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Abstract

Introduction Pneumonia is the leading cause of child morbidity and mortality and accounts for 5.6 million under-
five child deaths. Pneumonia has a significant impact on the quality of life, the country’s economy, and the survival
of children. Therefore, this study aimed to develop data-driven predictive model using machine learning algorithms
to predict pneumonia and stratify the determinant factors among children aged 6-23 months in Ethiopia.

Methods A total of 2035 samples of children were used from the 2016 Ethiopian Demographic and Health Survey
dataset. Jupyter Notebook from Anaconda Navigators was used for data management and analysis. Important librar-
ies such as Pandas, Seaborn, and Numpy were imported from Python. The data was pre-processed into a training

and testing dataset with a 4:1 ratio, and tenfold cross-validation was used to reduce bias and enhance the models’
performance. Six machine learning algorithms were used for model building and comparison, and confusion matrix
elements were used to evaluate the performance of each algorithm. Principal component analysis and heatmap func-
tion were used for correlation detection between features. Feature importance score was used to identify and stratify
the most important predictors of pneumonia.

Results From 2035 total samples, 16.6%, 20.1%, and 24.2% of children had short rapid breath, fever, and cough
respectively. The overall magnitude of pneumonia among children aged 6-23 months was 31.3% based on the 2016
EDHS report. A random forest algorithm is the relatively best performance model to predict pneumonia and stratify
its determinates with 91.3% accuracy. The health facility visits, child sex, initiation of breastfeeding, birth interval,

birth weight, husbands’education, women’s age, and region, are the top eight important predictors of pneumonia
among children with important scores of more than 5% to 20% respectively.

Conclusions Random forest is the best model to predict pneumonia and stratify its determinant factors. The implica-

tions of this study are profound for advanced research methodology, tailored to promote effective health interven-
tions such as lifestyle modification and behavioral intervention, based on individuals’ unique features, specifically

*Correspondence:

Addisalem Workie Demsash

addisalemworkie599@gmail.com

Full list of author information is available at the end of the article

©The Author(s) 2025, corrected publication 2025. Open Access This article is licensed under a Creative Commons Attribution-NonCom-
mercial-NoDerivatives 4.0 International License, which permits any non-commercial use, sharing, distribution and reproduction in any
medium or format, as long as you give appropriate credit to the original author(s) and the source, provide a link to the Creative Commons

licence, and indicate if you modified the licensed material. You do not have permission under this licence to share adapted material
derived from this article or parts of it. The images or other third party material in this article are included in the article’s Creative Commons
licence, unless indicated otherwise in a credit line to the material. If material is not included in the article’s Creative Commons licence and
your intended use is not permitted by statutory regulation or exceeds the permitted use, you will need to obtain permission directly from
the copyright holder. To view a copy of this licence, visit http://creativecommons.org/licenses/by-nc-nd/4.0/.


http://creativecommons.org/licenses/by-nc-nd/4.0/
http://crossmark.crossref.org/dialog/?doi=10.1186/s12879-025-10916-4&domain=pdf

Demsash et al. BMC Infectious Diseases (2025) 25:647

Page 2 of 19

for stakeholders to take proactive childcare interventions. The study would serve as pioneering evidence for future
research, and researchers are recommended to use deep learning algorithms to enhance prediction accuracy.

Keywords Data-driven, Prediction Model, Pneumonia, Children, Machine learning

Introduction

Pneumonia is an infectious disease caused by viruses
and bacteria that commonly affect the respiratory
organs [1]. Though pneumonia can cause mild to
severe illness in people of all ages, it is the most signifi-
cant infectious disease and cause of death in children
worldwide [2]. Globally, pneumonia is the leading cause
of child death and accounts for 5.6 million under-five
child deaths [3]. The annual incidence of clinical pneu-
monia in under-five children is approximately 152 mil-
lion globally [4]. Approximately 156 million cases of
pneumonia occurred among children, of which 151
million episodes of pneumonia are found in develop-
ing countries, and 1.2 million pneumonia cases last in
death [5]. Pneumonia combined with malaria, diarrhea,
and HIV/ADIS cases accounted for 1 million child
deaths around the world [3].

In most developing countries, the mortality rates
of children range from 60 to 100 per 1000 live births,
and 20% of child deaths are caused by pneumonia [6].
Nearly 172 under-five child deaths from a total of 1,000
live births occur in sub-Saharan African countries [7].
Pneumonia and its complications are very common in
LMICs. For instance, a systematic review and meta-
analysis of pneumonia among under-five children in
East Africa is 34% [5]. A study from Nigeria states that
54.3% of children have pneumonia case and heart fail-
ure complication [8]. Based on the national surveillance
report of Uganda, the incidence of severe pneumonia is
108 per 100,000 children under five years in 2022 [9]. In
Burkina Faso, 21% of children aged 12 months, and 15%
of children aged 1-4 years were confirmed for severe
pneumonia from a total of 17% of pneumonia cases
identified from a total of 2843 patients [10].

In Ethiopia, pneumonia is a major risk factor for
child morbidity and mortality. An estimated 3,370
children encounter pneumonia annually, and over
40,000 children’s deaths are affected by pneumonia
[11]. More than pneumonia infections and associated
deaths, pneumonia has a significant clinical and eco-
nomic burden, on the access and utilization of health-
care resources [12]. Pneumonia infection affects the life
expectancy of the populations [13], and significantly
lowers the quality of life [14]. Studies from different
regions of Ethiopia show that the prevalence of pneu-
monia is 30% in the Gamo zone of the southern region
[7], 18.5% in Northwest Amhara region [15], 18.1% of

caprine pleuropneumonia case in Gambela region [16],
and 285 children are admitted for severe pneumonia in
the Tigray region [17].

Among the factors that affect pneumonia infectious
and prevalence, nonexclusive breastfeeding [7], age of
children [18], vaccine inaccessibility and incomplete-
ness, environmental conditions [19], air pollution, food
insecurity, undernutrition, and micronutrient deficiency
[20] are significant risk factors for pneumonia [21, 22].
Parents’ educational status, wealth status [23], place of
residency, place of delivery, birth interval, birth order, age
of children, and vaccination during and after pregnancy
are also predictors for pneumonia infection among chil-
dren [24]. Following the World Health Organization’s
Integrated Management of Childhood Illness recom-
mendations [25], Ethiopia introduced community-based
pneumonia screening and treatment to control and
minimize the risk of pneumonia [7, 26]. Moreover, child
vaccinations [27], nutritional supplementations [28],
environmental hygiene, and sanitation services [29] are
provided to reduce the risk of pneumonia.

Regardless of the efforts made to reduce pneumo-
nia infections, the problem and risks of pneumonia and
its complications among children are increasing. For
instance, a study shows that children less than 24 months
have a higher frequency of complications associated with
pneumonia [8]. This shows that pneumonia is a serious
public health problem among young children [30].

Even if many studies have been done about pneumo-
nia and its associated factors, little is known and inves-
tigated about pneumonia case prediction, pneumonia
development after respiratory tract infection [31], risk
factors stratification, and pneumonia prediction using a
large dataset [32]. Additionally, the previous studies are
affected by recall bias, have temporal relationships as
data is not managed using advanced data management
techniques such as machine learning techniques, and
lack representativeness as data have been acquired from
selected institutions or communities. Thus, the methods
often fail to provide specific insights, which can lead to
ineffective decision-making in healthcare settings, unable
to capture hidden patterns and complex relationships
between features [33]. Moreover, the traditional analy-
sis methods rely on assumptions, have a static nature in
model building, and are not able to integrate diverse data
sources, which potentially provides misleading results
[34]. Thus, employing machine learning algorithms to
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develop a predictive model for pneumonia and determi-
nant factors stratification among children is crucial for
understanding the prediction magnitude, and determi-
nant factors of pneumonia.

Recently, machine learning algorithms have been
increasingly growing research methods to investigate
large amounts of health data generated from various
health institutions. The algorithms are important for
generating and discovering insights from a large amount
of dataset [32, 35]. The need for a data-driven machine
learning algorithm model for pneumonia prediction
and risk factor stratification among children aged 6-23
months is critical due to the high prevalence of pneu-
monia in this vulnerable age group, which significantly
contributes to child morbidity and mortality. The devel-
opment of tailored algorithms that account for unique
demographic, environmental, and healthcare factors is
essential to effectively address the lack of specific insights
in traditional analysis reports [36]. Leveraging machine
learning can enhance accuracy for problem detection
and provide intervention strategies, ultimately reducing
the burden of pneumonia through timely and targeted
healthcare resources [37].

Moreover, this research can inform public health poli-
cies and improve health outcomes by identifying risk fac-
tors through guiding preventive measures and optimizing
resource allocation in healthcare systems. The findings
would provide evidence for policymakers and stakehold-
ers to take interventions, and work on the predictive fac-
tors. Moreover, this research would serve as input and
state-of-the-art evidence for further similar research
initiatives. Therefore, this study aimed to develop a data-
driven predictive model of pneumonia and determinant
factors stratification among children aged 6-23 months
in Ethiopia.

Methods

Data source

The dataset was accessed from the 2016 Ethiopian Demo-
graphic and Health Survey (EDHS) survey report, availa-
ble from the DHS program website (https://dhsprogram.
com). The Ethiopian Public Health Institute collected the
survey data in collaboration with the Central Statistical
Agency cross-sectionally.

Study design and setting

A cross-sectional study design is used for this study
as long as the data is collected cross-sectionally by the
Ethiopian Public Health Institute. The data was collected
across nine regions and two city administrations of Ethi-
opia. Thus, this study used nationally representative data
to study pneumonia among children aged 6-23 months
in Ethiopia. Ethiopia is located in the Horn of Africa,
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bordered by Eritrea in the north, Kenya in the south,
Sudan in the west, and Djibouti in the east.

Sampling techniques and procedures

The sampling frame used for the 2016 EDHS is a frame
of all Census Enumeration Areas (EAs) created for the
2016 Ethiopia Population and Housing Census and con-
ducted by the Central Statistical Agency. A two-stage
stratified cluster sampling technique was used. First, the
regions were stratified into urban and rural areas. In the
second stage, a household listing operation was used as
a sampling frame for household selection. Finally, a fixed
number of households were selected in each cluster, and
samples of EAs were selected independently in each
stratum.

Study populations

All living children were the source population, and all
sampled living children aged 6-23 months were the study
population. Children aged 6-23 months are more likely
vulnerable to pneumonia incidence and severity, and
many vaccines are administered in this period to prevent
pneumonia infection. Thus, children aged 6-23 months
are included in this study. Based on the set of measure-
ment items of pneumonia and the data management pro-
cess, the children aged 6—23 months have more sufficient
data as compared with children aged below 6 and above
23 months, to provide valid and generalizable reports.
Thus, children under 6 months and above 23 months
were excluded to maximize the validity and generalizabil-
ity of the findings. Details about the methodology of the
data source, sampling procedure, and source population
were presented in the 2016 EDHS report from the Meas-
ure DHS website [38].

Study variables
Dependent variable
Pneumonia among children aged 6-23 months.

Independent variables

Socio-demographic characteristics such as region, resi-
dency, wealth status, educational status of mothers, hus-
bands’ education, mothers’ age, sex, and age of children
were used as sociodemographic characteristics of the
study participants. Place of delivery, health facility visits,
breastfeeding initiation, birth interval, birth order, ANC
visit, working status, and media exposure was also an
independent predictor used to develop a data-driven pre-
dictive model for pneumonia infection among children
aged 6-23 months in Ethiopia.
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Operationalizations

Pneumonia among children

Pneumonia is a dependent variable in this study. The
cough, fever, and short or rapid breaths among children
are used as symptoms of pneumonia. Thus, children
had pneumonia if the children had either one of the
symptoms based on the verbal report of mothers two
weeks before the survey [39].

Birth interval

The period between two successive live births is a birth
interval. For this study, a birth interval of <33 months
between two consecutive live births is a short birth
interval, whereas a birth interval of 33 and above is an
optimum birth interval [40, 41].

ANC visits

These pregnant women who had visited health facilities
for ANC services at most three times are considered
inadequate. Otherwise, the women had adequate ANC
visits [42, 43].

Media exposure

If the mothers had access to either radio or television
or both, then the mothers had media exposure; and if
mothers did not have any means of media access, then
the mothers had no media exposure [44].

Breastfeeding initiation

The baby has early breastfeeding initiation If the child
was provided the mother’s breast milk within 1 h after
birth. Otherwise, late initiation of breastfeeding [34].

Data management and analysis

The dataset was downloaded in STATA format, and the
data cleaning and labeling were done. Jupyter Note-
book in Anaconda Navigator was used for data man-
agement and model building. Important libraries such
as Pandas, NumPy, and Seaborn were imported from
Python software. Python packages such as matplot-
lib and sklearn were used to import important super-
vised machine-learning algorithms for data analysis
and visualization. The missing values, outliers, noise,
and duplication are very common in the dataset and
were checked in the preprocessing stage of the machine
learning concept [45, 46]. The data types of each feature
are converted to numeric data types for ease of out-
lier detection. Missing values, outliers’ detection, and
duplication were detected using isnull(), the threshold
Z score, and duplicated() function respectively. Accord-
ingly, missing values were not detected in the original
data set. The threshold Z score values were computed
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using the mean and variance of each feature. Thus, the
Z score value for each feature ranges from 3 and — 3,
which indicates the absence of outliers in the dataset.
Then all the features which have not any missing values,
outliers, and duplications are retained for further cor-
relation analysis and final feature selections.

Correlation detection and feature selection

For data-driven predictive model development for pneu-
monia, the variable was checked for their dependency
and correlation before the feature selection process to
keep the loss of important variables twice. Managing and
removing the correlated features in the dataset is impor-
tant for the reduction of high dependency between fea-
tures, and improve the model performance [45, 46], and
crucial to focus on the most informative features [47]. In
this study, a heatmap() function was built for correlation
analysis by importing the seaborn library from Python. A
variable that correlated with other variables was dropped
from the dataset. The variables that insignificantly cor-
related were kept for the final important feature selec-
tion and prediction of pneumonia and to stratify the risk
factors among children aged 6-23 months using a more
accurate algorithm. In the heatmap function, features
with a correlation level between 0 and 0.5 are considered
insignificantly correlated, while features with a correla-
tion greater than 0.5 are deemed significantly correlated.
Additionally, a principal component analysis (PCA) was
used for the dimensionality reduction technique that can
reveal relationships among variables by transforming
them into a set of uncorrelated variables [48]. The PCA
divides the dataset into different components and each
component shows how many variations exist in the origi-
nal dataset. The higher variance of a component indicates
that the variables in a component are more likely repre-
sented and show the absence of significant redundancy
or correlation in the dataset.

Methods for Feature Importance Score Measurement

The feature importance score (FIS) is a technique used to
evaluate and order the contribution of each feature in a
model to determine their prediction power for pneumo-
nia among children [49]. It helps to understand which
features are most influential in making predictions, ena-
bling better model interpretation, feature selection, and
insights into the data. A Gini impurity is used to calculate
FIS considering how much a feature impurity is reduced,
and it explains the contribution of each feature to the
prediction for individual instances. In the FIS measure-
ment, variables that have relatively higher Gini Impu-
rity scores are considered as the most important or first
important feature, and the next important features are
stratified based on their order of FIS values.
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Data split and model selection

The datasets were divided into training and testing data-
sets considering the K-fold cross-validation technique for
bias reduction and model performance enhancement.
K-fold cross-validation divides the dataset into nearly
K-equal subsets or folds. The process partitions the data-
set into K folds for the validation set, and the remaining
K- 1 folds for training. The process iterated repeated K
times until the validation set is ensured by either one of
each fold. However, the choice of K is crucial, as smaller
values can lead to high bias and larger values can increase
computational cost. To control such problems, a maxi-
mum of tenfold cross-validation technique was consid-
ered. A total of 2035 records were included for model
development and prediction of pneumonia among chil-
dren aged 6-23 months. To ensure the normalization of
the data, sklearn.preprocessing packages were imported
from Python, and the training and testing dataset was fit-
ted using the MinMaxScaler() function.

From the previous research reports, various machine
learning algorithms such as Naive Bayes, logistic regres-
sion, multilayer perceptron, random forest, decision tree
classifier, support vector machine, and K-nearest neigh-
bor random forest are used for predictive model devel-
opment for different health parameters among various
study populations [34, 50, 51]. In this study, six machine-
learning algorithms are considered, and details about
each algorithm are stated as follows.

Naive Bayes

Naive Bayes is a probabilistic classifier based on
Bayes’theorem, which assumes independence among pre-
dictors [34]. It is widely used in data classification due to
its simplicity and speed, making it suitable for large data-
sets [52]. However, its main limitation lies in the assump-
tion of feature independence, which is often unrealistic in
practice. Additionally, it can struggle with small datasets
and issues related to zero probabilities.

Logistic Regression

Logistic regression is a statistical method used to pre-
dict binary outcomes by modeling the probability that
a given input belongs to a particular category [53]. It is
easy to implement and interpret, providing probabilities
for class membership, which adds significant insight into
the model’s predictions [52]. However, logistic regression
assumes a linear relationship between the features. This
makes it less suitable for complex relationships, limiting
its applicability in certain aspects.

Random Forest
Random Forest is an ensemble learning method that
constructs multiple decision trees and merges them to
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enhance predictive accuracy. By reducing the risk of
overfitting associated with individual trees, Random For-
est is robust and can handle various data types effectively
[37]. It also accommodates missing values and provides
insights into feature importance. However, it can be
computationally intensive and slower than other mod-
els, especially with large datasets, and its complexity may
make it less interpretable compared to single decision
trees.

Decision Tree Classifier

The Decision Tree Classifier is a model that makes deci-
sions based on feature values by creating a tree-like
structure of branches [54]. This approach is straightfor-
ward to understand and interpret, requiring minimal
data preprocessing, as it can handle both numerical and
categorical data. However, decision trees are prone to
overfitting, particularly when they become too complex.
They are also sensitive to small variations in the training
data, which can lead to significant changes in the result-
ing model structure [55].

Support Vector Machine

Support Vector Machine is a powerful supervised learn-
ing model that finds the hyperplane that best separates
classes in a high-dimensional space. It is particularly
effective when there is a clear margin of separation
between classes and is robust against overfitting in high-
dimensional scenarios [35]. Despite its strengths, sup-
port vector machines can be less effective on very large
datasets and require careful tuning of parameters, such
as kernel choice, to achieve optimal performance.

K-Nearest Neighbor

K-Nearest Neighbor is a non-parametric classification
method that assigns a class to an instance based on the
majority class among its k-nearest neighbors in the fea-
ture space [56]. Its simplicity and intuitive nature make
it easy to implement, and it does not require a training
phase, as it merely stores the dataset [37]. However, the
K-Nearest Neighbor is computationally expensive during
prediction, as it calculates distances to all training sam-
ples. It is also sensitive to the choice of distance metric
and the value of k, and its performance can degrade with
high-dimensional data due to the curse of dimensionality.

Model building and evaluation

Model evaluation

The confusion matrix model was used to determine the
algorithm’s performance [57]. The confusion matrix ele-
ments such as true positive, false positive, true negative,
and false negative, and receiver operators’ curve (ROC)
were also used for model evaluation based on sensitivity,
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and specificity relationships. The ROC is based on prob-
ability, the area under the ROC curve (AUC) is crucial to
representing the degree or measure of separability, and
it’s important to differentiate the model’s ability to predict
the classes. Hence, the algorithm with higher AUC values
shows the most accurate algorithm [58]. Moreover, the
accuracy, precision, recall, and f1-measure were used to
determine the machine learning algorithms’performance.
Accuracy measures the overall correctness of the model
to predict pneumonia cases by calculating the ratio of
true results to the total instances of pneumonia. Preci-
sion is vital in pneumonia prediction because high preci-
sion means that the model is reliable in identifying actual
pneumonia cases, and vital when false positives can lead
to unnecessary treatments and healthcare costs. The
model’s ability to identify all pneumonia cases, reflects
how well it captures true positives measured by the recall
and is vital to detect missing pneumonia cases (false
negative), specifically in medical diagnosis, and decline
child morbidity due to pneumonia [59]. F1 Measure pro-
vides a balance between precision and recall, making it
particularly useful in pneumonia prediction where both
false positives and false negatives carry significant risks.
It helps in understanding the balance between false posi-
tives and false negatives, ensuring a comprehensive eval-
uation of model performance for pneumonia prediction
[60]. The mathematical relationship of the performance
measurement indicators is described as follows:

TP + TN
Accuracy = (1)
FP + FN 4+ TP+ TN

Precision = ——— 2
recision = TP & EP 2)
Recall i 3

ecall = ————
TP 4+ EN 3)

Precision * Recall
F1 — score = 2 % — (4)
Precision + Recall

The machine learning workflow for pneumonia predic-
tion begins with data aquation and preprocessing, which
includes cleaning the dataset, removing null values, and
resampling. A random dataset is taken to create a train-
ing and testing dataset. The process involves cross-vali-
dation and hyperparameter tuning to optimize model
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performance. Various machine learning models are then
employed, followed by performance evaluation. The final
step produces predictions regarding pneumonia among
children, confirming the presence or absence of pneu-
monia in each class. The overall methodology flow of the
study is presented in Fig. 1.

Result

Descriptive result

Sociodemographic characteristics of the study participants

A total of 2035 study participants were included for
analysis. Nearly, three-tenth (31.0%) of children’s moth-
ers were under 25-29 years. Nine hundred seventy-seven
(48.0%), and seven out of ten (69.0%) of children’s fathers
and mothers had no formal education respectively. The
majority (43.5) of the respondents were from the Oro-
mia region, and 40.5% were Muslim religious followers.
Nearly three-fourths (67.9%) and 44.6% of children’s par-
ents had no media exposure and were under poor wealth
status respectively. The majority (90.2%) of household
heads were male, and 73.5% of the respondents did not
work during the survey (Table 1).

The characteristics of children and mothers

Most (90.4%) of children were found feeding breast dur-
ing the interview period, and 77.7% initiated their breast-
feeding within one hour after birth. 17.9% and 52.6% of
children had short birth intervals and less than five birth
orders. The majority (52.6%) of children were female,
and 56.1% of the children had received tetanus injections
more than once before birth. The majority of mothers
gave birth at home (67.5%), had inadequate ANC visits
(67.4%), had no health facility visits in the last 12 months
(51.3%) before the survey, and never attended school in
their life (69.0%) till the interview period (Table 2).

Magnitude of pneumonia, fever, cough, and short/rapid
breath among children

As shown in Fig. 2, 16.6%, 20.1%, and 24.2% of children
aged 6-23 months had short or rapid breath, fever, and
cough respectively. The overall magnitude of pneumo-
nia among children aged 6-23 months is 31.3% (95% CI:
29.29%— 33.32%) based on the 2016 EDHS data report.

Correlation matrix and dimensionality reduction

The correlation function analysis indicates the pres-
ence of a significant correlation (90%) between birth
order and women’s age, and 80% between wealth index
and media exposure in the given dataset. The yellow
color indicates the correlation of each predictor with
itself with the value of 100%. The dark and light blue
colors show the relationship between each predictor
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Fig. 1 The workflow of the entire machine methodology in this study

with values ranging from 0 to 0.4 which indicates the
absence of a significant correlation between the predic-
tors (Fig. 3).

Moreover, the principal component analysis before the
dimensionality reduction shows a 54% and 17% variance
for Component 1 and Component 2 respectively. This
means that principal component 1 is approximately 3.2
times more significant to explain the total variance in the
original dataset than principal component 2. Addition-
ally, 54% shows the need for dimensionality reduction in
the dataset. After the dimensionality reduction, principal
component 1 counted 64% power to explain the total var-
iance, and underly the structure of the original dataset is
9 times well repressed by principal component 1 as com-
pared with principal component 2 (Fig. 4).

Data imbalance detection and management

Data imbalance usually occurs in the dataset, showing
unequal class representation. The data imbalance leads
biased model that performs poorly on underrepre-
sented classes. The data imbalance is detected through
class distribution analysis using bar plot visualization.
After the data imbalance is detected, a synthetic minor-
ity over-sampling technique (SMOTE) is used to gener-
ate synthetic samples for the minority class to ensure
that the data is balanced between classes. Accordingly,
a 21.9% synthetic sample was generated for the minor-
ity class (class 0), and a similar number of samples
was reduced from the overfitted class (class 1) using
SMOTE (Fig. 5).
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Table 1 Sociodemographic characteristics of the study
participants, 2016 EDHS data

Variable Category Frequency (n) %
Age of mothers (year) 15-19 11 5
20-24 323 159
25-29 630 310
30-34 577 283
35-39 334 16.4
40-44 126 6.2
45-49 35 1.7
Husbands'educational No education 977 480
status Primary 858 422
Secondary 136 6.7
Higher 64 3.1
Mothers’educational No education 1404 69.0
status Primary 551 27.1
Secondary 53 26
Higher 27 13
Region Tigray 149 7.3
Afar 19 9
Amhara 383 18.8
Oromia 885 435
Somali 78 38
Benishangul 22 1.1
SNNPR 449 220
Gambela 4 2
Harari 4 2
Addis Adaba 35 1.7
Dire Dawa 7 3
Media access and expo- No 1382 67.9
sure Yes 654 32,1
Respondents currently No 1496 735
working Yes 540 265
Wealth status Poor 907 44.6
Middle 464 22.8
Rich 664 326
Religion Orthodox 681 334
Catholic 26 13
Protestant 460 226
Muslin 824 40.5
Traditional and others 44 23
Sex of household head Male 1835 90.2
Female 200 9.8

Data-driven model performance comparison

The data-driven model developments were done consid-
ering six machine learning algorithms such as support
vector machine, K-nearest neighbors, random forest,
decision tree classifier, Gaussian Naive Bayes, and logis-
tic regression algorithms. Based on predictive model
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development, a random forest algorithm had relatively
high performance to predict pneumonia among chil-
dren aged 6—24 months compared to other data-driven
machine learning algorithms, with an AUC value of
91.8%. Furthermore, the same line in the curve shows,
that logistic regression and support vector machines
demonstrate 70.3% of AUC to predict pneumonia in
children 6 to 24 months of age. Whereas, the Gaussian
Naive Bayes shows the lowest AUC value of 68%, a rela-
tively low-performance algorithm to predict pneumonia
among children aged 6—24 months (Fig. 6).

Confusion matrix

To evaluate the performance of the included machine
learning algorithm; accuracy, precision, recall, F1-score,
and the confusion matrix elements were used for the
data-driven predictive models. Accordingly, the random
forest algorithm stands out with relatively high accuracy
(83.3%), high precision (87.3%), high recall (77.2%), and
high F1 score (93.7%). Based on all performance measure
metrics, the decision tree algorithm shows the second-
best algorithm next to the random forest with 81.4% of
accuracy, 84.3% of precision, 76.8% of recall, and 91.1% of
F1 score. With an accuracy of 61.1%, precision of 64.3%,
recall of 49.7%, and F1-score of 69.3%, the decision Naive
Bayes algorithm demonstrates relatively the least perfor-
mance algorithm. Its low recall indicates that the algo-
rithm struggles to identify positive instances effectively,
leading to more false negatives (Table 3).

Determinant factor stratification for pneumonia

among children

A random forest algorithm was used to stratify determi-
nants of pneumonia among children aged 6—12 months.
Based on the algorithm’s report, all the included pre-
dictors have their impact on pneumonia infection with
FIS value range from 1.25% to 20%. Importantly, region,
women’s age, husbands’ education, birth weight, birth
interval, initiation of breastfeeding, child six, and health
facility visits were stratified as the top seven important
predictors of pneumonia with an important score value
of 5% to 20% (Fig. 7).

Prediction of pneumonia

The final step of the machine learning model is predic-
tion of pneumonia among children aged 6-23 months.
Accordingly, the predicted value of pneumonia among
children aged 6-23 months is presented along with its
actual value in the confusion matrix model. In the con-
fusion matrix, the actual values for children with pneu-
monia and without pneumonia are represented by 1 (No)
and 0 (Yes) compared to against predicted values. Of the
total of 1007 children with pneumonia cases, 81.6% of
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Table 2 Characteristics of the children and mothers, 2016 EDHS data
Variable Category Frequency (n) %
Currently breastfeeding No 195 9.6
Yes 1840 90.4
Initiation of breastfeeding Early 1581 777
Late 454 223
Preceding birth interval Short 364 179
Optimal 622 30.5
Larger 1050 51.6
Birth order <5 1070 526
>=5 965 474
Sex of children Male 954 46.9
Female 1081 53.1
Number of tetanus injections before birth No injection 894 439
One and more injection 1141 56.1
Place of delivery Home 1374 67.5
Health facility 662 325
Health facility visits in the last 12 months No 1044 513
Yes 991 48.7
Respondents ever attended school No 1404 69.0
Yes 632 31.0
ANC visits Inadequate 1373 674
Adequate 663 326
o e 1 No (%)
o Over all. = wwmw;;;- ss. 7 W Yes (%)
S pneumonia [N 3.3
Q
L. A fover I 79.9
2 PR i 2o0. 1
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Fig. 2 Magnitude of pneumonia, fever, cough, and short/rapid breath among children aged 6-23 months in Ethiopia using the 2016 EDHS dataset

children were correctly predicted as positive (True Posi-
tives), while 18.6% of children were incorrectly predicted
as negative or not confirmed for pneumonia (False Nega-
tives). Additionally, from a total of 1028 children without
pneumonia cases, 70.1% of children were accurately pre-
dicted as negatives (True Negatives), and 29.9% of chil-
dren without actual pneumonia cases were misclassified
as positive or confirmed for pneumonia (False Positives).

The classification report shows 81.4% and 70.1% preci-
sion for children with pneumonia and without pneumo-
nia cases, indicating that the model is relatively reliable
in predicting pneumonia cases. Recall values show that
about 73% of actual children with pneumonia cases and,
79.3% of children without pneumonia cases were cor-
rectly identified. The F1 scores for both classes high-
lighted the presence of a good balance between precision
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After correlated variables dropped
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Fig. 3 Correlation detection within the dataset; Where BF =breast feeding, Bl =Birth Interval, ANC = Antenatal care, BW =Birth weight
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Fig. 4 The principal component analysis before and after dimensionality reduction

and recall with nearly three-fourths (75%). Overall, the
model shows 75.6% accuracy in the prediction of pneu-
monia among children aged 6-23 months, suggesting
a reasonably acceptable predictive model for pneumo-
nia case prediction among children aged 6-23 months
(Fig. 8).

Discussion

In this study, six machine learning algorithms were built
and compared using various performance measurement
indicators using a dataset accessed from the 2016 EDHS

report. The various predictors such as sociodemographic,
maternal, and child health characteristics were included
for pneumonia prediction among children aged 6-23
months. A total of 2035 observations were considered
for predictive model development. The algorithms were
built and compared using these input variabl