝑗  was fitted as 

𝑙𝑜𝑔𝑖𝑡 (𝜋𝑖𝑗) = 𝛽0 + 𝛽1𝐶𝑆𝐸𝑋𝑀 + 𝛽2𝐶𝐴𝐺𝐸2 + 𝛽3𝐶𝐴𝐺𝐸3 +  𝛽4𝐶𝐴𝐺𝐸4 +  𝛽5𝐶𝐴𝐺𝐸5 + 𝛽6𝑀𝐴𝐺𝐸20−49

+  𝛽7𝑀𝐸𝐷𝑈𝑃𝑟 +  𝛽8𝑀𝐸𝐷𝑈𝑆𝑒𝑐𝑜 +  𝛽9𝐵𝑀𝐼𝑁 + 𝛽10𝐵𝑀𝐼𝑂𝑣 +  𝛽11𝑃𝐵𝐼𝑁𝑇24−47

+  𝛽12𝑃𝐵𝐼𝑁𝑇48+ + 𝛽13𝑁𝐻𝐻𝑀5−9 + 𝛽14𝑁𝐻𝐻𝑀10+ + 𝛽15𝐵𝑂𝑅𝐷4+ + 𝛽16𝑊𝐼𝑁𝐷𝐸𝑋𝑀𝑖

+  𝛽17𝑊𝐼𝑁𝐷𝐸𝑋𝑅𝑖 +  𝛽18𝑃𝐿𝑅𝐸𝑆𝐼𝐷𝑅𝑢 +  𝛽19𝐴𝑁𝑉1−3 + 𝛽20𝐴𝑁𝑉4−20 +  𝛽21𝑆𝐷𝑊𝑈𝑛

+  𝛽22𝐷𝐼𝐴𝑅𝑌 +  𝛽23𝐹𝐸𝑉𝑌 

The subscripts in each factor is defined as, 

M=Male, 2=6-11, 3=12-17, 4=18-23, 5=24-59, Pr=Primary, Seco=Secondary or above, 

N=Normal, Ov=Overweight, 48+=48 or above, 10+=10 or above, 4+=4 or above, Mi=Middle, 

Ri=Rich, Ru=Rural, Un=Unimproved, Y=Yes. 



 

After  fitting  the  model,  factors  with  insignificant p-value  are ignored  and  the  model   was 

refitted  with  the  rest  of  the  factors  sequentially.  Then, sex of child, birth order, number of 

household members, age of mother, number of antenatal care visits, source of drinking water, 

diarrhea and fever are  the  factors  excluded  from  the model. See table 3.  

The QIC values of full model (which is found in table 3) and reduced models are 5362.91 and 

5357.97 respectively. Then it turned out that the model with age of child, previous birth interval, 

mother’s education level, BMI of mother, wealth index and place of residence became the most 

parsimonious model. 

Table 5 Empirical and model based standard errors for two proposed working correlation 

 

 

Coef. 

  Exchangeable Independent 

 

Estimates Model based S.E 

Empirical 

S.E 

 

Estimates 

Model based 

S.E 

Empirical 

S.E 

𝛽0 -1.8715 0.1925 0.1902 -1.8434 0.1854 0.1904 

𝛽2  0.2380 0.1543 0.1532  0.2337 0.1547 0.1536 

𝛽3  1.2052 0.1381 0.1462  1.2046 0.1382 0.1472 

𝛽4  1.8987 0.1440 0.1445  1.9067 0.1441 0.1458 

𝛽5  1.8963 0.1229 0.1264  1.8979 0.1225 0.1270 

𝛽7 -0.2124 0.0765 0.0797 -0.2224 0.0752 0.0806 

𝛽8 -0.5659 0.1165 0.1204 -0.6263 0.1143 0.1197 

𝛽9 -0.1287 0.0795 0.0796 -0.1224 0.0793 0.0787 

𝛽10 -0.3950 0.1406 0.1385 -0.4423 0.1407 0.1394 

𝛽11 -0.0816 0.0858 0.0839 -0.0672 0.0860 0.0858 

𝛽12 -0.2350 0.0997 0.1002 -0.2251 0.0989 0.1023 

𝛽16 -0.1671 0.0959 0.0964 -0.1251 0.0946 0.0964 
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𝛽17 -0.3681 0.0856 0.0886 -0.3242 0.0820 0.0889 

𝛽18  0.4719 0.1204 0.1199  0.4312 0.1105 0.1204 

 

Finally, as a customary, comparison of empirical and model based standard errors for the 

parameter estimates obtained based on the given working correlation assumptions (exchangeable 

and independence) was performed using selected covariates. The correlation structure that the 

model based and empirical standard errors are closest to each other is referred to be the best 

assumption correlation structure.  

Moreover, since no dramatic differences among the correlations, using the exchangeable 

working correlation structure is recommended. In addition, the empirically corrected standard 

errors for exchangeable correlation structure are somewhat smaller than their counterpart under 

the independence assumptions. Then, from table 6, exchangeable working correlation 

assumption was found to be plausible since the two standard errors were closer to each other 

with correlation parameter (α =0.0443). Therefore, the final proposed generalized estimating 

equation model for childhood stunting is given as: 

𝑙𝑜𝑔𝑖𝑡 (𝜋𝑖𝑗) = 𝛽0 + 𝛽2𝐶𝐴𝐺𝐸2 +  𝛽3𝐶𝐴𝐺𝐸3 +  𝛽4𝐶𝐴𝐺𝐸4 +  𝛽5𝐶𝐴𝐺𝐸5 + 𝛽7𝑀𝐸𝐷𝑈𝑃𝑟 +  𝛽8𝑀𝐸𝐷𝑈𝑆𝑒𝑐𝑜

+  𝛽9𝐵𝑀𝐼𝑁 + 𝛽10𝐵𝑀𝐼𝑂𝑣 +  𝛽11𝑃𝐵𝐼𝑁𝑇24−47 +  𝛽12𝑃𝐵𝐼𝑁𝑇48+ +  𝛽16𝑊𝐼𝑁𝐷𝐸𝑋𝑀𝑖

+  𝛽17𝑊𝐼𝑁𝐷𝐸𝑋𝑅𝑖 +  𝛽18𝑃𝐿𝑅𝐸𝑆𝐼𝐷𝑅𝑢 

From the final GEE model, parameter estimates and their corresponding empirically corrected 

standard errors alongside the p-values are presented below in table 6. 

Table 6 Parameter estimates (empirically corrected standard errors) for GEE 

 Analysis of GEE Parameter Estimates 



 

 Empirical Standard Error Estimates 

Parameter  
Estimate 

Standard 

Error 

95% Confidence 

Limits 
Z  Pr > |Z| 

Intercept  -1.8715 0.1902 -2.2443 -1.4987 -9.84 <.0001 

CAGE 6-11 months  0.2380 0.1532 -0.0622  0.5383  1.55 0.1202 

CAGE 12-17 months  1.2052 0.1462  0.9187  1.4917  8.25 <.0001 

CAGE 18-23 months  1.8987 0.1445  1.6155  2.1819 13.14 <.0001 

CAGE 24-59 months  1.8963 0.1264  1.6487  2.1440 15.01 <.0001 

MEDU Primary  -0.2124 0.0797 -0.3686 -0.0561 -2.66 0.0077 

MEDU Secondary or above -0.5659 0.1204 -0.8019 -0.3298 -4.70 <.0001 

BMI Normal -0.1287 0.0796 -0.2847  0.0273 -1.62 0.1058 

BMI Overweight/Obese -0.3950 0.1385 -0.6665 -0.1235 -2.85 0.0043 

PBINT 24-47 months -0.0816 0.0839 -0.2460  0.0829 -0.97 0.3311 

PBINT 48 months or above -0.2350 0.1002 -0.4315 -0.0385 -2.34 0.0191 

WINDEX Middle  -0.1671 0.0964 -0.3561  0.0218 -1.73 0.0830 

WINDEX Rich  -0.3681 0.0886 -0.5418 -0.1944 -4.15 <.0001 

PLRESID Rural   0.4719 0.1199  0.2368  0.7069  3.93 <.0001 

 

          GEE Fit Criteria 

           QIC=5357.9710  

            α =0.0443                                         

        

 

Analysis of Alternating Logistic Regression Model (ALR) 

Model building for ALR is follows the same procedure in GEE model building strategy. First 

ALR model is fitted using all proposed covariates. Then, the covariate with the large p-value is 



 

removed. Sex of child, birth order, age of mother, number of antenatal care visits, number of 

household members, source of drinking water, had fever in the two weeks before survey and had 

diarrhea recently are removed covariates with (p-value > 0.05). The QIC values of both saturated 

and reduced ALR models are 5362.8177 and 5357.8652 respectively. See tables 4 and 7. 

Therefore, the reduced model with the rest of six covariates was considered as the best candidate 

model. Using the selected covariates and the association parameter α, alternating 

logistic regression (ALR) model that provides information about pair wise association of 

observations between two different individuals within the same cluster was fitted. Therefore, 

the final proposed ALR model included the association parameter for childhood stunting is 

given as:  

𝑙𝑜𝑔𝑖𝑡 (𝜋𝑖𝑗) = 𝛼 + 𝛽0 + 𝛽2𝐶𝐴𝐺𝐸2 +  𝛽3𝐶𝐴𝐺𝐸3 +  𝛽4𝐶𝐴𝐺𝐸4 +  𝛽5𝐶𝐴𝐺𝐸5 +  𝛽7𝑀𝐸𝐷𝑈𝑃𝑟

+  𝛽8𝑀𝐸𝐷𝑈𝑆𝑒𝑐𝑜 +  𝛽9𝐵𝑀𝐼𝑁 + 𝛽10𝐵𝑀𝐼𝑂𝑣 +  𝛽11𝑃𝐵𝐼𝑁𝑇24−47 +  𝛽12𝑃𝐵𝐼𝑁𝑇48+

+  𝛽16𝑊𝐼𝑁𝐷𝐸𝑋𝑀𝑖 +  𝛽17𝑊𝐼𝑁𝐷𝐸𝑋𝑅𝑖 +  𝛽18𝑃𝐿𝑅𝐸𝑆𝐼𝐷𝑅𝑢 

Parameter estimates and their corresponding empirically corrected standard errors alongside the 

p-values from the final ALR model are presented in Table 7. 

3.3.1. Comparison of GEE and ALR Models 

Since the likelihood function does not fully specified in marginal models, model comparison is 

based on quasi likelihood criteria (QIC) which is the modified AIC criteria. From Table 6 and 

Table 7, QIC values are 5357.9710 and 5357.8652 for the GEE and ALR respectively which is 

almost equal. However, the empirically corrected standard errors for ALR model are somewhat 

smaller than their counterpart under the GEE model. This implies that the ALR fits the data with 

small disturbance than GEE. Moreover, ALR extends beyond classical GEE in the sense that 
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precision estimates follow for both the regression parameters 𝛽 and the association parameters 𝛼. 

It is good to emphasize that the association is strongly significant (p < 0.0001), provided it has 

been correctly specified, a declaration it cannot be made in the corresponding exchangeable GEE 

analysis. Therefore, it can be concluded that ALR is the better model for explaining the marginal 

association between childhood stunting and the selected predictor variables. Thus, the 

interpretation of parameters is based on the final proposed ALR model. Overall, parameter 

estimates under ALR are slightly less than that of GEE. This difference in parameter estimates 

from the two models might be due to the fact that ALR takes the associations into account, 

whereas GEE not consider the association parameter in the model. 

Table 7 Parameter estimates (empirically corrected standard errors) from ALR 

 Analysis of ALR Parameter Estimates 

 Empirical Standard Error Estimates 

Parameter  
Estimate 

Standard 

Error 

95% Confidence 

Limits 
Z  Pr > |Z| 

Intercept  -1.8714 0.1900 -2.2438 -1.4991 -9.85 <.0001 

CAGE 6-11 months  0.2364 0.1528 -0.0631  0.5358  1.55 0.1219 

CAGE 12-17 months  1.1992 0.1462  0.9128  1.4857  8.20 <.0001 

CAGE 18-23 months  1.8930 0.1450  1.6088  2.1771 13.06 <.0001 

CAGE 24-59 months  1.8917 0.1266  1.6435  2.1398 14.94 <.0001 

MEDU Primary  -0.2109 0.0796 -0.3670 -0.0548 -2.65 0.0081 

MEDU Secondary or above -0.5662 0.1203 -0.8019 -0.3304 -4.71 <.0001 

BMI Normal -0.1300 0.0795 -0.2859  0.0258 -1.64 0.1019 

BMI Overweight/Obese -0.3959 0.1383 -0.6670 -0.1248 -2.86 0.0042 

PBINT 24-47 months -0.0788 0.0840 -0.2433  0.0858 -0.94 0.3481 

PBINT 48 months or above -0.2300 0.1006 -0.4272 -0.0329 -2.29 0.0222 

WINDEX Middle  -0.1644 0.0962 -0.3529  0.0241 -1.71 0.0874 



 

WINDEX Rich  -0.3616 0.0885 -0.5350 -0.1883 -4.09 <.0001 

PLRESID Rural   0.4727 0.1200  0.2376  0.7079  3.94 <.0001 

Alpha1   0.2114 0.0425  0.1281  0.2947  4.97 <.0001 

 

          GEE Fit Criteria 

           QIC= 5357.8652 

 

Parameter Interpretation of Marginal Models 

Table 7 presents parameter estimates and their corresponding empirically corrected standard 

errors alongside the p-values from ALR model. Each parameter reflects the effect of factor 

on the log odds of the probability of being stunted, after controlling other variables in the model. 

Then, the odds ratio of variables is calculated as the exponent of 𝛽𝑗   i.e odds ratio = 𝑒𝛽𝑗. 

From the results of ALR, it is revealed that age of child is significantly related to stunting. After 

controlling all other variables in the model, children aged 18–23 months were exp(1.8930) = 

6.6393 (95% CI: 4.9968, 8.8207) times more likely to be stunted as compared to children aged 

below 6 months. Similarly, children aged 24–59 months were exp(1.8917) = 6.6306 (95% 

CI:5.1732, 8.4977) times more likely to be stunted as compared to children aged below 6 

months. 

Previous birth interval is a significant determinant of childhood stunting. The estimated odds 

ratio (OR=0.7945; 95% CI: 0.6523, 0.9676) reveals that children having birth interval 48 months 

or above had 20.6% less risk of being stunted as compared to children having birth interval less 

than 24 months. That means the longer the interval, the less likely it is that the child will be 

stunted. Generally, birth interval has an inverse relationship with stunting. 



 

Place of residence is a significant determinant of stunting. Children from the rural residence were 

also 60.43% (OR=1.6043, 95%CI: 1.2682, 2.0297) times more likely to be stunted as compared 

to children from the urban residence, after controlling other variables in the model. Other 

covariates can be interpreted by the same way. 

The ALR model also presents the estimated constant log odds of alpha which provides 

information about the association between individual observations within the same cluster. The 

estimated pair wise odds ratio relating two responses from the same cluster is exp(0.2114) 

=1.2354 (95% CI: 1.1367, 1.3427). Thus, the value of log odds of alpha greater than one 

indicates that the associations is found to be significant (p-value <.0001) and this means that 

there is a strong positive association between individual children regarding stunting in the same 

cluster. 

 Discussion 

This study was intended to identify the risk factors of stunting of children aged five years or 

below in Ethiopia based on EDHS 2016 data. Stunting was measured by the height-for-age z 

scores.  As a preliminary analysis, assortments of summary statistics were employed to explore 

the association between the response variable of interest and available covariates. It should be 

well-known that there is inconsistency in the conclusion from the analysis of various summary 

statistics, which might be due to the fact that they make use of varying amount of information, 

which determines the power of their inferences. Thus, the analysis was extended to other 

statistical methods to account for the clustered nature of correlated observations. The data 

were then analyzed using marginal models (GEE and ALR).  

Two proposed working correlation structures, exchangeable and independence correlation 

assumptions were taken for the comparison, in GEE model-building strategy. The model with 



 

exchangeable working correlation structure was found to be better fits the data than 

independence. This supports that considering clustering nature of the data was essential for 

the analysis and the dependency of individuals for the given data. In addition, ALR was fitted to 

regress the response variable on explanatory variables simultaneously as well as association 

among responses in terms of pair wise odds ratio. 

Two models from marginal model families were compared in order to assess which model is 

efficiently explain the relations between response and explanatory variables as well as to 

evaluate that whether considering pairwise association is important. After then, ALR model 

was selected as best model and the model shows that there is a positive pairwise association 

between responses. This supports the idea explained by Zeger et al, alternating logistic 

regression is reasonably efficient relative to GEE (Zeger et al, 1993). 

All the fitted models were lead to the same conclusion that age of child, previous birth interval, 

education level of mother, place of residence, wealth index and BMI of mother were found to be 

significantly associated with stunting whereas sex of child, age of mother at first birth, number 

of household members, number antenatal care visits, birth order, source of drinking water, had 

diarrhea recently and had fever in the two weeks before survey were not significantly associated 

with childhood stunting.  

Finding of this study showed that the risk of stunting increased with age of children. Children 

whose age group was 18-23 months had significantly higher risk of stunting as compared with 

children aged below 6 months. Similar studies were reported in Ethiopia, Bangladesh, 

Madagascar and Malawi [6, 20, 21, 36, and 39]. It could be due to the inappropriate and late 

introduction of low nutritional quality supplementary food [14] and a large portion of guardians 



 

in rural areas are ignoring to meet their children’s optimal food requirements as the age of the 

child increases [27]. This result is also consistent with national report of EDHS 2016 which 

indicated that the prevalence of stunting increases as the age of child increases [10]. 

Previous birth interval showed highly significant and inverse relationship with the prevalence of 

stunting. Children with longer previous birth interval had lower risk of being stunted. The 

analysis of this study shows that both birth interval groups (24 to 47 months and 48 months or 

above) are found statistically significant. Thus, as the birth interval increases the likelihood to be 

stunted decreases. This finding is confirmed by most of previous studies [24, 25, 26, and 32]. 

The significant and higher risk of stunting among children of lower birth interval could be due to 

uninterrupted pregnancy and breastfeeding, since this drains women’s nutritional resources [43]. 

Close‐spacing may also have a health effect on the previous child who may be prematurely 

weaned if the mother becomes pregnant too early again. In this study, rural children were found 

to be most affected by stunting. This may be due to close spacing and low contraceptive 

prevalence rate in the rural areas.  This is inconsistent with the study conducted by [20, 41]. They 

didn’t find birth order to be significantly related with stunting for the whole sample by using 

multivariable multilevel logistic regression and ordinary logistic regression respectively. 

In this study, mother’s body mass index, which is defined as her weight in kilogram divided by 

square of her height in meters, was found to be negatively associated with childhood stunting. 

Thin Mothers (BMI < 18.5) are themselves malnourished and are therefore likely to have stunted 

children. The same finding is also found in a number of studies. Mothers with low BMI, on 

average, are giving birth to babies of low birth weight [18, 20, and 34]. This finding also 

consistent in some of studies in Africa [11, 31]. A mother’s nutritional status affects her ability to 

successfully carry, deliver, and care for her children and is of great concern in its own right. 



 

Women who are malnourished (thinness or obesity) may have difficulty during childbirth and 

may deliver a child who can be malnourished. The results indicate that there is an association 

between the thinness condition of the mother and the nutritional status of the child.  

The childhood stunting was found to be inversely related to the mother’s level of education.  The 

risk of stunting, on average, significantly very less for children whose mothers have secondary or 

higher level of education than children whose mothers have no education status. This finding 

seemed to be consistent with other studies [1, 20, and 38]. These findings demonstrate the 

importance of the education of girls as alternative strategy to beat the burden of childhood 

stunting and to push sensible feeding practices for young children. Higher levels of maternal 

education can also reduce childhood stunting through other ways, such as increased knowledge 

of sanitation practices and healthy behaviors.  

The childhood stunting was also found to be inversely related to the wealth index of household. 

Children in poor households are found to be, on average, at a higher risk of stunting than 

children from rich households [6, 19, and 42].  

As shown in the analysis, urban children were less likely to be stunted (malnourished) than their 

rural counterparts because the quality of health environment and sanitation is better in urban 

areas, whereas, the living condition in rural areas were associated with poor health condition, and 

lack of personal hygiene, which were the risk factors in determining malnutrition. This is 

consistent with some studies, where mothers’ place of residence has a statistical significant effect 

on children nutritional status [20, 44]. 

Conclusions  



 

For this study, two marginal models (GEE and ALR) have been compared for the analysis of 

marginal or average effects of covariates on the response variable and, it is concluded that, ALR 

model with measure of association exhibited the best fit for this data than GEE models. This 

study suggests that mother’s education level, BMI of mother, previous birth interval and wealth 

index have negative effect on childhood stunting whereas age of child and place of residence 

have positive effect on childhood stunting. However, in this study, sex of child, age of mother at 

first birth, number of household members, number antenatal care visits, birth order, source of 

drinking water, had diarrhea recently and had fever in the two weeks before survey  were not 

significantly associated with childhood stunting. More importantly, this study contributes to the 

understanding of the individual and collective effect of maternal, socio-economic and child 

related risk factors of childhood stunting in Ethiopia. 

 

Abbreviations 

AIC: Akaike’s information criterion; BIC: Bayesian information criterion; BMI: Body Mass Index; CSA: 

Central Statistical Agency; EDHS: Ethiopian Demographic and Health Survey; MOFED: Ministry of 

Finance and Economic Development; MOH: Ministry of Health; UNAC: United Nations Administrative 

Committee; UNFPA: United Nations Population Fund; UNICEF: United Nations Children’s Fund; WHO: 

World Health Organization. 

Declarations 

Ethics approval and consent to participate: Not applicable. 

Consent for publication: Not applicable 

Availability of data and material: The dataset is available via http://www.dhsprogram.com/ by 

registering and requesting the datasets. 



 

Competing interests: The author declares that he has no competing interests. 

Funding: No funding was obtained for this study.  

Author's contributions: All the work of this research is accomplished by the author. Finally, the author 

drafted, read and approved the final manuscript. 

Acknowledgement: I acknowledge the Ethiopian central statistical agency for providing me the data. 

 

REFERENCES 

1. Abuya BA, Ciera J, Kimani-Murage E. (2012). Effect of mother’s education on child’s 

nutritional status in the slums of Nairobi. BMC Pediatr. 12(1):80. 

2. African Union (2015). “African Regional Nutrition Strategy 2015–2025.” Addis Ababa: 

Ethiopia. 

3. Agresti, A., (2002).Categorical Data Analysis, Second Edition 

4. Agresti, A., (2007).An Introduction to Categorical Data Analysis, 2nd Ed, Wiley Inc 

5. Akombi B, Agho KE, Hall JJ, Wali N, Renzaho A, Merom D. Stunting, wasting and underweight 

in sub-Saharan Africa: a systematic review. Int J Environ Res Public Health. 2017;14(8):863 

6. Amare, Zerihun Yohannes, Mossa Endris Ahmed, and Adey Belete Meharie (2019). 

Determinants of Nutritional Status among Children under Age 5 in Ethiopia: Further Analysis of 

the 2016 Demographic and Health Survey. DHS Working Paper No. 156. Rockville, Maryland, 

USA: ICF. 

7. Antonio, K. & Beirlant, J., (2011).Actuarial Statistics with Generalized Linear Mixed Models, 

University Center for Statistics, Belgium. 

8. Birara, M.. 2014. “Prevalence and Factors Associated with Stunting, Underweight and Wasting: 

A Community Based Cross Sectional Study among Children Age 6-59 Months at Lalibela Town, 

Northern Ethiopia.” Journal of Nutrition Disorders & Therapy 04. 10.4172/2161-0509.1000147. 

9. Black,.R. E., C. G. Victora, S. P. Walker, Z. A. Bhutta, P. Christian, M. de Onis, M. Ezzati, S. 

Gratham McGregor, J. Katz, R. Martorell, and R. Uauy. 2013. “Maternal and Child 

Undernutrition and Overweight in Low-income and Middle-income Countries.” The Lancet 382 

(9890):427-451. 



 

10.  Central Statistical Agency (CSA) [Ethiopia] and ICF. 2016. Ethiopia Demographic and Health 

Survey 2016. Addis Ababa, Ethiopia, and Rockville, Maryland, USA: CSA and ICF. 

11. Christiaensen, L. and Alderman, H. (2004). Child Malnutrition in Ethiopia: Can Maternal 

Knowledge Augment the Role of Income. Africa Region Working Paper Series, No.22. 

12. Cook R. D. and Weisberg S. (1982). Residuals and influence in regression. New York: 

Chapman and Hall. 

13. Cosmas, G., (2011).Socio-Demographic determinants of anemia among children aged 0-59 

months in mainland Tanzania. 

14. Dasgupta A, Parthasarathi R, Biswas R, Geethanjali A. Assessment of under nutrition with 

composite index of anthropometric failure (CIAF) among under-five children in a rural area of 

West Bengal. Indian J Community Health. 2014;26(2):132–8. 

15. David E Sahn and David C Stifel (2002). Robust Comparisons of Malnutrition in Developing 

Countries. American Journal of Agricultural Economics 84(3), 716-735.  

16. EDHS (2016). Ethiopian Demographic and Health Survey. Addis Ababa 

17. Faraway, J., (2006).Extending the Linear Model with R, Generalized Linear, Mixed Effects, 

and Nonparametric Regression Models, Boca Raton London New York, 

18. Felisbino-Mendes MS, Villamor E, Velasquez-Melendez G. Association of maternal and child 

nutritional status in Brazil: a population based crosssectional study. PLoS One. 

2014;9(1):e87486.  

19. Frost MB, Forste R, Haas DW. Maternal education and child nutritional status in Bolivia: finding 

the links. Soc Sci Med. 2005;60(2):395–407. 

20. K. Fantay Gebru, W. Mekonnen Haileselassie, A. Haftom Temesgen, A. Oumer Seid and B. 

Afework Mulugeta. Determinants of stunting among under-five children in Ethiopia: a multilevel 

mixed effects analysis of 2016 Ethiopian demographic and health survey data. BMC Pediatrics 

(2019) 19:176. https://doi.org/10.1186/s12887-019-1545-0 

21. Kamal S. Socio-economic determinants of severe and moderate stunting among under-five 

children of rural Bangladesh. Mal J Nutr. 2011;17(1):105–18. 

22. Kandala ,NB; S. Lang; S. Klasen, and L. Fahrmeir (2006). Semiparametric Analysis of the 

Socio-Demographic Determinants of Undernutrition in Two African Countries. Research in 

Official Statistics, EUROSTAT, Vol. 4 No.1:P. 81-100.  

https://doi.org/10.1186/s12887-019-1545-0


 

23. Kandala N-B, Madungu TP, Emina JB, Nzita KP, Cappuccio FP. Malnutrition among children 

under the age of five in the Democratic Republic of Congo (DRC): does geographic location 

matter? BMC Public Health. 2011;11(1):261.  

24. Kandala, N. B., Lang, S., Klasen, S. and Fahrmeir, L. 2001. Semiparametric analysis of the 

socio-demographic and spatial determinants of undernutrition in two African countries. Research 

in official statistics,4(1),81-100 

25. Kasahun Takele, Temesgen Zewotir and Denis Ndanguza (2019). Understanding correlates of 

child stunting in Ethiopia using generalized linear mixed models. BMC Public Health    

https://doi.org/10.1186/s12889-019-6984-x 

26. Khaled K. (2007). Analysis of Childhood Diseases and Malnutrition in Developing Countries of 

Africa. Munchen. 

27. Khan REA, Raza MA. Determinants of malnutrition in Indian children: new evidence from 

IDHS through CIAF. Qual Quant. 2016;50(1):299–316. 

28. Kimani-Murage EW, Muthuri SK, Oti SO, Mutua MK, van de Vijver S, Kyobutungi C. Evidence 

of a double burden of malnutrition in urban poor settings in Nairobi, Kenya. PLoS One. 

2015;10(6):e0129943. 

29. McCullagh, P., & Nelder, J. (1989).Generalized Linear Models, 2ndedition, London, 

Chapman, and Hall 120-125 

30. McCulloch, E., (1997).An Introduction to Generalized Linear Mixed Models, Biometrics 

Unit, and Statistics Center Cornell University.  

31. Ministry of Finance and Economic Development (2013). Development and Poverty in Ethiopia 

1995/96-2010/11. Addis Ababa, Ethiopia.  

32. Mohammad, A. (2008). Gender Differentials in Mortality and Undernutrition in Pakistan: 

Peshawar (Pakistan).  

33. Molenberghs, G., & Verbeke, G., (2005).Models for Discrete Longitudinal Data. Library of 

Congress 

34. Musbah E, Worku A. Influence of maternal education on child stunting in SNNPR, Ethiopia. 

Central Afr J Public Health 2016;2(2):71–82.  

35. Myers, H., Montgomery, C., Vining, G. &Robinson, J., (2010).Generalized Linear Models, 

With Applications in Engineering and the Sciences, Second Edition 

https://doi.org/10.1186/s12889-019-6984-x


 

36. Ntenda PAM, Chuang Y-C. Analysis of individual-level and community-level effects on 

childhood undernutrition in Malawi. Pediatr Neonatol. 2017;59: 380–9. 

37. Pan, W., (2001).Akaike’s information criterion in generalized estimating equations, 

Biometrics, 57, 120-127 

38. Prendergast AJ, Humphrey JH. The stunting syndrome in developing countries. Paediatrics and 

international child health. 2014;34(4):250–65. 

39. Rakotomanana H, Gates GE, Hildebrand D, Stoecker BJ. Determinants of stunting in children 

under 5 years in Madagascar. Matern Child Nutr. 2016: e12409. 

https://doi.org/10.1111/mcn.12409. 

40. SAS Institute (2010). SAS/STAT® 9.22 User’s Guide: 1st electronic book. Cary, NC, USA. 

41. Shiferaw Abeway, Bereket Gebremichael, Rajalakshmi Murugan, Masresha Assefa, ,Yohannes 

Mehretie Adinew. Stunting and Its Determinants among Children Aged 6–59 Months in 

Northern Ethiopia: A Cross-Sectional Study. Journal of Nutrition and Metabolism Volume 2018, 

Article ID 1078480, 8 pages https://doi.org/10.1155/2018/1078480 

42. Smith, L. C., Ruel, M. T. and Ndiaye, A. (2005). Why is Child Malnutrition Lower in Urban 

than in Rural Areas? Evidence from 36 Developing Countries’ World Development, Vol. 33, No. 

8, 1285-1305. 

43. Sommerfelt, A. Elizabeth, and S. Kathryn (1994). Children’s nutritional status. DHS 

Comparative Studies No. 12.Calverton, Maryland, USA: Macro International Inc. 

44. Tahmidul Islam, Md. Golam Rabbani and Wasimul Bari (2016). Analyzing Child Malnutrition in 

Bangladesh: Generalized Linear Mixed Model Approach. Dhaka Univ. J. Sci. 64(2): 163-167 

45. Tibilla, M. A. 2009. “The Nutritional Impact of the World Food Programme-supported 

Supplementary Feeding Programme on Children less than Five Years in Rural Tamale, Ghana 

17-18.” Ethiopian Health and Nutrition Research Institute (EHNRI). 

46. UNICEF. 2017. “UNICEF Annual Report 2017 Ethiopia.” UNICEF. 

47. UNICEF. 2017. “UNICEF Annual Report 2017 Ethiopia.” UNICEF. 

48. UNICEF. 2019. “Levels and Trends in Child Malnutrition: UNICEF, WHO / World Bank Group 

Joint Child Malnutrition Estimates, Key Findings of the 2019 edition.” Geneva: World Health 

Organization; 2019 License: CC BY-NC-SA 3.0 IGO. 

https://doi.org/10.1111/mcn.12409
https://doi.org/10.1155/2018/1078480


 

49. UNICEF. 2019. “Levels and Trends in Child Malnutrition: UNICEF, WHO / World Bank Group 

Joint Child Malnutrition Estimates, Key Findings of the 2019 edition.” Geneva: World Health 

Organization; 2019 License: CC BY-NC-SA 3.0 IGO. 

50. United Nations Administrative Committee (UNAC) on Co-ordination, Sub-committee on 

Nutrition. 1997. “3rd Report on the World Nutrition Situation.” ACC/SCN Secretariat, United 

Nations.  

51. WHO and UNICEF. 1995. “Global Prevalence of Vitamin A Deficiency: Micronutrient 

Deficiency Information System Working Paper No. 2.” Geneva: World Health Organization. 

52. WHO. 2009. “World Health Organization Child Growth Standards and the Identification of 

Severe Acute Malnutrition in Infants and Children: Joint Statement by the World Health 

Organization and the United Nations Children’s Fund.” World Health Organization. 

53. WHO. 2014. “World Health Organization Global Nutrition Targets 2025: Stunting Policy Brief.” 

World Health Organization.  

54. WHO. 2017. “Stunted Growth and Development, Context, Causes and Consequences.” World 

Health Organization. 

55. World Health Organization. WHO multicentre growth reference study group: WHO child growth 

standards: length/height-for-age, weight-for-age, weight-for-length, weight-for-height and body 

mass index-for-age: methods and development. Geneva: WHO 2006;2007. 

56. Zeger, S. & Liang K., (1986). Longitudinal data analysis using generalized linear models. 

Biometrics, Vol.73, pp.13-22 

57. Zorn, C. J. (2001). Generalized estimating equation models for correlated data: A review with 

applications. American Journal of Political Science, 470-490. 

 

 


