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Abstract: Under-five mortality remains a global health challenge with the rates of 43 deaths per every 1000 live births in
Tanzania and 37 deaths per every 1000 live births globally. Although child mortality has significantly declined in the last
twenty years, the current rates are far from reaching the anticipated Sustainable Development Goal of atmost 25 deaths per 1000
live births in 2030. This study intended to find the best performing classifier of under-five mortality status by comparing ten
supervised machine learning algorithms. These machine learning algorithms are Decision Trees, Random Forest, Support Vector
Machines, SMOTE-Based Boosted Random Forest, XGBoost, LightGBM, CatBoost, Logistic Regression, K-Nearest Neighbors
and Stacked Ensemble Methods. The class imbalance of the dataset detected in the pre-processing stage was addressed using
weighted categorical cross-entropy and SMOTE with a 5-folds cross validation and data splitting ratio of 80% for training set
and 20% for testing set. With 20 experiments for each of the nine algorithms, the average results were reported to ensure
that the findings were not by chance. Further, the stacking ensemble model was developed integrating six of the best performing
algorithms using an inclusion criterion of AUC> 0.97. The findings revealed that ensemble algorithm consistently outperformed
the other nine algorithms by achieving 100%, 100%, 99.97% and 99.24% for AUC, Accuracy, F1-Score and MCC respectively.
This implies that stacking ensemble can uncover more insights than the individual algorithms in predicting under-five mortality
status. This study recommends designing policies on under-five mortality that integrate insights from the stacking ensemble
algorithm which shows the highest predictive performance.
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1. Introduction
For the last 20 years since 2005, the global health

community, governments and private sector have embarked
on and witnessed coordinated efforts to address under-five
mortality as one of the priority health challenge. This effort
is in line with the focus of achieving Sustainable Development
Goal (SDG) 3 of reducing deaths related to under-five children.
As a result, significant stride has been made to reduce under-
five mortality at global level from 76 deaths per 1000 live
births in 2000 to 37 deaths per 1000 live births in 2022 [1,

2], Sub-Saharan Africa from 150 deaths per 1000 live births
in 2000 to 76 deaths per 1000 live births in 2019 [2] and
Tanzania from 147 deaths per 1000 live births in 1999 to 43
deaths per 1000 births in 2022 [3, 4]. These statistics indicate
that Sub-Saharan Africa, and Tanzania in particular, is still
above global average and far from achieving the expected
SDG 3 target 2 of atmost 25 deaths per 1000 live births by
the year 2030. In addition, the United Nation Inter-Agency
Group for Child Mortality Estimation (UN IGME) projected
that, if the current trends are not checked, 35 million under-
five children will die in 2030 [5], with more than 80% of
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this burden being distributed mostly in Sub-Saharan Africa
and partly in Southern Asia alone [2]. Even within Sub-
Saharan Africa, substantial disparities of under-five mortality
between Sub-Saharan Africa economic regions is higher with,
for instance, West and Central Africa leading at an average of
94.7 deaths per 1000 live births and in Eastern and Southern
Africa the average was 55.5 deaths per 1000 live births in
2019 [2]. The leading countries are Nigeria, Central African
Republic, Chad, Sierra Leone, Lesotho and Djibouti which all
had more than 100 deaths per 1000 live births in 2019. This
makes an under-five child in Sub-Saharan Africa, according
to [5], being 18 times more risky compared to children of
the same age in Australia and New Zealand. In light of
this viewpoints, we focus on developing supervised machine
learning models for predicting under-five mortality status in
Tanzania, a country that has been battling health challenges
associated with under-five mortality since early days of her
independence in 1960s. Among the three main barriers to
Tanzania progress and development are diseases, illiteracy and
poverty [6].

For a long time, health policies have been informed by
traditional statistical and epidemiological methods like simple
multivariate linear regression [7-9]. Although these methods
have immensely contributed to evidence of predicting health
outcomes, including under-five mortality [8, 10, 11], more
sophisticated and advanced hybrid approaches need to be used
to gain deeper insights and the benefits of both traditional
and modern data science based methods [6, 12] and [13].
Among the proponents of using modern data science methods
like machine learning while making balance with traditional
statistical approaches include [14-16] and [13].

In the last 15 years since 2010, more sophisticated
Artificial Intelligence (AI) based techniques, machine learning
methods inclusive, have been widely applied to uncover
the deeper structures of complex data, which have helped
in addressing the limitations of traditional methods [8,
17-19]. Unfortunately, in Sub-Saharan Africa, AI-based
techniques like supervised machine learning techniques are
inadequately utilized in predicting under-five mortality status
[20, 21], with a severe under-utilization in the health
sector in Tanzania [22]. In this study, we developed ten
supervised machine learning algorithms namely Decision Tree
(DT), Random Forest, Support Vector Machines, SMOTE-
Based Boosted Random Forest, XGBoosting, LightGBM,
CatBoosting, Logistic Regression, K-Nearest Neighbors and
Ensemble Methods. We then compared their predictive
performance on under-five mortality status in Tanzania, for
the purpose of contributing evidence on their predictive
effectiveness. The main contribution of this paper is in the
following aspects;

(i) We contribute knowledge by developing a machine
learning algorithm that effectively classifies under-
five mortality status at individual level using current
Demographic and Health Survey (DHS) dataset. In this
case, stacking ensemble algorithm outperformed other
algorithms achieving the highest predictive ability in all
the four performance metrics used, with 100%, 100%,

99.97% and 99.24% for AUC, Accuracy, F1-Score and
MCC respectively.

(ii) We also advance the application of sophisticated
methods in public health research by emphasizing and
motivating the interaction of statistics, data science and
public health to promote interdisciplinary approaches
in addressing health challenges. By bridging the gap
between statistical analysis and public health practices,
researchers can better inform evidence-based policies
and interventions.

.

2. Machine Learning and Under-five
Mortality Related Works

Numerous theoretical models provide foundation in the
study of childhood mortality as well as machine learning.
Scholarly research for a long time has used traditional
statistical models to predict childhood mortality, with a
view toward developing public health interventions to reduce
mortality in general. For the past 15 years since 2010,
machine learning techniques have emerged with the potential
to remove limitations of traditional statistical methods by
providing more flexible and non-linear algorithms that can
capture complex interactions in data without making pre-
conceived assumptions.

As revealed by [23], decision trees have been employed
in modeling health outcomes in different regions of Africa,
including Sub-Saharan Africa. The study applied decision
trees to predict infant mortality in more than 10 countries
using DHS data. It was found that, decision tree was the best
predictive algorithm followed by random forest. Another study
by [17] used random forest to analyze secondary data from
the Kilimanjaro Christian Medical Centre (KCMC) Medical
Birth Registry (MBR) to predict perinatal deaths. The findings
indicate no statistical difference in predictive performance
between random forest and the other four machine learning
algorithms that were used, with random forest, however,
surpassing all algorithms in terms of net benefits. Dealing
with a similar problem of predicting neonatal mortality from
MBR of Bugando Medical Center (BMC) in Tanzania, [24]
used Generalized Linear Models (GLMs) and decision trees
without applying random forest, but they underscore predictive
accuracy of random forest. In the same line, [25] indicate that
random forest outperformed logistic regression in predictive
performance when they studied 556 benchmark machine
learning datasets consistent to [26] who used cross-sectional
design for adult patients clinical data in China. Other studies
that indicate random forest to outperform other machine
learning models are [27] and [28]. In their studies, [29] in
Rwanda and [20, 21] in Sub-Saharan African countries have
demonstrated that SVM is potentially powerful in predicting
various health outcomes. Although there are fewer studies
that uses SVM in Tanzania context like [30], the potential
of applying this algorithm in different health outcomes and
using comprehensive dataset like Tanzania DHS is promising,
given its success in other contexts. Furthermore, several
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other scholars used various machine learning algorithms
in their mortality related studies including [31] who used
LightGBM in studying maternal health risks and [32] who
applied LightGBM on mortality prediction in healthcare data;
reference [33] who used Gradient Boosting-based approach
in studying COVID-19 related deaths and [34] who predicted
Paediatric Mortality using XGBoosting and Spectral clustering
in Sub-Saharan Africa and South Asia.

Another study by [35] which was conducted in Nigeria
with the titled ”Application of machine learning methods for
predicting Under-five Mortality using DHS dataset”, applied
KNN among other methods. They commended about its
effectiveness on both regression and classification, with similar
views from [36]. However, there are numerous studies
too which indicate KNN method as inferior to some of the
predictive machine learning algorithms like LR, RF and SVM
[37-40].

Ensemble algorithms have been indicated to address the
weakness of individual algorithms by training multiple,
homogeneous or heterogeneous, machine learning algorithms
in order to solve the same problem, which otherwise a single
algorithm would not have produced high predictive power
[41]. The foundation of ensemble methods is the weakness of
the other machine learning algorithms. In several instances,
the combination of multiple weak learners creates a more
robust, accurate, powerful and reliable algorithm. The process
of developing an ensemble algorithm has two steps. Initially,
the base (weak) learners are developed to their best accuracy
and diversity, and then these weak learners are combined to
a single model that is powerful than each of the individual
learners. The mathematical expression of the ensemble
methods can involve bootstrap aggregation (Bagging) if the
goal is to reduce variance and prevent overfitting, Boosting if
the goal is to correct bias or stacking if the goal is to combine
multiple strong algorithms. The ensemble approach has been
applied in numerous contexts including studies on mortality
by [42-44], and they have indicated potentials for enhancing
prediction of health outcome like childhood mortality.

Although the application of machine learning has indicated
potential of addressing health outcomes, it still remains
underutilized in low and middle-income countries like
Tanzania [22]. Most of the existing studies on childhood
mortality in Tanzania have mainly applied traditional statistical
methods, and those which apply machine learning methods
are still limited in scope. For example, disparities in
rural-urban factors in healthcare access or economic status
can vary significantly in impact and interaction. Despite
richness in metrics, Tanzania DHS dataset has not been fully
tapped for predictive analytics in machine learning research.
In this study, we sought to address the existing gaps by
developing predictive machine learning algorithms within
Tanzania’s health sector context, hence providing insights
for policymakers to inform planning and projections, and
ultimately contributing to reduction of childhood mortality.

Most of the reviewed literature addressed the under-five
mortality using different techniques in both developed and
developing countries. These techniques produced inconsistent

predictive results in terms of both best performing algorithms
and the evaluation metrics. Further evidence indicates that
most of the previous literature review did not apply stacking
ensemble technique. Those which applied ensemble methods
did not integrate more than 5 base learners. Furthermore, to
our best knowledge, no study in Tanzania employed stacking
ensemble, specifically in predicting under-five mortality status
using the latest DHS 2022 data.

3. Materials and Methods

3.1. Data Source and Data Management

The current study used Tanzania DHS 2022 dataset,
specifically the Kids Under 5 (KR) file, that were sourced
from Tanzania National Bureau of Statistics (NBS) through
permission of DHS program, ICF. The data has a nationally
representative sample of 10783 under-five children as study
participants whose information were obtained retrospectively
from women of age 15-49 years as sampling units. Sampling
was based on 629 clusters with 26 households each, which had
a total of 16312 households.

3.2. Data Management and Variable Selection

Initially, the KR file had 1324 variables with missingness of
between 0% and 99.9% that was identified using SPSS. Since
higher missingness can introduce significant biases and lead to
loss of data integrity [45-48], the first step was to exclude all
variables with missingness of more than 10% following [46],
where only 392 variables were retained. High missingness
can be handled properly by advanced model-based imputation,
which was not the objective of this study. After implementing
the Little’s MCAR test [46, 48], the remaining 392 variables
revealed that the missingness was completely at random. The
data of the remaining 392 features was explored and cleaned.
The cleaning process involved; first, imputing all missing
values using mode approach of KNN technique with 5-folds
cross-validation in Python environment, and secondly, re-
coding features that had a long list of categories. The features
were further subjected to dimensionality reduction using
Principal Component Analysis (PCA), with factor loading of
0.5 being a cut point, from which 28 features were extracted.
After this stage, the 28 features were used to develop the
ten supervised machine learning algorithms. All features
were coded as categorical, where the outcome feature, under-
five mortality status, was coded as binary outcome with 1 =
dead if the under-five child had died before celebrating the
fifth birthday preceding the 2022 Tanzania Demographic and
Health Survey, and 0 otherwise.

3.3. Data Analysis and Algorithmic Experimentation

We conducted the analysis using HP ProBook 445
Generation 9, U88 version 01.17.00, with a Windows 10Pro
64-bit system and an AMD Ryzen 7 5825U processor, 16CPUs
of 2.0GHz and 16.384GB RAM. The selection of training set
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and testing set ratio of each of the nine algorithms (excluding
ensemble) was experimented in Python with stratified samples
using 5-folds cross-validation. We found the optimal split ratio
for DT, RSK, LightGBM, XGBoosting and CatBoosting was
90% to 10%; KNN and BRF were optimal at 85% by 15%
while Random Forest was optimal at 70% by 30%. Since DHS
is a large dataset, we ruled out to use a conventional split ratio
of 80% for training set by 20% for testing set in order to make
a reliable comparison of algorithms performance following
[49, 50]. After deciding the training and testing sets, the
optimal hyper-parameters of each algorithm were determined
by fine-tuning several values using GridSearch method. The
high imbalance of the dataset was addressed using weighted
categorical cross-entropy of [0:1.0, 1:26.7198] in eight of
the algorithms except SMOTE-Based BRF where Synthetic
Minority Over-Sampling Technique (SMOTE) was used to
inherently address the class imbalance. We experimented
with each of the nine algorithms using 20 runs and reporting
their average results. The purpose was to ensure that
the results reported were not by chance. We used a 5-
folds cross-validation in each algorithm to determine the
optimal parameters. The last algorithm we developed, also
using 20 runs, was an ensemble of the six best performing
algorithms namely Decision Tree, CatBoosting, LightGBM,
XGBoosting, Random Forest and Logistic Regression, which
were selected using an inclusion criterion of AUC > 0.97.
Finally, the decision on the best algorithm was done based
on four performance metrics namely Receiver Operating
Characteristic curves (ROC-AUC), Accuracy (ACC), F1-
Score, and Mathew Correlation Coefficient (MCC).

3.4. Model Estimation Techniques

In this study we developed ten supervised machine learning
algorithms for predicting under-five mortality status in
Tanzania. The algorithms are Decision Tree, Random Forest,
RBF Kernel in SVM, SMOTE-Based Boosted Random Forest,
XGBoosting, LightGBM, CatBoosting, Logistic Regression,
K-Nearest Neighbors and Ensemble Methods. The algorithms
were chosen because all can perform classification task,
consistent with the requirement of a binary outcome variable
in machine learning modeling.

3.4.1. Decision Trees
A decision tree is defined as a predictive model which can

be used to represent both classifiers and regression models
[51]. When a decision tree is used for classification, it is most
commonly referred to as a classification tree. It generally has
a structure with three components namely (i) root nodes that
represent a decision based on a feature, (ii) branches which is
an outcome of the decision and (iii) leaf nodes that represent
the final decision. A decision Tree recursively splits the feature
space using entropy or Gin impurity to classify instances. Its
mathematical representation with respect to Information Gain
is presented as follows;

A∗ = arg max
A

(
H(S)−

∑
v∈A

|Sv|
|S|

H(Sv)

)
(1)

Whereby; A∗ is the optimal feature chosen for splitting
at a node; arg maxA finds the feature A∗ that maximizes
Information Gain, and H(S) represents the entropy
(uncertainty) of the dataset S.

3.4.2. Random Forest
In their study, [52] point out that a random forest is

one of several ensemble methods which operates fast and
simpler but yet effective in implementing variety of domains.
This algorithm constructs much simpler decision trees and
implement a majority vote (for categorical outcomes) or
by averaging (for continuous outcomes) across them in a
classification stage [53, 54]. The major significance of
voting and averaging strategies lays in their ability to correct
undesirable property of decision trees to overfitting training
data [55]. The mathematical representation of random forest
is as follows;

f(X) = arg max
i

T∑
t=1

1 (ft(X) = i) (2)

Whereby; f(X) represent the final predicted class for input
X; T represents the total number of decision trees in the
Random Forest; ft(X) represents the prediction from the t-
th individual tree; 1 ft(X) = i is an indicator function that
returns 1 if tree t predicts class i, otherwise 0, and arg maxi
selects the class i with the highest votes among all trees. By
aggregating predictions from all trees, the final classification
decision becomes more reliable and generalizable.

3.4.3. Support Vector Machines
The Radial Basis Function (RBF) kernel is one of the

most commonly used kernel functions in Support Vector
Machines. It works by transforming the input space into a
higher-dimensional features space in which it allows SVM
to find a non-linear decision boundary. The performance of
the algorithm is greatly influenced by the settings of the RBF
kernel [6], which captures an intricate relationship between
input features and under-five mortality status.

K(x, x′) = exp
(
−γ‖x− x′‖2

)
(3)

Whereby K(x, x′) measures similarity between two data
points x and x′; ‖x − x′‖2 represents the squared Euclidean
distance between x and x′; γ is a positive parameter that
controls the spread of the kernel function, and exp(·) Is
exponential function that ensures values remain in the range
(0, 1].

3.4.4. SMOTE-Based BRF
In order to overcome higher class imbalance, the SMOTE-

Based Balanced Random Forest (SMOTE-Based BRF) works
as an improved variant of Balanced Random Forest (BRF) that
incorporates the Synthetic Minority Over-sampling Technique
[56]. By creating artificial samples for the minority class,
it improves classification performance and ensures that there
more balanced decision trees in the Random Forest model.
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The method enhances generalization and reduces prediction
bias by combining SMOTE and BRF [57]. The mathematical
representation of the model is as follows;

f(X) = arg max
i

T∑
t=1

1(ft(SSMOTE , X) = i) (4)

Whereby; f(X) is the final predicted class for input X;
T is the total number of Decision Trees in the Balanced
Random Forest; SSMOTE is the modified dataset where the
minority class is synthetically oversampled using SMOTE;
ft(SSMOTE , X) is the prediction from the t-th tree trained on
the balanced dataset; 1ft(SSMOTE , X) = i) is the indicator
function that equals 1 if tree t predicts class i, otherwise 0 and
arg maxi is the function that selects the class iwith the highest
votes across all trees.

3.4.5. Gradient Boosting
The general Gradient Boosting algorithm is an ensemble

learning techniques that is used to increase predicted accuracy
by iteratively building several weak learners, which most
of the time are homogeneous decision trees [31]. The
common applied versions of Gradient Boosting that are used
for classification purposes include XGBoosting, LightGBM
and CatBoosting [33]. The algorithm fits new models to the
residual errors of earlier algorithms and iteratively minimizes
the loss function. The typical formula for updating the model
using Gradient Boosting is give as;

Fm(X) = Fm−1(X) + γhm(X) (5)

whereby; Fm(X) is the boosted model after m iterations;
Fm−1(X) is the previous model before adding the new weak
learner; γ is the learning rate controlling the contribution of
each new tree and hm(X) is the new weak learner trained on
residual errors.

(i) XGBoost
XGBoost is an optimized version of Gradient Boosting
that includes regularization, parallel computing and tree
pruning to improve efficiency and predictive accuracy.
The function of XGBoost is defined as;

L(θ) =

n∑
i=1

`(yi, ŷi) +

K∑
k=1

Ω(fk) (6)

whereby; L(θ) is the total objective function; `(yi, ŷi)
is the loss function measuring prediction error; Ω(fk) is
the regularization term to control model complexity; n
is the number of training samples and K is the number
of trees in the ensemble.

(ii) LightGBM
LightGBM is a sophisticated boosting approach that
has been tuned to enhance efficiency and speed. In
contrast, to conventional boosting, it handles big
datasets with less computing by using leaf-wise growth
and histogram-based splitting. The functional form of
the algorithm is defined by;

Gain =
1

2

(
G2
L

HL + λ
+

G2
R

HR + λ
− (GL +GR)2

HL +HR + λ

)
(7)

whereby;GL, GR are the gradient sums for left and right
child nodes; HL, HR are the Hessian sums for left and
right child nodes and λ is the regularization parameter
to prevent overfitting.

(iii) CatBoost
On the other hand, using gradient estimation and ordered
boosting, CatBoost is designed to handle categorical
data well. It is an open-source machine learning library
that is particularly effective for classification tasks.
CatBoost incorporates advanced techniques to prevent
overfitting and improve model performance as well as
generalization. The functional form of the algorithm is
as presented below.

L(θ) =

n∑
i=1

`(yi, ŷi) + β

K∑
k=1

‖∇`(yi, ŷi)‖ (8)

whereby; L(θ) is the objective function; `(yi, ŷi)
is the loss function measuring prediction error; β
is the regularization parameter controlling gradient
smoothness and ∇`(yi, ŷi) is the gradient of the loss
function.

3.4.6. Logistic Regression
Logistic regression is a standard statistical classification

method that has been widely used in modeling dichotomous
outcomes in health and other fields [37]. In this study, binary
logistic regression was used to predict the mortality status of
children under-five. The objective was to evaluate how well
the logistic regression model predicted child death compared
to other algorithms using a set of independent factors. The
probability of under-five mortality is given by;

π =
eα+

∑k
j=1 βjxij+µ

1 + eα+
∑k

j=1 βjxij+µ
(9)

The binary logit model for this case is defined using the
following equation.

y(x) = ln
π

1− π
= α+

k∑
j=1

βjxij + µ (10)

whereby; xi is the vector of independent features
(socioeconomic, demographic, and health-related factors);
βj are coefficients of the explanatory features; y(x) is the
under-five mortality status feature, and µ is the residual term
capturing unexplained variation.

3.4.7. K-Nearest Neighbors
The Nearest Neighbors classifiers, especially k-Nearest

Neighbors, are credited for their simplicity along with their
effectiveness in predicting health outcomes [35, 39, 40]. In this
study, the algorithm was used to classify under-five mortality
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status where each observation was classified based on the
majority class among its K closest neighbors in the under-five
mortality status. The classification function is defined as;

y(X) = arg max
i

K∑
k=1

1 (yk = i) (11)

whereby; y(X) is the predicted under-five mortality status for
input X; K is the number of nearest neighbors considered
for classification; yk is under-five mortality status of the k-
th nearest neighbor; 1(yk = i) is the indicator function
that returns 1 if neighbor k belongs to class i, otherwise 0,
and arg maxi selects the class i that appears most frequently
among neighbors.

The closeness between instances is measured using
Euclidean distance defined by;

d(X,X ′) =

√√√√ n∑
j=1

(Xj −X ′j)2 (12)

whereby; X,X ′ are feature vectors representing different
children; Xj , X

′
j are values of the j-th feature for observations

X and X ′, and n is the total number of features used for
classification.

3.4.8. Stacking Ensemble
The foundation of ensemble methods is the weakness of

the other machine learning algorithms. Ensemble approach
is used to train multiple machine learning models in order
to solve the same problem, which otherwise a single model
would not have produced high predictive power [41]. The
combination of multiple weak learners creates a more robust,
accurate and reliable model. The three primary ensemble
techniques are Bagging, Boosting, and Stacking. In this study,
we developed a stacking ensemble learning algorithm of the
six best performing algorithms namely CatBoost, LightGBM,
XGBoost, Random Forest and Decision Trees. To define the
stacking ensemble learning algorithm, we used an inclusion
criterion of AUC > 0.97. The stacking algorithms is defined
by;

ffinal(X) = g (f1(X), f2(X), . . . , fT (X)) (13)

whereby; ffinal(X) is the final stacked prediction algorithm;
g(·) is the meta-learner that combines outputs from base
algorithms; ft(X) is the prediction from the t-th base
classifier; and T is the total number of base algorithms used
in stacking.

3.4.9. Performance Metrics for Algorithms
The predictive performance of each algorithm was evaluated

using four metrics namely Accuracy, Methew Correlation
Coefficient (MCC), F1-Score, Cross-Validation Score (CV-
Score) and AUC. While AUC is obtained by evaluating

the area below the ROC curve, the computation of other
performance metrics derives from True Positive (TP), True
Negative (TN), False Negative (FN) and False Positive (FP)
shown in equations (14) below.

Accuracy =
TP + TN

TP + TN + FP + FN

F1-Score =
2× Precision× Recall

Precision + Recall

MCC =
(TP × TN)− (FP × FN)

D

(14)

Whereby;

D =
√

(TP + FP )(TP + FN)(TN + FP )(TN + FN)

4. Results and Discussion

In this section, we present results and analyze the
comparative performance of the supervised machine learning
algorithms of the previous studies.

Pre-processing of data indicated that distribution of the
response outcome was highly imbalanced with under-five
children alive being 96.4% of the total sample while 3.6% of
them had already died by the time the survey was conducted
(see Figure 1). This data challenge has a tendency of
favoring the larger class and ignoring the small ones in most
of the standard classifiers, which may result in either over
or under-fitting, and consequently leading to poor predictive
performance. Since many machine learning algorithms are
affected by class imbalances [58], weighted categorical cross-
entropy and SMOTE techniques were used to address the
problem.

Figure 1. Distribution of Under-five Mortality for Tanzania 2022 DHS Data.
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4.1. Evaluation of Algorithms Performance

Table 1. Comparison of Predictive Performance of Ten ML Algorithms in 20 Runs Using 2022 Tanzania DHS Data

Type of ML Model F1-Score (Alive) F1-Score (Died) Accuracy MCC CV-Score AUC
Decision Trees 0.9982 0.9534 0.9965 0.9524 0.9968 0.9987

Random Forest 0.9958 0.8901 0.9919 0.8864 0.9917 0.9520

RBF Kernel in SVM 0.9971 0.9287 0.9945 0.9280 0.9938 0.9928

SMOTE-Based BRF 0.9825 0.4973 0.9657 0.5208 0.9936 0.7256

XGBoost 0.9973 0.9318 0.9948 0.9303 0.9942 0.9862

LightGBM 0.9969 0.9214 0.9941 0.9191 0.9940 0.9741

CatBoost 0.9969 0.9244 0.9941 0.9238 0.9940 0.9983

Logistic Regression 0.9856 0.7266 0.9726 0.7448 0.9684 0.9858

K-Nearest Negbhors 0.9829 0.5587 0.9666 0.5708 0.9665 0.7437

Stacking Ensemble 0.9997 0.9982 1.0000 0.9924 1.0000 1.0000

Table 11 reveals the comparative classification of algorithms
in terms of accuracy, Mathew correlation coefficient (MCC),
F1-score, Cross validation score and Area under the curve
which have been computed as averages of 20 experimental
runs. It is apparent from Table 1 and Figure 2 that, Ensemble

model outperformed all the other algorithms in predicting
under five mortality as demonstrated by the highest scores of
accuracy (100%), MCC (99.24%), F1-score for children who
were alive (99.97%), F1-score for children who died (99.82%),
CV score (100%), and AUC (100%).

Figure 2. ROC Curves and AUC of the Ten Classifiers.

Figure 2 indicates the AUC performance in terms of average
from 20 runs of each of the ten predictive classifiers. It is
noted that, the algorithms reveal different power of prediction
for under-five mortality in Tanzania using DHS data. This
result consistently proves that, Ensemble method performs
relatively better than other algorithms with an AUC value
of 100% followed by Decision Tree, CatBoost and XGBoot
with AUC of 99.87%, 99.83% and 99.28% respectively. This

implies that, Ensemble algorithm has an ability to capture the
complex distribution of under-five mortality in Tanzania, that
could guide both policy and decision making.

To validate and further evaluate the robustness of ensemble
method as the best predictive algorithm, we plotted the
heatmap of its confusion matrices along with the Chi-square
metrics. The heatmap was obtained using 20 experiments that
utilized random samples from that DHS dataset. The purpose

1 Stacking ensemble outperformed the other nine ML algorithms in all the evaluation metrics used. The model was validated for near perfect classification
through cross-validation for both leakage and overfitting

2 The confusion matrix in Figure 3 is a result of averages of confusion matrices in all 20 experiments of stacking ensemble
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was to assess the predicted results of under-five mortality
status using the best classifier. As indicated in Figure 3 2,
ensemble algorithm correctly predicts 2079 under-five children
to be alive whereas 78 are correctly predicted to be dead.
On the other hand, no under-five children were misclassified,
suggesting that Ensemble algorithm perfectly classifies the
status of under-five mortality. To ensure that the perfect
classification is not due to data leakage or overfitting, further
validation using learning curves of train and test sets was
conducted as indicated in Figure 4. These results indicate
that, the stacking ensemble algorithm is more effective in
classifying under-five mortality patterns in Tanzania. The Chi-
square test for stacking ensemble indicates significant p-values
at conventional levels of 1%, 5% and 10% with Chi-square
value of 1913.65 and p-value less than 0.000. It is worthy
to note from Table 1 that, based on the AUC results, the
predictive performance of Ensemble method (100%), Decision
Tree (99.87%), CatBoost (99.83%), XGBoost (98.62%) and
Logistic Regression (98.58%) have slight differences, with
ensemble algorithm leading. This justifies why this study used
20 experiments for each classifier so that the results obtained
are not by chance based on the sample selected.

Figure 3. Heatmap of Confusion Matrices Showing Classification of Under-five Children
Using Stacking Ensemble.

Figure 4. Learning Curves for Stacking Ensemble Showing Alignment of Train and Validation Sets.

Figure 4 presents the training and validation deviance for
stacking ensemble. Both the training and validation curves
start with deviance of 0.05 and drop rapidly aligning perfectly
before stabilizing within 30 to 35 iterations. This suggests that
stacking ensemble model is learning effectively and reached a
solid generalization at the optimal iteration of 32. This results
consistently indicate that the perfect classification of stacking

ensemble model is not due to data leakage or overfitting.

4.2. Comparative Analysis

4.2.1. Data Characteristics
We also contrasted the current proposed research findings

to previous related studies in terms of data characteristics,
classification performance and model effectiveness. In this
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study, we used the latest Tanzania DHS dataset that was
collected in 2022. The data exhibits high imbalance, of
which 10394 under-five children were alive while 389 of them
had died in the five years preceding the survey. Weighted
categorical cross-entropy and SMOTE techniques were used
to address the challenge. Previous studies which used DHS
data for predicting under-five mortality in different contexts
include [35] (in Nigeria), [29] (in Rwanda), [23] (in 10 Sub-
Saharan countries), [20] (in Zimbabwe) and [43] (in Ethiopia).
Other studies did not use DHS data like [59] (in Brazil,
they used Birth and Death Registry of one City) and [17]
(in Tanzania, they used Medical Birth Registry from KCMC
Hospital). Among these studies, [17, 29, 35] had highly
imbalanced data with ratios of about 1:13.5, 1:14.4 and 1:27.0,
which were addressed using SMOTE, Random Oversampling
and SMOTE techniques respectively. Unlike these studies,
we used weighted categorical cross-entropy to assign higher
penalties to errors on the minority class so that the models treat
both classes fairly while maintaining originality of the data.

4.2.2. Predictive and Classification Performance
The classification performance in Table 1 indicate that

Ensemble method outperforms the other nine algorithms. Its
AUC (100%) is the highest and perfect along with the other
metrics like F1-score (99.97%, 99.82%), Accuracy (100%)
MCC (99.24%) and CV-score (100%) being higher, which
no other algorithm achieved. The next top candidates in
predictive performance are Decision Tree, CatBoost, XGBoost
and Logistic Regression. Previous studies also compared
several classifiers in predicting child mortality. Based on AUC
metric, in [35], Random Forest (96.0%) outperformed other 6
algorithms but they did not use Decision Tree; in [29], Random
Forest (84.2%) outperformed other 3 algorithms followed
by Decision Tree (83.0%); in [23], an ensemble of several
Gradient Boosting classifiers performed better (83.4%) than
individual weak learners in Tanzania; and in [20], XGBoost
outperformed other 3 algorithms based on Accuracy (81.0%),
F1-score (84.0%) and F1-score (89.0%). The least performing
algorithms are SMOTE-Based BRF and KNN which scored
AUC = 72.56% and AUC = 74.37% respectively, consistent
with findings pointed out by [37-40].

The validation of Ensemble algorithm was done using
heatmap of the confusion matrices as presented in Figure
3. The Ensemble model perfectly classifies 2079 under-five
children to be alive whereas 78 are perfectly classified to be
dead, with no any misclassifications. Ensemble algorithm
demonstrates a perfect predictive accuracy making it a highly
potential model for classifying under-five mortality patterns
in Tanzania. These results further indicate that, classification
algorithms have performed differently in different contexts.
The differences may be brought about by the inherent cultural
and environmental characteristics from where the data are
collected.

4.3. Limitations

In this study, we focused on supervised machine learning
algorithms including heterogeneous ensemble approach.
Several studies addressing classification problems using
machine learning have suggested using hybrid of supervised
and unsupervised machine learning algorithms [60-63]. Future
research should apply advanced and hybrid methods like
causal inference in order to exploit both statistical modeling
and machine learning prediction. In addition, Explainable
AI (XAI) as well as self- and semi-supervised methods are
relevant because they utilize hybrid frameworks with potential
to give more insights in under-five mortality.

5. Conclusions
This study developed ten supervised machine learning

classifiers for predicting under-five mortality status using 2022
TDHS dataset. These classifiers were evaluated using four
performance metrics namely AUC, Accuracy, F1-Score and
MCC. These performance metrics were used to identify the
best performing algorithm through comparing their values. To
ensure the robustness of results from highly class imbalanced
data, 5 cross-validation and weighted categorical cross-entropy
techniques were applied along with 20 experimental runs for
each classifier. Among the ten classifiers developed, stacking
ensemble outperformed the other nine classifiers in all metrics,
followed by Decision Tree, CatBoost and XGBoost which
performed relatively close to stacking ensemble. On the other
hand, SMOTE-Based BRF performed poorly relative to other
algorithms. This poor performance was possibly because
SMOTE-Based BRF introduces synthetic minority samples
that may distort feature distribution, leading to synthetic bias
that may compromise model stability. High sensitivity to
noise of KNN algorithm may have compromised its ability
to discriminate between classes due to high-dimensionality
of the dataset, leading to poor class separation. This
study recommends that, when designing policy on under-
five mortality; the government, policy practitioners and
other stakeholders should integrate insights from stacking
ensemble classifier, which demonstrates the highest predictive
performance.
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