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ABSTRACT 

 

The health problem of anemia affects both developed and developing nations, having a 

significant negative impact on both social and economic development and human health. 

Rwanda Demographic and Health Survey (RDHS) 2014–2015 reported that 37% of children in 

Rwanda between the ages of 6 to 59 months are anemic. 

The study aimed at identifying the factors affecting anemia in under five years Rwandan children 

and predicting its status using machine learning techniques. 

In this research, secondary data from the RDHS 2019–20 were used. The risk variables linked to 

anemia in under five years children were determined with the help of bivariate and multivariate 

analyses. Machine learning models including K-Nearest Neighbor (KNN), Logistic Regression 

(LR), Random Forest (RF), Support Vector Machine (SVM), and Decision Tree (DT) were used 

to predict its status. Several evaluation metrics including Area Under the Curve (AUC), 

Confusion Matrix, Recall, Accuracy, F1 Score, and Precision were used to assess the 

performance of the created models. 

According to the multivariate analysis findings, the factors for anemia in under five years 

Rwandan children included wealth index, child age, the mother's anemic status, and having 

recently had diarrhea. In predicting using ML models, the evaluation metrics used show the 

highest results for the Random Forest model compared to others. The results showed that 

Random Forest had 70% precision, 70% recall, 70% f1 score, and 70% AUC, indicating that it 

produced 70% accurate outcomes. 

The study concludes that Machine learning is a powerful tool that is being used in health issues 

for predicting diseases and identifying hidden patterns which couldn’t be revealed easily by other 

traditional methods. 

 

 
Keywords : Anemia, under-five years children, RDHS, Machine Learning 
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CHAPTER ONE. GENERAL INTRODUCTION 

 
1.1 Background of Study 

 

In line with the World Health Organization (WHO), anemia is a major problem facing people 

worldwide (Khan et al., 2019). It is characterized by having a low concentration of hemoglobin in 

the blood, which affects children's cognitive and motor development and adults' productivity at 

work(Anand et al., n.d.). Iron deficiency is the main factor contributing to anemia, but other factors 

include viral disorders like malaria, tuberculosis, HIV, and parasitic infections. The WHO states 

that when the hemoglobin concentration of a child is below 110 grams per liter (Hgb110g/dl), they 

are anemic (Kebede et al., 2021). Both rich and developing nations are affected by the global health 

issue of anemia, which has serious negative effects on the health of individuals. Under five years 

children are in a period of high demand for iron due to rapid growth, hence those from low-income 

families have high risks of being affected by anemia due to iron deficiency (Kebede et al., 2021). 

Anemia is thought to affect 1.62 billion people worldwide, being high in developing nations 

(42.8%, 25.7%, and 9.1% respectively, in low, medium, and high-income countries) (Da Silva et 

al., 2018). In 2011, 273.2 million of under five years children were projected to have anemia, or 

42.6% of this population worldwide. Preschoolers in Africa are more likely to be anemic (62.3%) 

than those in Southeast Asia (53.8%) or the Eastern Mediterranean (48.6%)(Da Silva et al., 2018). 

269 million children, or 39.8% of under five years children had anemia in 2019. Anemia was most 

common in under five years children in the African area (60.2% frequency)(Observatory & 

Observatory, 2019). 

According to RDHS 2014–2015 report, 37% of under five years children were affected by 

anemia, with 1% of those children having severe anemia, 15% having moderate anemia, and 

21% with mild anemia. Referring to WHO guidelines, we define severe anemia as when the 

concentration of hemoglobin is below 7 g/dl. Anemia is considered moderate in case the level of 

hemoglobin is between 7.0 and 9.9 g/dl, while mild anemia is for hemoglobin levels between 

10.0 and 10.9 g/dl. 
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Referring to the RDHS 2019–20 report, anemia affects 37% of those under five years of 

Rwandan children, indicating that the country's anemia prevalence has remained steady during 

the previous five years. Anemia prevalence increases in children living in rural regions and 

decreases with age, reaching 70% of children in the ages of 12 to 17 months, and 24% of 

children in the ages of 48 to 59 months, respectively (NISR, 2020). Anemia prevalence varies by 

province, with the southern province having the lowest prevalence at 32% and the west and north 

provinces having the highest incidence at 41%, respectively. 

1.2 Problem Statement 
 

Childhood anemia in Rwanda remains a public health problem, and if not treated, it affects the 

development of children's minds, bodies, and social skills (Kebede et al., 2021). Referring to 

RDHS 2014-15 and RDHS 2019-20 reports, 37% of children are anemic to some extent overall, 

which shows that this percentage has remained stable over the past five years. Different studies 

have used traditional statistical methods such as bivariate and multivariate logistic regression 

analysis (Jembere et al., 2020), multilevel Poisson regression models (Da Silva et al., 2018), and 

multilevel analysis (Kawo et al., 2018) to identify the factors affecting anemia in under five years 

children. While these studies help diagnose diseases, they do not handle massive amounts of data 

that can reveal various links and patterns that could have significant effects. (Khare et al., 2017). 

To reduce anemia among under five years children in Rwanda, it is not enough to identify only 

the associated risk factors, it is also of interest to make predictions to determine whether anemia 

is likely given the circumstances, and help the medical experts in the early detection of anemia 

and therefore increase the survival rate of children. The ability to estimate illness status is crucial 

for establishing policies for community health services, and allocating the resources. 

The disease status has been predicted using predictive models like K-Nearest Neighbor, Logistic 

Regression, Random Forest, Support Vector Machine, and Decision Tree. However, very few 

studies have applied machine learning in predicting anemia among under five years children in 

Rwanda. 

Compared to traditional statistical methods, machine learning provides opportunities to 

automatically discover regularities from the data and help to get more accurate prediction results. 
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Therefore, this study is required to determine the main risks connected to childhood anemia in 

Rwanda and to develop predictive models using machine learning to make more precise 

forecasts. 

The purpose of this research is to identify risk variables connected to childhood anemia and use 

machine learning techniques on the RDHS 2019–20 dataset to predict its status. 

1.3 Objective of Study 

1.3.1 General Objective 

 
Using machine learning approaches based on the RDHS 2019–20 dataset, the overall goal is to 

identify the risk variables and predict anemia among those under five years of Rwandan children. 

1.3.2 Specific Objectives 

 
 To determine the key variables influencing childhood anemia in Rwanda. 

 To build different predictive models for anemia using machine learning based on 

RDHS 2019-20. 

 To compare the results of the models for predicting anemia among children. 

 
1.4 Research Questions 

 
 What are the risk variables connected to anemia in under five years children? 

 What are the performances of the predictive models for anemia among under five 

years children? 

 Which model is performing better compared to others in predicting childhood 

anemia? 

1.5 Justification and Significance of Study 

 
The health of pregnant women and children under five is particularly affected by the worldwide 

health issue of anemia, which has serious effects on their well-being. Anemia affects children 

under five more severely in Rwanda than it does in pregnant women, according to the RDHS 

2019–20 (37% and 25% respectively). The above facts attracted me to conduct this study. 
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Identifying the main causes and predicting anemia in under five years children in Rwanda will 

facilitate the Ministry of Health to implement intervention programs to fight against those factors 

and provide early treatment to children before they get sick, and this will reduce the percentage 

of children suffering from anemia in Rwanda. Furthermore, this study adds value to the 

understanding of the problem of anemia in under five years children in Rwanda and will assist 

the researchers in current evidence about anemia among children in Rwanda. 

1.6 Scope and Limitation of Study 

 
The purpose of this study is to identify the factors affecting childhood anemia in Rwanda by 

using the Kids Records (KR) file selected from RDHS 2019-20 dataset. After identifying the 

main causes, the prediction was done based on the identified factors using machine learning 

models. Different models were utilized including K-Nearest Neighbor, Logistic Regression, 

Random Forest, Support Vector Machine, and Decision Tree models. To determine which model 

performs better than others in predicting under five years old anemia in Rwanda, several 

evaluation metrics, including Area Under the Curve (AUC), Confusion Matrix, Recall, 

Accuracy, F1 Score, and Precision were used. 

1.7 Organization of Study 

 
The five chapters that make up this study. The study's background information, significance, and 

goal are all presented in the first chapter. Chapter two reviews the relevant studies on risk factor 

identification and the use of ML techniques in the prediction of childhood anemia. The third 

chapter presents the case study and outlines the procedures used to identify the factors affecting 

anemia in under five years children in Rwanda. The results from chapter three are explained in 

chapter four. The fifth chapter concludes with the findings and offers suggestions for the future. 
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CHAPTER TWO. LITERATURE REVIEW 

 
2.1 Theoretical Review 

 
As stated by WHO, anemia occurs when there is a low concentration of hemoglobin in the body 

(below 110 grams per liter). Hemoglobin binds oxygen due to the iron it contains. The body's 

cells need oxygen carried by hemoglobin to make energy. Low hemoglobin levels influence the 

crucial operation of organs like the heart and lungs because fewer oxygen levels enter to sustain 

the operations of the body. Additionally, since hemoglobin carries oxygen throughout the body 

and oxygen helps the body produce energy, fatigue is one of the earliest signs of anemia 

(Danquah et al., 2013) 

Anemia prevalence has been assessed by the WHO to determine the severity of the issue and the 

need for interventions. The table below lists the importance of anemia for public health based on 

population prevalence(De Benoist et al., 2008). 

 

Presence of anemia (%) Significance grouping for public health 

Less than 4.9 No issue with public health 

Between 5.0 and 19.9 Minor public health issue 

Between 20.0 and 39.9 The public health issue of moderate severity 

Greater than or equal to 40.0 Serious issue with public health 

Table 1: Classification of anemia's importance to public health 

Several variables, including sex, age, weight, ethnicity, household head's educational level, and 

region of residence were identified as factors affecting childhood anemia according to a study by 

(Keokenchanh et al., 2021). The younger children between the ages of 6 to 11 months were 

reported to be affected by anemia (72.6%) more than the older ones. Anemia was high in those 

who had both fever (49.4%) and diarrhea (49.2%) in the two weeks before the survey. 

Furthermore, there was a presence of anemia in children with illiterate, younger, and female 

household heads than in children with educated, older, and male household heads. 

Additionally, the study on the geographical variation and factors influencing childhood anemia 

in Ethiopian kids between the ages of 6 to 59 months discovered a strong relationship between 
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anemia and the income index, religion, child age, the presence of anemia in the mother, the 

number of under five years children living in the home, employment position of the mother, 

stunting and a recent two-week fever(Jember et al., 2021). According to the researchers of that 

study, children older than 12 months are prone to anemia less frequently than those aged 6 to 11 

months, and this is because older children are more likely to eat foods like meat, fish, chicken, 

and cereals that are high in iron. The prevalence of anemia was found to be unaffected by gender 

(Panchal et al., 2022). However, the researchers who examined the RDHS 2010 discovered that 

the frequency of anemia was almost 6% higher in boys with more than twice high in the 

youngest age group than in the oldest age group. All three factors remained significantly 

correlated with anemia when age group, gender, and malaria status were included in a single 

logistic regression model (Nkulikiyinka et al., 2015). 

2.2 Conceptual Framework 

 
Using the conceptual framework that the researchers created (shown in Figure 1) based on the 

literature, The factors that are connected to anemia in children between the ages of 6 to 59 

months are in three categories: background characteristics (place of residence and region), child 

characteristics (birth weight, age, birth order, sex, and stunting), and mother characteristics 

(education level, age, employment status, marital status, and wealth status), which have an 

indirect impact on anemia prevalence by affecting the child's birth weight (Kasonde et al., 2021). 
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Figure 1: Anemia's conceptual foundation among children 

2.3 The factors that influence anemia in Under five years old children 

 
A study on Anemia risk factors in under five years children in Sub-Saharan African Countries 

classified the determinants of anemia as Parental/household, neighborhood, or community, and 

child-related factors; comorbidities (including diarrhea, acute respiratory infection, and fever), 

maternal education, Age, sex, birth order, mother's anemia status, malnutrition or stunting, 

maternal age, place of residence, and household affluence were among the factors that 

researchers discovered (Obasohan et al., n.d.). 

A previous study carried out in Guguftu, South Wollo, Northeast Ethiopia used Multivariate 

logistic regression in identifying the factors for anemia in under five years children and its 

frequency. The findings revealed that underweight children, children in the ages of 6 to 11, 12 to 

23 months, lived in an urban area, had complementary foods introduced to them early (before 6 

months), who had mothers with no formal education or only primary education, and who came 
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from a low-income family were more likely to become anemic (Gebreweld Id et al., 2019). 

Anemia in under-five children was found to be predicted by low birth weight, dietary variables 

(poor or not eating foods high in iron such as meat, fruits, and vegetables), and drinking milk in 

the Arusha district of Tanzania. It was discovered that raising community awareness of the 

benefits of feeding the baby only breast milk and introducing supplementary meals, teaching 

mothers and other caregivers about nutrition in general, and exploring the addition of 

micronutrient powder to supplementary meals to increase their nutritional value could all help to 

reduce childhood anemia in the Arusha district of Tanzania (Kejo et al., 2018). 

Anemia in children between the ages of 6 to 59 months in Ethiopia was studied to determine its 

geographic pattern and contributing factors. It was discovered that anemia varied geographically 

depending on the region, which may have been caused by dietary preferences, the prevalence of 

infectious diseases, the soil's mineral composition, or access to medical facilities; the occurrence 

of anemia was significantly different due to both community- and individual-level variables, the 

likelihood of being anemic was higher in those who were younger, had fathers with little 

education, was from mothers with anemia, lived in the quintile with the least income, were 

infected, and children with growth delays. About 57 percent of this difference was caused by 

these community- and individual-level variables (Eshete et al., 2022). 

Moreover, different predictors of Anemia in Nigerian children between the ages of 6 to 59 

months have been categorized as individual (related to the child) predictors, household, and 

geographic predictors. The identified significant child-related determinants include age group, 

gender, length of nursing, deworming status, consumption of iron supplements, Malaria's 

concomitant conditions, acute respiratory infection, fever, and undernourishment; related to 

household predictors, the age of the mother, the maternal education level, and household wealth 

quintile were identified; the regional predictors were reportedly greater in the primarily 

agricultural zone than in the pastoral region. (Obasohan et al., 2022). The regional results, 

however, were at odds with (Mohammed et al., 2019), who claimed that children in the 

agricultural region have high hemoglobin levels than the pastoral region children as a result of 

the pastoral region's high malaria prevalence. 
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2.4 Empirical Review of Study 

 
Linear Discriminant Analysis (LDA), Classification and Regression Trees (CART), Random 

Forest, K-nearest neighbors, Support Vector Machines, and logistic regression were used for 

predicting childhood anemia in Bangladesh Based on Bangladesh Demographic and Health 

Survey (BDHS) dataset. The Random Forest was identified as the best-performing algorithm 

than others with 68.53% accuracy, 70.73% sensitivity, 66.41% specificity, and an AUC of 

0.6857(Khan et al., 2019). Decision Tree, Naive Bayes, and Random Forest algorithms were 

used based on complete blood count (CBC) data from pathology centers to predict anemia. The 

accuracy results demonstrated that the Naive Bayes method outperformed the decision tree and 

random forest (Jaiswal et al., 2019). 

Additionally, to classify anemia and malaria using health data determinants, Artificial Neural 

Networks (ANN), SVM, KNN, RF, and Naive Bayes were used. When their performance was 

evaluated, it was found that Artificial Neural Networks predicted malaria and anemia with the 

highest levels of accuracy (94.74% and 84.17%) (Sow et al., 2020). 

Cross-sectional research in a hospital was carried out to predict anemia in children between the 

ages of 6 to 36 months in Jammu. Several ML algorithms, including LDA, CART, KNN, RF, 

and LR, were developed. By comparing their predictions, Random Forest showed the best 

prediction accuracy (Gupta et al., 2020). 
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CHAPTER THREE. METHODOLOGY 

 
3.1 Study Design 

 
The RDHS, which is a cross-sectional, nationally representative survey, served as the foundation 

for the cross-sectional study design used in the current study. To identify the risk variables 

connected to anemia in under five years children, bivariate and multivariate analyses were used. 

K-Nearest Neighbor, Logistic Regression, Random Forest, Support Vector Machine, and 

Decision Tree were five distinct models used to make the prediction. ML methods provide 

advantages over statistical methods in disease prediction, as it helps to extract hidden patterns 

from the data without human intervention and get more accurate prediction results. Predicting 

anemia in under five years children will aid medical professionals in the early detection of 

anemia and, as a result, raise the survival rate of children. 

The Area Under the Curve (AUC), Confusion Matrix, Recall, Accuracy, F1 Score, and Precision 

were used to determine which model is performing better than others in predicting childhood 

anemia in Rwanda. 

3.2 Data source 

 
The study's data set came from the cross-sectional, nationally representative Survey (RDHS 

2019-20), which was carried out in Rwanda. For the 2019–20 RDHS, data were specifically 

collected on breastfeeding practices, maternal and child health, adult and pediatric mortality, 

nutritional status of women and children, fertility, domestic violence, women's empowerment, 

family planning knowledge and use, knowledge and behavior regarding HIV/AIDS and other 

STIs, as well as other health-related issues like smoking. Anemia, malaria, HIV, and a few 

micronutrient markers were also examined for prevalence. 

The process of collecting data took place between November 9, 2019, and July 20, 2020. 

However, it was suspended from March 21 to June 7, 2020, due to the statewide lockdown 

brought on by the coronavirus pandemic (COVID-19). 13,005 households in total, 2,913 of 

which are urban and 10,092 of which are rural, made up the sample. 12,951 of the 13,005 

households were inhabited, and 12,949 of those households had successful interviews. In this 
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study, the Kids Records (KR) file from RDHS 2019-20 dataset was used, which contains 

information for children 6-59 months, with 1216 variables and 8092 records. 

3.3 Study Variables 

 
The RDHS 2019-20 KR file contains 1216 variables with 8092 records. The study did not 

incorporate all variables. We chose the factors for the analysis based on earlier relevant studies 

that identified various predictors of childhood anemia. The following is a table showing the 

variables used in this study. 

 

Variable name Counts Percent 

Region   

Kigali 377 11.61 

South 747 23.01 

West 821 25.29 

North 529 16.3 

East 772 23.78 

Residence   

Urban 699 21.53 

Rural 2547 78.47 

Highest educational level   

No primary 349 10.75 

Primary 2140 65.93 

Secondary 600 18.48 

Higher 157 4.84 

Sex of household head   

Male 2464 75.91 

Female 782 24.09 

Wealth index   

Poorest 749 23.07 

Poorer 664 20.46 

Middle 617 19.01 
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Richer 611 18.82 

Richest 605 18.64 

Marital status   

Never in union 281 8.66 

Married 1708 52.62 

Living with partner 1010 31.12 

Widowed 48 1.48 

Divorced 63 1.94 

Separated 136 4.19 

Respondent’s occupation   

Not working 568 17.5 

Professional/technical/managerial 108 3.33 

Clerical 20 0.62 

Sales   

Agricultural-self employed   

Agricultural-employee 1333 41.07 

Household and Domestic 28 0.86 

Services 343 10.57 

Skilled manual 76 2.34 

Unskilled manual 770 23.72 

Sex of child   

Male 1639 50.49 

Female 1607 49.51 

Anemia status of the mother   

Not anemic 2863 88.2 

Anemic 383 11.8 

Had diarrhea recently   

No 2738 84.35 

Yes, in the last 2 weeks 508 15.65 

Had fever in last 2 weeks   

No 2609 80.38 
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Yes 637 19.62 

Child’s age in months   

6-11 401 12.35 

12-23 736 22.67 

24-35 740 22.8 

36-47 695 21.41 

48-59 674 20.76 

Woman’s age in years   

15-19 42 1.29 

20-24 422 13 

25-29 732 22.55 

30-34 891 27.45 

35-39 740 22.8 

40-44 342 10.54 

45-49 77 2.37 

Child’s weight in kg   

3-8 206 6.35 

8-13 1688 52 

13-18 1258 38.76 

18-23 94 2.9 

Birth weight in kg   

0 - 2.5 201 6.19 

2.5 - 4 2601 80.13 

>=4 444 13.68 

Anemia status   

Not anemic 2059 63.43 

Anemic 1187 36.57 

 

Table 2: Variables used in the study 
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3.4 Study sample size 

 
The KR file consists of 8092 records for children 6 to 59 months old, recorded from mothers age 

d 15 to 49, based on the KR file of RDHS 2019-20. After removing the missing values and outlie 

rs, 3246 records were used as the sample size in this study. 

3.5 Data Pre-processing 

 
To reduce prediction errors and improve efficiency, careful cleaning of the dataset is needed. 

Data pre-processing is a task that includes the preparation and transformation of raw data into a 

suitable format for transmission to an ML model. It involves four main stages namely, data 

cleaning, data reduction or dimension reduction, data transformation, and data integration 

(Alasadi & Bhaya, 2017). Data cleaning is the first step in data preprocessing which is done to fill in 

the incomplete values, smooth the noisy data, eliminate the outliers, and fix the discrepancy. The KR 

file used in the study was not completely accurate and error-free. We performed data cleaning on 

the dataset for the treatment of the null values and outliers. 

To improve the performance of the model, it is essential to take the most significant and vital 

variables and limit the number of features before developing the predictive models. By using 

bivariate and multivariate analysis approaches we identified the main variables contributing to 

anemia in under five years children. Selected attributes were then used to build ML predictive 

models. 

3.6 Building Predictive Models 

 
Predicting anemia status in under five years Rwandan Children; LR, DT, RF, SVM, and KNN 

models have been used based on the KR file from RDHS 2019-20 dataset. To train the models 

and evaluate their performance, the train and test data were used. The train data count for 80% of 

the dataset, while the remaining 20% was the test data used for model evaluation. The above- 

mentioned models were chosen because they had been successfully applied in other studies of a 

similar nature and had produced reliable prediction outcomes. Below, we give a quick overview 

of the models that were applied to this investigation. 
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3.6.1 Logistic Regression 

 

Logistic regression falls under the genre of Supervised Learning and is one of the Machine 

Learning algorithms that are most frequently used. It is used to predict the outcome of a 

categorical dependent variable using independent variables. The outcome must therefore be a 

discrete or categorical value such as True or False, 0 or 1, or Yes or No(Hamadi et al., 2020). 

After identifying the significant variables contributing to anemia among children, Logistic 

Regression has been used to provide classification results for anemic and not anemic children 

given the factors. 

3.6.2 Decision Tree 

 

 
A Decision Tree is a supervised ML method used to solve classification and regression 

problems, but mostly it is used for classification-related problems. It is a tree-structured 

classifier, with internal nodes representing the properties of the dataset, branches representing the 

decision-making process, and each leaf node representing the classification outcome. 

It has been used in this research to extract patterns for the prediction of pediatric anemia. It has 

been suggested for use in a variety of domains, including the analysis of medical diseases. We 

employed the Decision Tree classification technique to predict anemia status among under-five- 

year-old children based on several decision rules derived from the independent variables used 

since the target variable of the dataset used is categorial. 

3.6.3 Random Forest 

 

The Random Forest is a supervised ML method used for applications in classification and 

regression. It is an ensemble model meaning that it builds multiple Decision Trees on different 

subsets of the dataset and averages their predictions to make the final and accurate predictions.  

Since the Random Forest technique has been demonstrated to perform better than other 

algorithms used in previous research to predict childhood anemia, it has been used in this work 

to create predictions of anemia in under five years children in Rwanda using the Kids Records 

file of the RDHS 2019–20. 
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3.6.4 Support Vector Machine 

 

The Support Vector Machine is an ML technique designed for classification and regression 

issues (Bansal et al., 2022). The SVM method seeks to provide the best hyperplane, a decision 

boundary that divides the data points into classes and allows us to classify new data points 

correctly. SVM algorithms come in two different varieties. The non-linear type SVM is used 

when the dataset cannot be divided into two classes by a straight line, and the linear type SVM is 

used when the dataset can be divided into two classes by a straight line. 

In this study, the SVM algorithm was used to build classification predictions for anemia among 

under five years children in Rwanda. 

3.6.5 K-Nearest Neighbor 

 

Usually abbreviated as KNN, the K-Nearest Neighbor model is a supervised machine-learning 

approach used to address regression and classification problems. The method is referred to as K- 

Nearest Neighbor (KNN) Classification, where k nearest neighbors are utilized to determine the 

class because it is frequently advantageous to take into account more than one neighbor. 

Examples are categorized in Nearest Neighbor Classification according to the class of their 

closest neighbors (Cunningham & Delany, 2021). 

 

 

3.7 Model Evaluation 

 
Using various evaluation metrics, including Area Under the Curve (AUC), Confusion Matrix, 

Recall, Accuracy, F1 Score, and Precision, the prediction outcomes of the aforementioned 

models were evaluated. The effectiveness of the trained models was assessed using these 

evaluation criteria, and the top model for Rwandan children's anemia prediction was chosen after 

that. 
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3.7.1 Confusion matrix 

 

It is a cross-table that displays the number of actual classification values and predicted 

classification values (Grandini et al., 2020). The columns show the model predictions while the 

rows display the true classifications. The correctly classified values are located on the main 

diagonal of the matrix. A confusion matrix aids in determining which categories are consistent 

with the correct model and which are not. It has the following four fundamental properties, 

according to (Actual, n.d.). 

True Positive (TP): True Positive denotes both a positive actual value and a positive model 

forecast. 

True Negative (TN): The actual value and the predicted value are both negative. 

 
False Positive (FP): The positive outcomes that the model incorrectly predicts as positive to the 

contrary they are negative 

False Negative (FN): False negatives are the negative outcomes that the model incorrectly 

predicts as negative to the contrary, they are positive. 

3.7.2 Accuracy 

 

Accuracy is a metric for evaluating classification models (Kulkarni et al., 2020). The accuracy of 

the model is the proportion of correctly classified values to all values. It can be computed as 

follows: 

 
𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 = 

𝑇𝑃 + 𝑇𝑁 
 

 

𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁 
 

The percentage of all samples that the model successfully classified provides the overall accuracy 

of the model. The issue with the accuracy metric is that it can be misleading when dealing with 

imbalanced datasets because the majority class will have more examples than the minority class, 

allowing even an incompetent model to achieve 95% accuracy. The alternative is to use recall as 

well as precision metrics in the case of imbalanced dataset classification. (Brownlee, n.d.). As a  

result, alternative measures for classifier evaluation were utilized in this work to evaluate the 

classifiers' performance. 
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3.7.3 Precision and Recall 

 

Precision denotes the proportion of identifications that was correct. It enables us to see how 

accurately the model categorizes the positive values. The percentage of positive samples that the 

classifier correctly recognized as positive represents the recall also known as the Sensitivity or 

True Positive Rate (Martin Ward Powers, 2011). 

 
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 = 

 

𝑅𝑒𝑐𝑎𝑙𝑙 = 

𝑇𝑃 
 

 

𝑇𝑃 + 𝐹𝑃 

𝑇𝑃 

 
3.7.4 F1 Score 

𝑇𝑃 + 𝐹𝑁 

 
 

The F1 Score is a metric used to assess the model's efficacy. It can be calculated from the 

confusion matrix by combining precision and recall using the Harmonic mean 

approach(Grandini et al., 2020). 

 
𝐹1 𝑆𝑐𝑜𝑟𝑒 = 

2(𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 ∗ 𝑅𝑒𝑐𝑎𝑙𝑙) 
 

 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙 
 
 

 

To evaluate the models used in this study, F1 Score was among the metrics used. 
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CHAPTER FOUR. RESULTS AND DISCUSSIONS 

 
4.1. Introduction 

 
The results of the bivariate and multivariate logistic regression analysis performed to identify the 

factors affecting anemia in Rwandan children under the age of five are presented in this chapter.  

The findings of K-Nearest Neighbor, Logistic Regression, Random Forest, Support Vector 

Machine, and Decision Tree are also covered in this chapter. Using the Area Under the Curve 

(AUC), Confusion Matrix, Recall, Accuracy, F1 Score, and Precision, we assessed the models'  

performance. The outcomes are also discussed. 

4.2 Characteristics of the study population 

 
This study included 3246 total children, with 2059(63.4%) of them being not anemic, and 

1187(36.6%) being anemic. Most of the anemic children come from Western regions where 42% 

of children are anemic. By residence, children from rural regions are more anemic (38%) than 

those in urban areas (33%). Children from the poorest families are more anemic (42%) than the 

ones from the richest families (30%). Children whose mothers have some levels of anemia are 

more anemic (47%) than those from non-anemic mothers. Children between the ages of 6 to 11 

months are more anemic than older children, and children whose mothers are aged 15-19 years 

are more anemic than those from older mothers. Table 3 shows further details 

4.3. Bivariate analysis of risk factors for anemia in under five years children 

 
The results from the bivariate analysis showed that Region (𝑥2 = 28.86, 𝑝 < 005), residence (𝑥2 = 

5.36, 𝑝 < 005), wealth index (𝑥2 = 21.45, 𝑝 < 005), marital status (𝑥2 = 12.97, 𝑝 < 005), 

respondent’s occupation (𝑥2 = 16.28, 𝑝 < 005), woman’s age (𝑥2 = 24.39, 𝑝 < 005), child weight 

(𝑥2 = 136.03, 𝑝 < 005), child age (𝑥2 = 263.11, 𝑝 < 005), anemia status of the mother (𝑥2 = 20.87, 

𝑝 < 005), had diarrhea recently (𝑥2 = 29.05, 𝑝 < 005), and had fever in last two weeks (𝑥2 = 

20.68, 𝑝 < 005) were strongly correlated with childhood anemia in Rwanda. Table 3 presents the 

results. 



20  

Kigali 131(35.0%) 246(65.0%) 

2.11e-05 

 
Variables 

Anemia Status  
P-value 

 
Region 

 

 
 

 
 
 

 
 
 

 

Residence 
 

Urban 229(33.0%) 470(67.0%) 0.02 

Rural 958(38.0%) 1589(62.0%)  

Highest educational level    

No primary 141(40.0%) 208(60.0%)  

Primary 773(36.0% 1367(36.0%) 
0.168 

Secondary 225(38.0%) 375(62.0%)  

Higher 48(31.0%) 109(69.0%)  

Sex of household head    

Male 915(37.0%) 1549(63.0%) 0.25 

Female 272(35.0%) 510(65.0%)  

Wealth index    

Poorest 315(42.0%) 434(58.0%) 0.0002 

Poorer 248(37.0%) 416(63.0%)  

Middle 231(37.0%) 386(63.0%)  

Richer 209(34.0%) 402(66.0%)  

Richest 184(30.0%) 421(70.0%)  
 

  Marital status  

Never in union 107(38.0%) 174(62.0%) 0.023 

Anemic 

N (%) 

Not anemic 

N (%) 

South 239(32.0%) 508(68.0%) 

West 348(42.0%) 473(58.0%) 

North 214(40.0%) 315(60.0%) 

East 255(33.0%) 517(67.0%) 
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Married 605(35.0%) 1103(65.0%)  

Living with partner 402(40.0%) 608(60.0%)  

Widowed 16(33.0%) 32(67.0%)  

Divorced 22(35.0%) 41(65.0%)  

Separated 35(26.0%) 101(74.0%)  

Respondent’s occupation    

Not working 234(41.0%) 334(59.0%) 0.022 

Professional/technical/managerial 26(24.0%) 82(76.0%)  

Clerical 

Sales 

Agricultural-self employed 

8(40.0%) 12(60.0%)  

Agricultural-employee 483(36.0%) 850(64.0%)  

Household and Domestic 7(25.0%) 21(75.0%)  

Services 119(35.0%) 224(65.0%)  

Skilled manual 23(30.0%) 53(70.0%)  

Unskilled manual 287(37.0%) 483(63.0%)  

Sex of child 
   

Male 620(38.0%) 1019(62.0%) 0.14 

Female 567(35.0%) 1040(65.0%)  

Anemia status of the mother    

Not anemic 1006(35.0%) 1857(65.0%) 4.9e-06 

Anemic 181(47.0%) 202(53.0%)  

Had diarrhea recently    

No 947(35.0%) 1791(65.0%) 7.05e-8 

Yes, in the last 2 weeks 240(47.0%) 268(53.0%)  

Had fever in last 2 weeks    

No 904(35.0%) 1705(65.0%) 5.42e-6 

Yes 283(44.0%) 354(56.0%)  

Child’s age in months    
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6-11 270(67.0%) 131(33.0%) 9.7e-56 

12-23 331(45.0%) 405(55.0%)  

24-35 229(31.0%) 511(69.0%)  

36-47 194(28.0%) 501(72.0%)  

48-59 163(24.0%) 511(76.0%)  

  Woman’s age in years  

15-19 25(60.0%) 17(40.0%) 0.0004 

20-24 182(43.0%) 240(57.0%)  

25-29 275(38.0%) 457(62.0%)  

30-34 313(35.0%) 578(65.0%)  

35-39 261(35.0%) 479(65.0%)  

40-44 109(32.0%) 233(68.0%)  

45-49 22(29.0%) 55(71.0%)  

  Child’s weight in kg  

3-8 128(62.0%) 78(38.0%) 2.7e-29 

8-13 701(42.0%) 987(58.0%)  

13-18 337(27.0%) 921(73.0%)  

18-23 21(22.0%) 73(78.0%)  

Birth weight in kg    

0 - 2.5 84(42.0%) 117(58.0%) 0.26 

2.5 - 4 946(36.0%) 1655(64.0%)  

>=4 157(35.0%) 287(65.0%)  

 

Table 3: Bivariate analysis of risk factors of anemia among under five years children 
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4.4 Multivariate analysis of risk factors for anemia in under five years 

children 

 
Using a multivariate analysis, the risk factors for anemia in children under the age of five years 

were identified. The results showed that wealth index [OR=0.89, 95% CI (0.84-0.94), p<0.05], c 

hild age [OR=0.65, 95% CI (0.61-0.69), p<0.05], anemia status of the mother [OR=1.77, 95% CI 

(1.41-2.21), p<0.05], and had diarrhea recently before the survey [OR=1.14, 95% CI (1.03-1.26), 

p<0.05] were the identified factors. Children from the richest family [OR=0.59, 95% CI (0.43-0. 

8), p<0.05] had fewer odds to be anemic than those from the poorest family. A child's likelihood 

of being anemic decreases with age. The older children in the ages of 48 to 59 months [OR=0.13, 

95% CI (0.08-0.19), p<0.05] are less likely to be anemic than younger children in the ages of 6 to 

11 months. Children whose mothers are anemic [OR=1.82, 95% CI (1.45-2.3), p<0.05] had 82% 

more risks of being anemic than those whose mothers are not anemic. Children who had diarrhea 

within the two weeks before the survey [OR=1.23, 95% CI (0.99-1.5), p<0.05] had more risks of 

being anemic than those who did not have diarrhea. Table 4 illustrates the results 

 

Variables Odds 
ratio 

95% CI P-Value 

  Lower Upper  

Region     

Kigali 1    

South 0.72 0.52 0.98 0.039 

West 1.27 0.94 1.7 0.119 

North 1.21 0.87 1.67 0.248 

East 0.86 0.63 1.17 0.341 

Residence     

Urban 1    

Rural 1.1 0.88 1.4 0.378 

Wealth index     

Poorest 1    
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Poorer 0.73 0.58 0.92 0.010 
Middle 0.75 0.59 0.95 0.021 

Richer 0.65 0.50 0.84 0.001 

Richest 0.59 0.43 0.8 0.001 

Marital status     

Never in union 1    

Married 1.12 0.82 1.53 0.482 

Living with partner 1.21 0.89 1.64 0.208 

Widowed 0.9 0.44 1.86 0.792 

Divorced 1.13 0.61 2.07 0.690 

Separated 0.66 0.4 1.07 0.095 

Respondent’s occupation     

Not working 1    

Professional/technical/managerial 0.56 0.34 0.95 0.031 

Clerical 1.11 0.41 3.02 0.832 

Sales     

Agricultural-self employed     

Agricultural-employee 0.83 0.66 1.04 0.106 

Household and Domestic 0.57 0.23 1.45 0.243 

Services 0.95 0.7 1.29 0.770 

Skilled manual 0.64 0.37 1.12 0.124 

Unskilled manual 0.78 0.61 1.01 0.065 

Anemia status of the mother     

Not anemic 1    

Anemic 1.82 1.45 2.3 0.000 

Had diarrhea recently     

No 1    

Yes, in the last 2 weeks 1.23 0.99 1.5 0.05 

Had fever in last 2 weeks     
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6-11 1 

No 1 

Child’s age in months 

12-23 0.35 0.26 0.47 0.000 
 

24-35 0.18 0.13 0.25 0.000 

36-47 0.16 0.11 0.23 0.000 

48-59 0.13 0.087 0.19 0.000 

Woman’s age in years     

15-19 1    

20-24 0.56 0.28 1.14 0.114 

25-29 0.52 0.26 1.05 0.069 

30-34 0.51 0.25 1.02 0.059 

35-39 0.53 0.26 1.08 0.084 

40-44 0.47 0.23 0.99 0.047 

45-49 0.39 0.16 0.93 0.035 

Child’s weight in kg     

3-8 1    

8-13 1.27 0.87 1.85 0.201 

13-18 1.37 0.88 2.15 0.162 

18-23 1.39 0.7 2.76 0.342 

Table 4: Multivariate analysis of risk factors of anemia among under five years children 

4.5 Predicting Anemia in under five years Children in Rwanda 

 
Before building predictive models, the feature selection technique was used to identify the most 

relevant variables linked to anemia in children under the age of five years children. The 

identified features were used in predicting anemia among under five years children in Rwanda. 

We have used five machine learning models, and six evaluation metrics to compare their 

performance. Below are presented the results obtained from the classifiers. 

Yes 1.18 0.97 1.44 0.089 
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4.5.1 Logistic Regression 

 

The results show that Logistic regression has an accuracy of 63% which means that 63% of the 

total predictions are accurate. Precision and recall are 64% and 63% respectively. It implies that 

64% of children who were predicted anemic were anemic. Below are further results presented in 

a table. 

 

Model Accuracy Precision Recall F1 score AUC 
Logistic 
Regression 

0.63 0.64 0.63 0.63 0.63 

 
 

The ROC curve has also been used to help us visualize how well our machine-learning classifiers 

are performing. For logistic regression, The AUC-ROC curve shows that Logistic regression can 

distinguish anemic and not anemic classes at 63 %. The graph is presented below. 

 

 
 

Figure 2: Logistic Regression ROC Curve 
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4.5.2. Decision Tree 

 

The Decision tree is 64% accurate in its prediction results, 64% of predicted anemic children are 

anemic, and the model is wrongly predicting 133 children as not anemic while they have some 

levels of anemia. The results are shown below 

 

Model Accuracy Precision Recall F1 score AUC 
Decision Tree 0.64 0.64 0.64 0.64 0.64 

 
 

 

Figure 3: Decision Tree ROC Curve 

4.5.3 Random Forest 

 
The prediction results of the random forest model are 70% accurate. Precision and recall are 70% 

and 70% respectively. meaning that 70% of predicted anemic children were anemic. 

 

Model Accuracy Precision Recall F1 score AUC 
Random Forest 0.70 0.70 0.70 0.70 0.70 
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Figure 4: Random Forest ROC Curve 

4.5.4 K Nearest Neighbor 

 
The KNN model is 69% accurate in the prediction results as it is shown by its accuracy score. 

The precision score is 79% signifies that 70% of predicted anemic children were anemic. 

 

Model Accuracy Precision Recall F1 score AUC 
KNN 0.69 0.70 0.70 0.70 0.69 

 

 

Figure 5: KNN ROC Curve 
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4.5.5 Support Vector Machine 

 
The results from the analysis show that the SVM model's accuracy is 64%, and the precision and 

recall scores are all 65% respectively. In general, it suggests that the SVM model's prediction 

results are 65% accurate. 

 

Model Accuracy Precision Recall F1 score AUC 
SVM 0.64 0.65 0.65 0.65 0.647 

 
 

 

Figure 6: SVM ROC Curve 

Here is a quick bar chart and the ROC Curves for all the classifiers showing how good the 

classifiers are in their predictions. 
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Figure 7: ROC Curve for the ML models used 

The predictive models above were trained on 80% of the dataset and tested on the remaining 

20% of the dataset. For the test data used, the confusion matrix results show that logistic 

regression correctly classifies 523 children while 301 are the wrong predictions. 

With the Decision Tree classifier, the correct predictions are 531 children, and the wrongly 

classified children are 293. The Random Forest predicted correctly 577 children; however, it 

wrongly predicted 119 children as anemic while they are not anemic, and 128 children predicted 

as not having anemia while they are anemic. The KNN model correctly predicted negative 262 

children, 312 children correctly predicted positive, while 134 and 116 children wrongly predicted 

positive and negative concerning the confusion matrix results. The Support Vector Machine 

correctly predicted 532 children, but 292 children are wrongly predicted. Below is a table 

showing the evaluation metrics results for all the ML models used. 

Evaluation metrics ML models 

LR DT RF KNN SVM 

Accuracy 0.63 0.64 0.70 0.69 0.64 

Precision 0.64 0.64 0.70 0.70 0.65 

Recall 0.63 0.64 0.70 0.70 0.65 

F1 score 0.63 0.64 0.70 0.70 0.65 

AUC 0.63 0.64 0.70 0.69 0.647 

Table 5: Evaluation metrics results for the ML models used 
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4.6 Discussion of the Findings 

 
The purpose of this study is to identify the factors affecting anemia in Rwandan children below 

the age of five. After identifying such factors, the study also predicts anemia status using ML 

models. Referring to the results of the multivariate analysis wealth index, child age, the mother's 

anemia status, and having recently experienced diarrhea were the factors affecting anemia in 

Rwandan children under the age of five. These findings were in line with those of the earlier 

studies(Eshete et al., 2022; Obasohan et al., 2022). 

The evaluation metrics used reveal that the Random Forest model outperforms the other ML 

models for prediction. For the 20% test data used, the Random Forest model correctly predicted 

negative 277 children, and 300 children correctly predicted positive, however, 119 and 128 

children wrongly predicted positive and negative. It was found that Random Forest provided 

70% accurate results with a precision of 70%, recall of 70%, f1 score of 70%, and AUC of 70%. 

These results collaborated with the previous studies(Gupta et al., 2020; Khan et al., 2019). The 

results from predictive models show that Logistic Regression achieved an accuracy of 63% with 

64% precision, 63% recall, and 63% f1 score and AUC. It provided 253 and 270 children as the 

correct predictions for not anemic and anemic children. It has wrongly predicted 143 children as 

anemic while they are not, and 158 children as not anemic while they are anemic. Decision Tree 

provided the accuracy of 64%, 64% precision, and 64% of recall, f1 score, and AUC. Those 

results lead to the correct predictions of 236, not anemic children, and 295 were predicted 

correctly as anemic children. The results also show that it has wrongly predicted 133 anemic 

children as not having anemia, and 160 children were wrongly predicted as anemic while they 

don’t have anemia. The Random Forest predicted correctly 577 children; however, it wrongly 

predicted 119 children as anemic while they are not anemic, and 128 children predicted as not 

having anemia while they are anemic. The KNN model correctly predicted negative 262 

children, 312 children correctly predicted positive, while 134 and 116 children wrongly predicted 

positive and negative concerning the confusion matrix results. The Support Vector Machine 

correctly predicted 532 children, but 292 children are wrongly predicted. By analyzing the 

effectiveness of the predictive ML models using the assessment metrics, it was discovered that 

the Random Forest offered the greatest scores when compared to others used in this study. 
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CHAPTER FIVE. CONCLUSION AND RECOMMENDATIONS 

 
5.1 Conclusion 

 
The purpose of this study is to identify the factors affecting anemia in Rwandan children below 

the age of five and predicts its status using ML techniques. Such factors were identified using 

bivariate and multivariate logistic regression. The findings revealed that the anemia status of the 

mother, wealth index, child age, and having recently experienced diarrhea before the survey were 

the risk variables linked to anemia in under five years children in Rwanda. 

After identifying the risk factors, K-Nearest Neighbor, Logistic Regression, Random Forest, 

Support Vector Machine, and Decision Tree were used for prediction. We have trained the 

predictive models on 80% of the dataset and tested them on 20% of the dataset. Different 

evaluation metrics including Area Under the Curve (AUC), Confusion Matrix, Recall, Accuracy, 

F1 Score, and Precision have been used to evaluate the performance of the model and choose the 

best in predicting anemia in under five years children in Rwanda. it was discovered that the 

Random Forest offered the greatest scores when compared to other models that have been used 

in this research in predicting anemia in children below the age of five in Rwanda using the 

RDHS 2019/2020 KR dataset. 

5.2 Recommendation and further work 

 
The findings of this research will help academics in understanding the problem of anemia in 

young children in Rwanda by providing them with up-to-date data. To combat the identified risk 

factors, the Ministry of Health can use the study's findings to establish intervention programs. 

Random Forest identified as the best classifier will be used to predict anemia among under five 

years children in Rwanda which will facilitate providing early treatment to children before they 

get sick, and this will reduce the percentage of children suffering from anemia in Rwanda. 

The dataset used in this study is RDHS 2019-20 KR file which contains information for under 

five years children. I would suggest other researchers use different RDHS data taken at different 

times to see how anemia is affecting under five years children in Rwanda over time. 
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As this study used only K-Nearest Neighbor, Logistic Regression, Random Forest, Support 

Vector Machine, and Decision Tree, I am suggesting other researchers use more ensemble ML 

models like XGBoost and GradientBoosting because it was found that ensemble models provide 

good results than a single model. It will be also important to focus on time series machine 

learning models to analyze anemia among children in Rwanda over time. 
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