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       Undernutrition remains a significant obstacle to children under five years old in Kenya. One 
in four children under five are stunted, meaning that they have height-for-age Z-scores (HAZ) 
less than minus two standard deviations below the median of a reference height-for-age 

standard. This paper employs machine learning techniques to identify significant socioeconomic, 
demographic, cultural, climatic and environmental indicators of child stunting from the Kenya 
Demographic and Health Survey (KDHS) 2014 dataset. Consequently, multivariate logistic 
regression is employed to determine and quantify the likelihood of any significant indicators in 
explaining stunting outcome. All in all, this paper suggests that machine learning techniques 
would be useful in elucidating significant indicators of child undernutrition that are in critical 

need of, and can respond well to, prioritized policy interventions. 
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I. INTRODUCTION 

Despite valiant efforts towards addressing food insecurity 

that have seen undernutrition decline globally, many sub-

Saharan countries still struggle to feed their people. 

Undernutrition, a global health problem with effects 

particularly devastating in Sub-Saharan Africa, causes those 

affected to suffer from weakened immune systems, increased 

susceptibility to diseases, and higher mortality rates [1]. 

Chronic undernutrition remains a significant obstacle to 

children under five years old in Kenya, where approximately 

1 in 4 children are stunted, meaning that they have height-

for-age Z-scores less than minus two standard deviations 

below the median of a reference height-for-age standard [2]. 

Several studies have examined the extent of stunting 

prevalence by first identifying socioeconomic, demographic, 

cultural and climatic indicators using a priori knowledge or 

logical deduction [5-6] then conducted statistical analyses 

using methods such as descriptive & trend analyses and 

standard logistic regressions [5, 6-8] to model the probability 

of stunting among children under five. However, the usage 

of machine learning (ML) techniques to identify indicators 

of spatially heterogeneous phenomena such as stunting 

remains scant, despite the advent of greater computational 

power in the current “big data” era. In an effort towards 

addressing this knowledge gap, this paper aims to answer the 

following questions: Can ML techniques identify new 

explanatory variables (indicators) of child undernutrition? 

Further, how would these explanatory variables identified by 

ML be different from those found in extant literature? Lastly, 

how would these additional indicators contribute to child 

stunting outcomes? The objective of this paper is to employ 

ML techniques to identify significant socioeconomic, 

demographic, cultural, climatic and environmental 

determinants of child stunting from the Kenya Demographic 

and Health Survey (KDHS) 2014 dataset. Consequently, 

multivariate logistic regression is employed to determine and 

quantify the odds of any significant indicators in explaining 

stunting incidence. 

II. DATA AND METHODS 

To achieve our objectives, the first component of the paper 

is to identify and extract indicators associated with child 

stunting in the KDHS 2014 dataset [9] from existing 

literature and machine learning (ML). In their native form, 

potential candidates for socioeconomic and demographic 

indicators of child stunting binary outcome would consist of 

child factors (e.g. age of child, sex of child, birth-weight, 

type of birth and immunization); maternal factors (e.g. 

maternal age, education level, body mass index, birth 

interval, number of under-five children, head of household 

and wealth index). [4] Cultural, climatic and environmental 

factors would potentially include indicators such as poverty 

rate, latrine facility type, drinking water sources, 

precipitation [10] and Normalized Difference Vegetation 

Index (NDVI) [11] . 

The second part of the paper would entail classification 

for all indicators using a Decision Tree Classifier which 

would internally use information gain calculated for all 

potential indicators of child stunting. Accuracy would be 



  

 

calculated based on the concept of cross-validation to 

reduce model variance to lead to the most significant 

indicators. At this stage, indicator selection will be a two-

pronged approach, the first of which will entail selection of 

reduced indicators and the second of which will be based 

on meta-analysis of indicators identified from literature.  

The third and final part of this paper would be to 

construct Logistic Regression models for child stunting 

outcome based on the identified reduced indicators from 

literature and ML, after which the odds of significant 

indicators will be analyzed and compared to garner further 

insights towards overall impact on child nutrition, health 

and well-being. The proposed model design is depicted in 

figure 1 below: 

 

 
 

Fig 1. Proposed Model Design 

 

III.  EXPECTED FINDINGS 

This paper will significantly improve understanding of the 

indicators behind this prevalent scourge of child 

undernutrition. To date, the vast majority of indicators of 

child undernutrition are solely identified and assessed by 

human deduction. This paper takes advantage of the 

availability of new sophisticated methods and tools that can 

improve analysis and prediction of health phenomena such 

as child malnutrition. Machine learning will be useful to 

select indicators of child undernutrition with reduced 

uncertainty, therefore enabling researchers, policy-makers 

and other stakeholders alike to discover the most effective 

policies and interventions to address this crisis.  
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