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Addressing Class Imbalance in Healthcare Data:
Machine Learning Solutions for Age-Related
Macular Degeneration and Preeclampsia

Antonieta Martinez-Velasco

Abstract—The use of machine learning in healthcare has
transformed the way diseases are diagnosed and treatments
are optimized. However, medical databases often lack balanced
data due to challenges in data collection caused by privacy
regulations. Certain health conditions are underrepresented,
which hampers machine learning performance. To address this
problem, a hybrid approach has been proposed that combines
the Synthetic Minority Oversampling Technique (SMOTE) with
undersampling and uses two specific techniques tailored for
imbalanced datasets. Comparative evaluations were conducted
using various thresholds to reduce one class and employing
Balanced Accuracy to mitigate bias toward the majority class,
with popular machine learning methods. The results showed that
Balanced Bagging and Balanced Random Forest consistently
outperformed other methods, performing the best with an
average ranking of 1.42 and 3.58 out of 32 configurations in
the two datasets, respectively. Tree-based approaches such as
Random Forest and Gradient Boosting demonstrated similar
effectiveness, emphasizing the power of aggregating predictions
from multiple trees to reduce bias. Notably, undersampling
and SMOTE proved advantageous for non-tree-based models
like KNN, SVM, and Logistic Regression, showcasing their
usefulness across different algorithms. This study provides a
robust solution for handling imbalanced datasets in healthcare,
which could potentially optimize healthcare interventions and
improve patient outcomes and care.

Link to graphical and video abstracts, and to code:
https://latamt.ieeer9.org/index.php/transactions/article/view/8952

Index Terms—Machine Learning Techniques, Healthcare
Domain, Class Imbalance, Ensemble Classifiers, Diagnostic
Decision-Making, Personalized Medicine.

I. INTRODUCTION

achine Learning techniques are methods and ap-
Mproaches that enable computers to learn from data
and make predictions or decisions. These techniques analyze
information, generate predictions, and automate various tasks.
Over recent decades, Machine Learning (ML) has made
remarkable strides, finding successful applications in diverse
domains [1]. ML plays a pivotal role in facilitating the devel-
opment of automated decision-making systems by uncovering
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patterns within expansive datasets. In this context, diagnostic
decision-making is aided by ML techniques to identify the
underlying cause of a patient’s symptoms or condition. It
involves gathering information, analyzing data, and applying
medical knowledge to reach a diagnosis. ML has brought
revolutionary changes in disease diagnosis, treatment, and
prediction [2].

ML has significantly impacted the Healthcare Domain,
a vast field encompassing health services, industries, and
practices. Its applications span disease diagnosis, treatment,
prevention, education, wellness programs, and health system
management.

Dealing with the healthcare sector presents distinctive chal-
lenges, especially in the intricate process of acquiring patient
data. Obtaining data from healthy individuals adds an extra
layer of complexity, requiring a more exhaustive search effort
than the relatively accessible patient data. The lower engage-
ment of healthy individuals with healthcare systems further
complicates assembling a representative control group.

As a result, medical datasets often exhibit a significantly
higher number of cases than control groups, as elucidated in a
study by khushi et al. [3]. The complexity of gathering data,
especially for conditions like cancer, demands strict adherence
to rigorous ethical protocols sanctioned by relevant authorities
and hospitals. These protocols are crucial to ensuring data
privacy and confidentiality protection, as emphasized by the
guidelines provided by Centro del Conocimiento Bioetico in
2015 [4].

The paradigm of personalized medicine, emphasizing pre-
vention, early diagnosis, and targeted treatment, demands re-
liable screening, diagnosis, and prognosis methods to identify
at-risk patients and initiate appropriate interventions [5]. Med-
ical records, often complex and incomplete data repositories,
are the primary source for identifying disease risk factors.
Unfortunately, these databases frequently exhibit imbalanced
class distributions, hindering effective knowledge extraction
[5].

Class imbalance arises in ML datasets when one class
significantly outnumbers the other. This uneven distribution
can hinder the training of accurate models, particularly for the
underrepresented classes [6]. The prevalence of imbalanced
class distributions in medical studies yields unstructured,
multi-modal data with potential biases [7], [8]. This imbalance
issue can significantly impact the performance of standard
classifiers designed under the assumption of balanced datasets,
thereby leading to biased outcomes favoring the majority class
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[9]. The potential consequences are severe, compromising the
accuracy of algorithms and posing risks to patient well-being
if misclassifications occur [10]. Exploring alternative solutions
becomes imperative in the face of challenges associated with
increasing dataset sizes.

This study addresses the challenge of unbalanced healthcare
data by implementing data-level and algorithmic techniques.
Focusing on two complex diseases, Age-Related Macular
Degeneration (AMD) and Preeclampsia, the research investi-
gates how the proposed methods can support expert decision-
making. The comprehensive process involves preprocessing
data to handle missing values, selecting relevant features, and
utilizing resampling techniques to address class imbalance.

This paper presents key contributions in addressing this
issue, focusing on a novel hybrid sampling technique, case
studies on disease datasets, exploration of configuration im-
pact, a comprehensive comparison of classification methods,
and efficiency analysis. The main contributions of the paper
are:

« Hybrid Sampling Technique: This paper introduces a
novel hybrid approach that integrates oversampling and
undersampling in supervised ML classifiers for address-
ing class imbalance in medical databases. By combining
random oversampling and the Synthetic Minority Over-
sampling Technique (SMOTE), the proposed method en-
hances the algorithm performance in healthcare datasets.

« Case Studies on Disease Datasets: The study conducts
comprehensive case studies on Age-Related Macular De-
generation and Preeclampsia datasets, showcasing the
effectiveness of the proposed approach. Specifically, the
robust performances of Balanced Bagging and Balanced
Random Forest, exceeding the other methods’ balanced
accuracy in Age-Related Macular Degeneration cases,
demonstrate the practical application of the hybrid tech-
nique in real-world healthcare scenarios.

« Exploration of Configuration Impact: The research
explores six distinct case reduction configurations (0%,
50%, 60%, 70%, 80%, and 90%) with and without
both SMOTE and Undersampling, providing valuable
insights into the impact of specific classification methods
and sampling techniques on handling class imbalance in
healthcare datasets. This analysis contributes to a deeper
understanding of optimal configurations for different sce-
narios.

e Comparison of Classification Methods: The study
systematically compares various classification methods
with different sampling techniques in addressing class
imbalance. Notably, Balanced Bagging consistently out-
performs other methods, showcasing its reliability, while
the adaptability of Gradient Boosting and Decision Tree
methods underscores their effectiveness in diverse health-
care scenarios.

o Efficiency and Runtime Analysis: The research evalu-
ates the efficiency and runtime of the proposed methods,
revealing that Balanced Bagging, despite its compu-
tational cost, remains the most effective method with
Balanced Random Forest performing slightly worse but
with a notably shorter runtime. This efficiency analysis

contributes practical considerations for implementing the
proposed approach in real-world healthcare applications.

The subsequent sections of this article are organized as fol-
lows: Section II provides an overview of the two case studies,
AMD and Preeclampsia. It also reviews current techniques
addressing the problem of unbalanced classes, categorized
into data-level and algorithm-level techniques. Section III
outlines the proposal to address class imbalance in both case
studies and describes the dataset and methodology. Section IV
presents the obtained results from these methods. Section V
analyses the obtained results of the experiments and highlights
some important observations. Finally, Section VI concludes the
article, emphasizing the significance of exploring techniques
for imbalanced datasets in the health sector.

II. STATE OF THE ART

This section provides an overview of ML applications in
AMD and Preeclampsia. Below is a concise exploration of how
ML techniques have been employed in medical research to
address complex issues related to the prognosis and diagnosis
of both diseases. Finally, this section explores the challenges
posed by imbalanced datasets in machine learning classifica-
tion. It discusses the limitations of conventional classification
techniques in handling class imbalance and introduces two
main approaches to address this issue: Data-Level Solutions
and Algorithm-Level Solutions.

A. ML Approaches to Study Age-Related Macular Degenera-
tion

AMD is a major cause of vision loss in older individuals,
targeting the central retina, which is crucial for sharp vision,
as shown in Fig. 1. By 2020, AMD was projected to affect
approximately 196 million people worldwide, with numbers
potentially increasing to 288 million by 2040. This condition
can cause significant visual impairment, interfering with daily
tasks such as reading and driving. There are two forms of
AMD: dry, which is more prevalent and progresses gradually,
and wet, which is rarer but leads to quicker and more severe
vision loss [11].

AMD is a prevalent cause of visual impairment and blind-
ness, affecting both developed and underdeveloped countries.
In the United States, approximately 9% of individuals aged
over 65 have AMD, rising to 28% in those over 75 [12]. In
Mexico, 1,241,000 people experienced vision loss in 2016,
equivalent to 1.01% of the population [13]. AMD, along with
glaucoma, stands as a major cause of irreversible vision loss.
AMD primarily affects the macula, resulting in gradual central
vision loss, often characterized by the accumulation of drusen,
deposits in the macula leading to late-stage indicators like
geographic atrophy or sub-retinal neovascularization [14].

There are two types of risk models for AMD: prediction
and inference. Prediction models aim to provide the best
possible risk assessment by combining genetic, non-genetic,
and clinical factors. These models are not widely accepted in
the medical community, and the American Academy of Oph-
thalmology (AAO) has stated that genetic testing for complex
diseases like AMD will not be routine until clinical trials can
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Fig. 1. A 75-year-old man experienced a gradual distortion of vision
in his right eye, which eventually progressed to a loss of central
vision. Source:Flickr.com

demonstrate that patients with specific genotypes benefit from
particular types of therapy or surveillance [15]. The complex-
ity of AMD, including the different clinical phenotypes and
other confounding factors, makes it challenging to develop
accurate predictive tests. Classical statistical models have been
the primary method for modeling AMD. However, studies have
recently emerged focusing on risk factors, particularly genetic
variants, due to advances in genome scanning [16].

ML techniques identify intricate patterns in a given dataset,
allowing for prediction and inference in new datasets without
human intervention. In the clinical vision sciences, these
techniques are commonly used to study retinal diseases [17].
Two approaches have been used by scientists to study retinal
diseases. One involves studying retinal images to associate
them with risk factors. The other approach uses ML for ex-
plainability, which aims to provide medical professionals with
more information on how the model works. For instance, ML
has been used to extract knowledge on identifying malignant
mesothelioma by providing rules that explain which factors
are more relevant for diagnosing it [18].

Studies that explore the association between genetic and
environmental risk factors aim to predict diseases. Scientists
attempt to identify the genes and polymorphisms involved in
complex diseases since the hereditary component is essential.
In genome-wide association studies (GWAS), scientists select
a gene considered a risk factor and then analyze a few of
its polymorphisms to determine the association between its
alleles and a phenotype or the frequency of a disease [19].
Every year, GWAS are published with increasing associations
of single nucleotide polymorphisms (SNPs) with diseases or
phenotypes [16].

Further statistical analysis is necessary to find a polymor-
phism or variant of a gene associated with a disease in a spe-
cific population. Firstly, scientists study familial aggregation to
determine if the disease is genetically determined. Secondly,
they must locate genes of interest for the disease. In the
identified areas, there may be thousands of polymorphisms

of interest [20].

Traditionally, probability and statistical techniques have
been used to understand complex diseases. The difficulty of
handling large amounts of data due to its volume, speed, and
variability makes current methods computationally unfeasible.
However, ML techniques can aid scientists in finding predic-
tors that are related to the onset of the disease [21]. Personal-
ized medicine aims to pre-symptomatically identify people at
high risk of disease using knowledge of the person’s genetic
profile and their environmental risk factors [22]. Therefore,
forecasting made through ML can represent a support tool for
medical professionals [23].

AMD has been studied from various angles. While the study
of images obtained through ocular fundus studies has been
widely explored, a less explored approach considers genetic
variants in addition to other risk factors. In Martinez-Velasco
et al. [24], a review of the studies conducted to find the risk
factors associated with AMD with both approaches has been
presented.

ML is mentioned as an important tool to transform the
enormous volume of complex data into knowledge under
the approach of personalized medicine. Larrafiaga et al. [25]
present some of the most useful techniques for bioinformatics
modeling and optimization and highlight the application of ML
methods in genetics. Spencer et al. [26] propose to increase the
datasets by using the multi-factorial dimensionality reduction
(MDR) and the grammatical evolution of neural networks
(GENN), in addition to the logistic regression (LR) approach.
Combining the LR and GENN model results, the algorithm
achieves a sensitivity of 77.0% and specificity of 74.1%.
Jiang et al. [27] propose a random forest (RF) adaptation for
epistatic interactions. The sliding window epi-Forest algorithm
incorporates RF in case-control studies and automates screen-
ing candidate polymorphisms for statistical analysis to detect
epistatic interactions.

ML approaches are presented as complementary methods
to facilitate the exploration of interactions between multiple
polymorphisms because epistasis plays an important role in the
pathogenesis of AMD. The authors proposed the importance
of Gini, obtained from AMD classification methods, which
can complement the p-value of statistical studies to measure
associations between polymorphisms and AMD and to identify
possible combinations of genetic variants that are protective
for AMD. Gold et al. [28] analyzed a set of risk factors for
AMD with a statistical model and then with an MA model.
This was done with a model based on Genetic Algorithms
(GA).

The advantage of GAs over traditional models is their ability
to incorporate multiple positions across the genome to make
a prediction. This allows models to identify complex interac-
tions between polymorphisms correlated with their predictions.
Chen et al. [29] proposed a method based on sets of trees to
identify the interactions between genes and the interactions
between genes and the environment. This method is proposed
to solve the problem of missing data and for the selection of
attributes simultaneously. This approach avoids the problem
of collinearity for genome-wide data and does not require any
a priori assumption.
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Forest-based algorithms are a popular ML tool due to their
adaptability to data, applicability to big and small problems,
and ability to consider correlations and interactions between
entities. One major concern in identifying disease genes is
the occurrence of false positives. The authors of a study [29]
were able to successfully distinguish regions of the genome
associated with the disease from neutral regions with a false
positive rate (FPR) of less than 5%. Celebiler [30] explored
the relationship between the presence of multiple genetic
polymorphisms, risk factors, and dry and wet AMD.

Three types of Bayesian networks were constructed to
investigate the relationship between the presence of multiple
genetic polymorphisms and AMD. Bayesian networks help
with the learning process by incorporating prior knowledge
and cause less noise and over-fitting than other methods.
The flexibility of the models allows for precise decisions to
be made from uncertain data. Fraccaro et al. [31] compared
"white box" models (such as logistic regression and decision
trees), which are most interpretable, with "black box" methods
such as support vector machine (SVM), Random Forest, and
Adaptive boost.

Both methods, white and black boxes, identified soft drusen
and age as the most important variables in diagnosing AMD.
The authors [31] emphasized the importance of interpretation
and limiting the number of samples required to obtain reliable
results for early diagnosis. They proposed a graphical user in-
terface to show the diagnostic pathway or variable importance,
providing specialists with decision pathways to make early
diagnoses feasible and better differentiate ambiguous subsets
of patients. Krishnaiah et al. [32] presented the predictive per-
formance of the artificial neural networks model in comparison
with the predictive capacity of the logistic regression model.

B. ML Applied to Preeclampsia

The second scenario for applying ML techniques for im-
balanced datasets in our study concerns Preeclampsia, a dis-
ease with significant implications for the global population.
Preeclampsia is a severe pregnancy complication marked by
high blood pressure and damage to organs, particularly the
liver and kidneys. It impacts about 5-10% of pregnancies
globally and is a major contributor to maternal and fetal illness
and death. Typically developing after 20 weeks of pregnancy,
preeclampsia can result in life-threatening complications if not
managed. As shown in Fig. 2, the condition can lead to preterm
birth, low birth weight, and increase the long-term risk of
cardiovascular diseases for both mother and child.

The dataset used is interesting due to the high degree of
imbalance. This data was obtained from the Inter-university
Consortium for Political and Social Research [33] and aimed
to improve children’s health and well-being from birth to age
three in Trenton, New Jersey. The program had three main
strategies: (1) improving access to prenatal care and effective
parenting, (2) improving the quality of child care, and (3)
strengthening and maintaining positive parental involvement
in their children’s lives. Preeclampsia is defined as the onset
of hypertension and proteinuria during the second half of preg-
nancy [34]. Clinical circumstances such as diabetes mellitus,

Sleep
disorder Round face
Obesity
Intestinal
dysbiosis Autoimmune
disorder
Fetal
diseases
Protein in
Diabetes urine

Typical Preeclampsia symptoms

Fig. 2. Expecting mother facing the challenges of preeclampsia such
as experiencing sleep disorders, elevated blood pressure, and concerns
over fetal health and gestational diabetes.

obesity, systemic lupus erythematosus, and maternal age over
40 years are known to increase the risk of preeclampsia [35].

Since preeclampsia affects a large number of women world-
wide, identifying demographic factors, biochemical analysis,
or biophysical findings to predict the later development of
preeclampsia in early pregnancy is crucial [36]. The high
prevalence of preeclampsia is a problem that requires con-
sideration, and predicting each case is essential. Therefore,
a methodology must be devised to maximize the number of
predicted cases adequately [37].

Mechanistic studies have provided information on the patho-
genesis of the disease. They have also created opportunities
to study circulating and urinary biomarkers to predict the
disease [38]. An ML approach has been applied in various
approaches, including metabolites, image analyses, and risk
factors datasets, to diagnose and predict the disease. Kenny et
al. [39] proposed a tree-based genetic programming method to
diagnose PE by analyzing three metabolites in blood plasma.
They presented demographic data and analyzed the concentra-
tion of some metabolites in both groups, cases, and controls.
They showed results in a chromatogram, along with rules to
obtain conclusions.

In a study, Neocleous [40] utilized Neural Networks to
classify a database of 15 risk factors, achieving the best
results with a multi-slab neural structure that could estimate
the risk of PE occurring at an early stage. They graphed
the neural networks’ performance. Espinilla [41] classified a
risk factors data set using decision trees without pruning and
linguistic fuzzy transformation, using a genetic approach. They
presented some rules generated by the decision tree. Velikova
[42] proposed classification through the Bayesian Networks
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model manually built using expert knowledge.

To provide relevant input data, a mobile app offers risk
factors and measurements of signs. The author presents user
interfaces showing the risk of getting the disease based on
the temporal Bayesian network. Tejera et al. [43] classified a
clinical history data set, including risk factors, to characterize
PE. Results are presented regarding ROC curves, sensitivity,
specificity variations, and Normalized Importance of the inde-
pendent variables in the Artificial Neural Networks. Villa et
al. [44] proposed Bayesian clustering to compute the risk ratio
of each disease outcome.

This paper displays the results in the heat map, presenting
the risk factors in different clusters. The system’s decision-
making process is not explicit. Moreira [45] proposed classi-
fying risk factors, physiological mechanisms, and symptoms
data set to identify high-risk pregnancies. This work proposed
a smart system designed to support medical decision-making
for pregnancy. Fergus [46] classified a genetic variants data
set based on Genomic Wide Association Study (GWAS) using
Deep learning stacked auto-encoders to allow early detection
of preeclampsia. Additionally, they proposed using structured
logic rules to reduce the interpretability of neural network-
ing models. Cox [47] used Bayes Networks as the better
algorithm to classify a plasma membrane proteins data set.
Mehta reviewed and analyzed data mining methods applied
to maternal care [48]. The author concluded that graphical
representations of Decision Trees and Naive Bayes models
are easier to understand for medical experts, unlike Neural
Networks and Vector Machines.

C. Unbalanced Datasets

Conventional classification techniques naturally adjust to the
majority class, since most samples are over-represented in the
loss function. Traditional regularization techniques, designed
to balance bias and variance, do not regularize one-sided
biases, such as over-fitting one class to the detriment of the
other [49]. The problem of datasets with unbalanced classes
has been approached from both the data level and algorithm
level [50].

1) Data-Level Solutions: Data-level solutions are indepen-
dent of the classification method [51]. Among these are re-
sampling methods that focus on the data. These methods are
categorized into sub-sampling, oversampling, and hybrid re-
sampling. Table II provides a brief review of relevant works
that offer data-level solutions.

Some methods involve resampling the data when dealing
with class imbalance in datasets. One way to do this is by
either sampling the minority or majority class until both have
roughly equal representatives. However, both methods have
their drawbacks. Subsampling can generate useful data, but
oversampling can artificially increase the size of the dataset
and create a heavier computational load. Both methods also
alter the original distribution of the classes. A simple way
to increase the size of the minority class is through random
sampling, but this can result in over-fitting because it creates
exact copies of minority class examples. Another strategy is to
use a technique to generate new minority synthetic examples

based on several positive examples that are very close together.
Based on this review, a hybrid resampling method could
be a potential solution to address class imbalance issues in
healthcare datasets.

2) Algorithm-Level Solutions: The second approach to
solving the class imbalance problem is an algorithmic-level
solution to modify classification techniques to improve classi-
fication performance by adjusting the weights for each class.
Algorithm-level solutions include sets of classifiers and cost-
sensitive learning algorithms [73]. Table I presents a review
of the most representative works to give an overview of the
solutions at the algorithm level.

In conclusion, some algorithmic solutions, such as cost-
sensitive approaches, depend more on the specific problem
under study, while the data-level solutions and the classifier
ensembles are more versatile [62]. This work proved the
performance of a hybrid data-level solution for the balance
in the health domain. The sub-sampling and oversampling
techniques and ensembles were applied in two study cases:
Age-Related Macular Degeneration and Preeclampsia.

III. METHODOLOGY

This subsection presents the pipeline for carrying out the
experiments for the aforementioned techniques to two scenar-
ios in the medical domain: Age-Related Macular Degeneration
and Preeclampsia.

o
Dataset Data SMOTE - Data
curation Preprocessing augmentation
Ov
v <:‘:|
0O x
Testing Model
& evaluation training Undersampling

Fig. 3. Methodology Overview: A brief visual representation of the
study’s step-by-step process involving dataset preprocessing, feature
selection, addressing imbalances, noise elimination, classifier set
usage, and balanced accuracy evaluation.

The following procedure was followed:

1) Preprocessing of each data set to address the missing
values problem.

2) Replacing missing values using the average and mode.

3) Apply RFE to select the optimal number of variables to
build the models.

4) Applying different thresholds to remove instances from
the class. The study applies thresholds from 50% to 90%
at 10% intervals to the case class and when Undersam-
pling is applied it does so to the control class.
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TABLE 1
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ALGORITHM-LEVEL SOLUTIONS USED FOR BALANCING IMBALANCED DATASETS, INCLUDING AUTHORS, SPECIFIC
METHODS EMPLOYED FOR TASK BALANCING, AND THE TYPES OF DATA EVALUATED IN DIFFERENT STUDIES

Author

Balancing Method

Data Type

Evaluation Metrics

Zhu et al. [52]
Wang et al. [53]

X. Liu and Z. Zhou [54]
Khan et al. [55]

Weiss et al. [56]
McCarthy et al. [57]
Japkowicz et al. [58]
Alanis-Tamez [59]

Moreno [60]

Xia et al. [61]

Diez Pastor et al. [62]
Mena et al. [63]
Kumar et al. [14]

Li et al. [64]

Santos et al. [65] 6

Peng et al. [66]

Ullah et al. [67]
Mazur-Milecka et al.
[68]

Kovacheva et al. [69]

Chtopowiec et al. [70]
Xie et al. [71]

Veturi et al. [72]

R library (IRIC) - a new implementation
Classification: BSMAIRS

C4.5 decision tree, B-C45CS

Cost-sensitive deep neural network
(CoSen)
"Budget-sensitive" progressive

sampling algorithm
Cost-sensitive learning and sampling

C5.0, Neural Networks, Support Vector
Machines

Assisted Classification for Imbalanced
Data (ACID)

Parallel classification system based
on mixed-type assembly of experts
(PCEM)

Optimization algorithm based on ac-
celerated proximal gradient and block
coordinate descent techniques

Various ensemble-based methods with
diversity-increasing techniques

Rule Extraction for Medical Diagnosis
(REMED)

SMOTE, ADASYN, SVM-SMOTE,
SMOTEEN, and SMOTETOMEK
Neural Network (DA-RNN) and Con-
volutional Block Attention Module
(CBAM)

Artificial Immune Systems (AIS) and
Decision Trees (DT) induced via Ge-
netic Programming (GP)

Active learning and semi-supervised
learning methods

Deep learning method with a pre-
trained deep residual network, ResNet-
18

XGBoost, Support Vector Machine
(SVM), Random Forest, and Explain-
able Boosting Machines (EBM)
Xgboost, and linear regression

Convolutional Networks
Class imbalanced semisupervised learn-

ing (CISSL)
Convolutional neural networks

Three datasets from the telecommunica-
tion industry
Eight medical public datasets

Thirty-eight public datasets
Six main image classification datasets

Twenty-six public datasets

Twelve public datasets and two from
AT&T

Eight public datasets

Fifteen public datasets of common

chronic diseases
Ten public datasets

Public and real Cardiovascular and
Cerebrovascular Disease datasets
Eighty-four public datasets

Four public datasets

Five public data sets

Public data set

Public data set

Three synthetic, and one public data set

MIT-BIH arrhythmia database, IN-
CART 12-lead Arrhythmia Database

Synthetic data set

Data set from Mass General Brigham
hospitals electronic health records
(EHR)

22 publicly available datasets

Synthetic dataset

Moorfields Eye Hospital (MEH) dataset

ROC

Accuracy, Sensitivity, Specificity, G-
mean

Total cost

F-measure, G-mean

Area under the ROC curve

ROC

Classification percent error

Friedman’s test, Holm’s test

Accuracy

Accuracy,
Loss, F1

Hamming Loss, Ranking

AUC, F-Measure, G-Mean

Accuracy, Sensitivity, Specificity, AUC,
G-Mean

Accuracy, precision, recall

Accuracy, root mean square error
(RMSE), and the mean absolute error

(MAE)
Sensitivity, specificity

Accuracy, precision, recall, Fl-score

Accuracy

AUC

Sensitivity, specificity, accuracy, AUC,
F1-score
Precision, recall

(AUROC) and Cohen’s Kappa

5) Addressing the disequilibrium by applying resampling

techniques.

6) Elimination of instances of the majority class.

7) Oversampling the minority class using SMOTE.

8) Use of sets of classifiers to improve the performance of

individual classifiers.

9) Evaluation of the ML models using the balanced Accu-

racy as the performance metric.

The methods employed for the experiments are as follows:
Balance Bagging [85], Balanced RF [86], Random Forests
[87], Gradient Boosting [88], Decision Trees [89], Logistic
Regression [90], K-nearest neighbor [91], and Support Vector
Machine [92]. The Ensemble classifiers were applied to com-
bine the predictions of multiple individual models to improve
overall performance. This combination often leads to greater

accuracy, robustness, and generalization than a single model.

Deep learning methods excel with images when there is an
important number of instances. For example, they have been
applied to unbalanced datasets, e.g., for detecting skin cancer
[82]. However, they were not considered in this study due to
their suboptimal performance in scenarios with small datasets,
a common characteristic in the health sector where accessing
records is challenging due to stringent patient data protection
measures.

IV. EXPERIMENTS & RESULTS

We conducted experiments to assess how well the model
performs when dealing with varying degrees of class im-
balance. Our main evaluation metric was balanced accuracy,
which measures the average accuracy across both positive and
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TABLE II

DATA LEVEL SOLUTIONS USED FOR BALANCING AND CLASSIFYING IMBALANCED DATASETS, INCLUDING AUTHORS,
BALANCING AND CLASSIFICATION METHODS, AND DATA TYPES

Author Balancing & Classification Methods Data Type Evaluation Metrics
Batista [51] Two methods: Smote + Tomek and  Thirteen two-class public datasets with ROC curve (AUC)
Smote + ENN different degrees of imbalance
Chawla [74] SMOTE + combined sub-sampling Nine datasets with varied sizes and class ~ AUC, ROC convex hull strategy

Palodeto et al. [75]

Blagus & Lusa [76]

Rodriguez Torres [77]

Vluymans [78]

Mohammed et al. [79]
Yao et al. [80]
Khan et al. [81]

Alam et al. [82]

Sowjanya et al. [83]

Koc et al. [84]

method. Classifiers: C4.5, Ripper, and
Naive Bayes

Comparison of two methods: ran-
dom over-sampling and random under-
sampling. Classifier: artificial neural
networks

SMOTE in high-dimensional
KNN classifier

Comparison of SMOTE-D
SMOTE and other
methods

Fuzzy rough set-based method for
multi-class imbalanced classification
(FROVOCO)

Three normalization methods (Min-
Max, Z-Score, L2) along with SMOTE
Data enhancement with rotation and
mirroring,Swin Transformer
Undersampling, VGG-19

data;

against
over-sampling

Data augmentation techniques: rotation,
and flipping.

SMOTE modifications: Distance-based
SMOTE (D-SMOTE) and Bi-phasic
SMOTE (BP-SMOTE)

Random under-sampling (RUS), ran-
dom over-sampling (ROS) and syn-

proportions, featuring continuous and
nominal features

Protein structure databases for Protein
Secondary Structure Prediction (PSSP)

Simulated and real gene expression
datasets
Public datasets

Eighteen multi-class imbalanced public
datasets

Dataset with 7000 diabetic patients
1200 posterior pole of the eye images

ODIR (Ocular Disease
Recognition) fundus images
Skin Cancer MNIST: HAMI10000
dataset (Multisource dermatoscopic
images)

Framingham dataset from Wisconsin
Hospital, and Novel Coronavirus 2019
dataset relating to forecasting COVID-
19 cases

Dataset collected from Turkey Social
Security Institution

Intelligent

Evaluated prediction accuracy for each
class of protein secondary structure and
general accuracy

Predictive accuracy, AUC, G-mean

AUC, F-Measure (F-M)

Average accuracy, Multi-AUC

Accuracy, Precision, Recall, F1, ROC
curve

Accuracy, sensitivity, specificity, and
F1-score

Accuracy, precision, recall, and F1-
score

Accuracy and ROC curve

Accuracy

NA

thetic minority over-sampling technique
(SMOTE)

negative classes, regardless of their distribution. To handle
class imbalance, we used the SMOTE for both oversampling
and undersampling.

Imbalance was systematically reduced from 50% to 90% in
10% intervals to demonstrate the robustness of our approach.
To further test the methods against class imbalance, we lever-
aged specialized methodologies designed for skewed datasets.
These included Balance Bagging [85] and Balanced Random
Forest (Balanced RF) [86], known for their effectiveness in
handling imbalanced data distributions. We chose not to use
deep learning methodologies due to the relatively small size
of our datasets. Deep learning has been recognized to show
suboptimal performance on smaller and imbalanced datasets,
which aligns with our experimental constraints and objectives
[93].

A. Age-Related Macular Degeneration Case

The first step was to address any missing data to handle the
data set properly. In the case of the AMD data set, missing data
examples were replaced with either the mean or the median,
depending on whether the variable was categorical or numeric,
respectively. The number of missing values was only 1%,
which did not result in any significant loss of information.

To select the most relevant variables for classifying the
AMD data set, the Recursive Feature Elimination (RFE)
algorithm was applied using Random Forest as the evaluator.

Each variable was classified according to its importance to
the model. The generated models were evaluated using the
Accuracy metric to determine the predictive power of the set
of variables in the classification process.

The RFE algorithm adjusted the model to the 29 variables
in the data set. RFE tested all possible combinations and
stored their performance in a variable combination list. For
each iteration, all variables were reclassified. At the end of
the algorithm execution, a sorted list was obtained using
the results of all iterations. From the combination of five
variables (Ophthalmology Surgeries, SNP rs203687, Bilateral
Cataracts, Alcohol Intake, and SNP rs11200638 (Table III)).
Therefore, experiments were conducted using all the features.
The accuracy across all features can be seen in Fig. 4.

TABLE III
VARIABLE IMPORTANCE FOR AMD DATA SET
Variables Accuracy Kappa
Bilateral Cataract 0.8336 0.6718
CFH87 (rs203687 SNP) 0.8303 0.6659
Alcohol intake 0.8291 0.6622
HTRAL (rs11200638 SNP)  0.8267 0.6567
Ophthalmology surgery 0.7971 0.6030

The AMD data set had a moderate imbalance, with an IR
(Imbalance Ratio) of 0.8686, and the ratio between cases and
controls is 0.4648 for cases and 0.5351 for controls.
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TABLE 1V
PERFORMANCE METRICS FOR AMD DATASET USING DIFFERENT CLASSIFICATION METHODS WITH VARIOUS SAMPLING
TECHNIQUES. THE TABLE PRESENTS BALANCE ACCURACY SCORES FOR EACH METHOD UNDER DIFFERENT

CONDITIONS
NUM METHOD SMOTE Under Sampling 0% 50% 60% 70% 80% 90 % TIME (SEC)
1 Balanced Bagging F F 09722 09722 09722 09722 09718 0.9175 1.50
F T 09722 09722 09722 09722 09444  0.8833 3.50
T F 09722 09722 09722 09599 09425 0.831 7.17
T T 09722 09722 09722 09722 0.9438 0.8897 3.50
2 Balanced Random Forest F F 0.969 09722 0.9722 0969  0.9718 0.9128 4.33
F T 09698 09722 09722 09705 09444  0.876 6.17
T F 09706 09718 09683 0.9405 0.9298  0.8077 14.17
T T 09698 09722 09718 09677 0935  0.8866 9.00
3 Decision Tree F F 09556 09298 09258 0.925 09135 0.8512 18.83
F T 09532 09528 09532 0.946 0.9373  0.9008 15.33
T F 09536 09317 09313 09274 09103  0.877 18.50
T T 09532 09536 0952 09524 09286 0.8976 15.83
4 Gradient Boosting F F 0.9627 0.9774 0.9758 0.9623  0.9623  0.9623 517
F T 09623 09698 09683 09623 0.9421  0.9008 11.17
T F 09635 09708 09634 0.9636 0.9345 0.8798 13.17
T T 09643 09679 09671 0.9495 0.9421 0.9017 11.67
5 KNN F F 0.9583 09008 0.8313 0.8214 0.7143  0.6786 25.17
F T 09583 0.8929 0.8671 0.8075 0.7917  0.8254 23.00
T F 0.9567 09243 09128 09156 0.8839 0.8444 20.33
T T 09538 0907 0.8603  0.819 0.7915 0.8148 23.83
6 Logistic Regression F F 09107 0.8651 0.8294 0.8075 0.7381  0.6667 28.33
F T 09107 0.8829  0.869 0.7917 0.8948 0.7619 25.33
T F 09095 0.8571 0.8521 0.8359 0.8181 0.7172 27.00
T T 0911 09015 0.8743 0.8608 0.8687  0.7559 24.00
7 Random Forest F F 09702 09702 09651  0.923 09012  0.6845 17.33
F T 09702 09722 09722 09704 0.9442  0.887 5.33
T F 0971 09722 0.9694 0.9484 0.9402 0.8215 10.67
T T 09706 09722 09722 09687 0.9402 0.8776 6.83
8 SVM F F 0.8889  0.6548 0.5119 0.5 0.5 0.5 31.83
F T 0.8889  0.877  0.6567 0.5972  0.5258  0.5258 30.00
T F 0916  0.8858 0.8665 0.8642 0.8933  0.7807 24.00
T T 0923  0.7647 0.6263  0.5628  0.5263  0.5258 29.67

B. Experiments for the Preeclampsia Case

The dataset contains 1,640 records, and 12.4% of them
have missing data. In this process, the missing data was
replaced with the median or average value, depending on
whether the variable was categorical or numerical. The first
step was to identify the most important variables for predicting
Preeclampsia and check for missing values in those variables.
The mean or median replaces the missing values in these
variables. After preprocessing the database, RFE with Random
Forest was used to select the most relevant variables based on
their importance in the model.

The accuracy of the generated models was evaluated to
determine the predictive power of the selected variables in the
classification process. The RFE algorithm tested all possible
combinations and stored them in a variable combination list
along with their performance. All variables were reclassified
for each iteration to select the most relevant ones. To overcome
the class imbalance problem, the receiver operational charac-
teristics (ROC) curve was applied by selecting the Leave One
Out cross-validation method. The ROC curve helped us select
the most relevant variables by limiting the maximum possible
value along the axis.

The variables that make up the Preeclampsia data set
are listed in Table V according to the Modified Dynamic
Gini Index (MDGI), which measures the inequality among

values of a frequency distribution [94]. The MDGI value
of each variable is expressed in the range [0, 100]. The
most important variables, according to the MDGI, are the
duration of pregnancy completed in weeks (PRGLNGTH),
poverty (POVERTY), workforce status, water retention/edema
in pregnancy (SWLNANKL), education (years of school-
ing completed) (EDUCAT), workforce status (LABORFOR),
school or highest school grade (HIEDUC), and the number of
cigars smoked a day 6 months before the woman knew she was
pregnant (PRIORSMK). Based on the ROC curve, using all
25 variables to continue with the subsequent steps for data set
classification. As was done with the previous dataset, the RFE
algorithm was applied to the dataset. The results are shown in
Fig. 5. For doing the experiments all variables were selected
except one.

The dataset was unbalanced, with 269 instances for the
positive class and 1371 for the negative class. It has a total of
26 variables. The IR is 0.1962, indicating the ratio of cases
to controls. The Preeclampsia data set has an IR of 0.1962,
resolved by the SMOTE algorithm.

After addressing the class imbalance issue, the next step was
eliminating any noisy data. The Preeclampsia dataset mostly
consists of categorical variables, with only five being numeric.
The "One hot" encoding algorithm was used to transform each
category into a binary vector with a corresponding numeric
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Fig. 4. Enhancing the classifier’s accuracy through the RFE algorithm,
using RF as an evaluator across various combinations.
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Fig. 5. Improving the accuracy of the classifier by employing the RFE
algorithm, utilizing RF as an evaluator across different combinations.

value to prevent categorical variables from interfering with
classification. The undersampling technique was implemented
to randomly eliminate instances of the majority class, as done
in previous experiments [95]. A total of 184 instances, which
comprised 17.1% of the majority class, were deleted from the
Preeclampsia dataset. With the problems of class imbalance,
categorical variables, and spurious data resolved, the classifi-
cation process could continue. The interclass imbalance in the
Preeclampsia dataset was much larger than that of AMD.

V. DISCUSSION OF THE RESULTS

Experiments involved six distinct case reduction configura-
tions (0%, 50%, 60%, 70%, 80%, and 90%), both with and
without SMOTE and with and without Undersampling. This
resulted in a total of 30 repetitions for each configuration.

In the analysis of the Age-Related Macular Degeneration
(AMD) dataset, various classification methods with different

TABLE V
PREECLAMPSIA DATA SET VARIABLES IMPORTANCE
ACCORDING TO THE MODIFIED DYNAMIC GINI INDEX

(MDGI)
Variables MDGI
PRGLNGTH 27.80
POVERTY 25.80
SWLNANKL 19.42
EDUCAT 11.14
LABORFOR 10.90
HIEDUC 10.36
PRIORSMK 9.40
OUTCOME 8.43
REGION 8.12
RELIGION 7.61
NEWPR 6.80
METRO 6.68
OTHRPROB 6.29
RACE 4.49
VGBLDFEST 4.17
HISPRACE 4.10
ANEMIA 3.86
GESTDBTS 3.71
WEAKCRVX 3.11
NPOSTSMK 2.96
POSTSMKS 2.89
VGBLDLST 2.80

sampling techniques were employed to address class imbal-
ance (Table IV). Balanced Bagging and Balanced Random
Forest methods demonstrated robust performance across differ-
ent thresholds, achieving balanced accuracy scores above 97%
in some cases. Gradient Boosting exhibited competitive per-
formance, consistently achieving scores above 96%. K-Nearest
Neighbors (KNN) showed promising results, particularly when
coupled with SMOTE, reaching up to 95.67%.

For the Preeclampsia dataset, similar analyses were con-
ducted, focusing on balanced accuracy scores (Table ?7?).
Balanced Bagging and Balanced Random Forest again stood
out, with balanced accuracy scores exceeding 77%. Decision
Tree and Gradient Boosting methods demonstrated competitive
results, particularly with the application of SMOTE, achieving
balanced accuracy scores above 72%. Logistic Regression
displayed notable performance, reaching a balanced accuracy
of 74.12%, further enhanced by the use of SMOTE.

These findings underscore the effectiveness of specific
classification methods and sampling techniques in handling
class imbalance in healthcare datasets. The consistent per-
formance of Balanced Bagging and Balanced RF highlights
their reliability, while the adaptability of Gradient Boosting
and Decision Tree methods emphasizes their effectiveness in
diverse scenarios. LG, when paired with SMOTE, showcases
its potential for optimizing model performance in imbalanced
datasets.

A few interesting points about the experiments are:

« The most effective method is Balanced Bagging, albeit
with a significant computational cost. Balanced Random
Forest also performs admirably, albeit with a notably
shorter runtime.
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TABLE VI
PERFORMANCE METRICS FOR PRECLAMPSIA USING DIFFERENT CLASSIFICATION METHODS WITH VARIOUS
SAMPLING TECHNIQUES. THE TABLE PRESENTS BALANCE ACCURACY SCORES FOR EACH METHOD UNDER DIFFERENT

CONDITIONS
NUM METHOD SMOTE Under Sampling 0% 50% 60 % 70% 80% 90 % TIME (SEC)
1 Balanced Bagging F F 0.7865 0.7788  0.782  0.7758  0.7736  0.7598 1.33
F T 0.786  0.7597 0.7495 0.7538 0.7212  0.7002 6.50
T F 0.6872 0.7513 0.7623 0.7722 0.7721  0.7354 5.00
T T 0.6857 0.6574 0.6493 0.6643 0.6628  0.6455 15.83
2 Balanced Random Forest F F 0.7714  0.7776  0.7693  0.7729  0.7722  0.7562 2.83
F T 0.7729  0.7511  0.7347 0.7339 0.7238 0.7151 6.67
T F 0.6882 0.7418 0.7586  0.7768 0.77 0.735 5.00
T T 0.6876  0.6477 0.6374  0.657 0.6538 0.6388 17.33
3 Decision Tree F F 0.6706 0.7122  0.6691  0.7278 0.676  0.6647 14.33
F T 0.6682 0.6206 0.5948 0.6016 0.6233 0.6189 23.50
T F 0.6545 0.6652 0.6728 0.6869 0.6896  0.6826 15.83
T T 0.655  0.6215 0.5963 0.623  0.6215 0.6027 23.83
4 Gradient Boosting F F 0.6565 0.7264 0.7061 0.7012 0.7093  0.6874 13.83
F T 0.6564 0.6027 0.6274 0.5833  0.6105 0.5547 25.00
T F 0.682  0.7289  0.727  0.7252  0.7202  0.7037 11.00
T T 0.6803 0.6612 0.6416 0.6736 0.6264  0.6429 17.33
5 KNN F F 0.5796  0.6262 0.6365 0.6384 0.6333 0.6084 22.67
F T 0.5796  0.571 0.5328 0.5279  0.5083  0.4882 30.50
T F 0.6444 0.6414 0.6456  0.629  0.6336  0.5989 21.33
T T 0.6432  0.6437 0.6404 0.6186 0.6011  0.6062 23.00
6 Logistic Regression F F 0.6101  0.6921 0.712  0.7224 0.7317  0.7003 13.67
F T 0.6101  0.5781 0.6003 0.6005 0.5821  0.5488 27.00
T F 0.7412  0.7405 0.7329 0.7299 0.7362 0.7311 7.50
T T 0.742 0.734  0.6971 0.7058 0.6813  0.6334 12.17
7 Random Forest F F 0.6726  0.7279  0.7464 0.7653 0.7735 0.7108 8.83
F T 0.6733  0.6098 0.6174 0.6191 0.6032  0.5802 23.50
T F 0.6844 0.7417 0.7565 0.7698 0.7744  0.7334 6.17
T T 0.6866 0.6472 0.6393  0.6582 0.6503 0.6415 17.50
8 SVM F F 0.5 0.5 0.5 0.548 0.54 0.5158 30.33
F T 0.5 0.5 0.5 0.5 0.5 0.5 31.33
T F 0.6939 0.6376  0.5878 0.5584 0.5349  0.5239 24.17
T T 0.6928 0.6848 0.6118 0.5565 0.5409  0.5202 22.33

o Tree-based methods prove to be the most successful,
including Random Forest, Gradient Boosting, Decision
Tree, and the two methods mentioned in point one.

« Both SMOTE and Undersampling do not yield substantial
improvements in the methods based on trees. But they do
work quite well for the methods non-based on trees such
as KNN, SVM, and LR.

e The results from the two datasets exhibit considerable
similarity, confirming a degree of consistency across the
methods. The same applies to the different thresholds of
removing cases in each experiment.

Fig. 6 presents insightful findings, illustrating the average
ranking position per method and technique across various
thresholds for combining the two datasets. Notably, Balanced
Bagging consistently achieves an impressive average position
of 1.52, often securing the top spot, while Balanced RF follows
closely with 5.58, demonstrating robust performance even
without SMOTE or Undersampling (US). It’s noteworthy that
Balanced Bagging outperforms Balanced RF in less than half
the time, emphasizing its efficiency.

Both Random Forest and Gradient Boosting, employing
multiple trees and determining outcomes through the average
of these trees, exhibit comparable results. Interestingly, under-
sampling and SMOTE prove effective for KNN, SVM, and
Logistic Regression, demonstrating their utility in enhancing
performance for certain methods.

In short, for methods relying on multiple trees, the use of
undersampling or oversampling techniques seems unnecessary,
as they inherently address imbalances by averaging decisions
across trees. Conversely, methods lacking this inherent capa-
bility require additional preprocessing steps.

Moving to Fig. 7, which presents the average position
per method across all thresholds for both datasets, tree-based
methods, particularly those designed for balancing (Balanced
Bagging with an average position of 5.54 and Balanced RF
with 8.19), exhibit superior performance compared to non-
tree-based methods. Furthermore, it indicates that SMOTE
enhances the ranking for non-tree-based algorithms while
adversely affecting tree-based ones. Similarly, undersampling
proves beneficial for non-tree-based algorithms but hinders
performance for tree-based methods.

To summarize, the best strategy is to use Balanced Bag-
ging and Balanced RF without SMOTE or Undersampling
techniques. These tree-based methods consistently outperform
their counterparts across various thresholds and datasets.

Compared to other data and algorithm-level approaches, this
proposal is a hybrid sampling technique supporting the trend
of creating hybrid methods. These methods make the perfor-
mance of classifiers more efficient, even with few samples.

Due to privacy concerns and ethical considerations, the
datasets used in this study are not publicly available. Thus, it
is impossible to compare our approach’s performance directly
with other methods not tested on these specific datasets.
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Fig. 6. Ranking positions for the optimal configuration of each
supervised algorithm across 32 settings.

However, we have chosen evaluation metrics carefully and
compared our results with relevant benchmarks and state-of-
the-art approaches on publicly available datasets.

VI. CONCLUSION

In this study, we aimed to enhance the accuracy and
reliability of medical data classification models, ensuring both
effectiveness and comprehensibility. By addressing class im-
balance in medical datasets, we introduced a hybrid approach
combining oversampling and undersampling techniques within
ensemble classifiers. Our methodology sought to create bal-
anced datasets and mitigate class imbalance effects, improving
model performance and interpretability.

A. Conclusions

Our approach utilized random oversampling and SMOTE
to generate balanced datasets, alongside transforming binary
vectors to reduce bias in categorical variables. We also applied
undersampling to the majority class to balance the number of
instances between classes.

We assessed the performance of eight well-established
ML classification methods using balanced accuracy, a metric
that accounts for performance across both classes. Results
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Fig. 7. Average rankings were averaged across different classification
methods. They were also divided based on the use of SMOTE and
undersampling, depending on whether they were tree-based.

highlighted that Balanced bagging and Balanced RF consis-
tently outperformed others, demonstrating superior robustness
in handling class imbalance and achieving high BA scores.
Among tree-based methods, RF and GB exhibited the most
success. Conversely, non-tree-based methods such as SVM,
LR, and k-NN showed improved performance when combined
with techniques like SMOTE and undersampling. The findings
are further illustrated through figures showing average ranking
positions, emphasizing the effectiveness of Balanced Bagging
and the overall superiority of tree-based methods.

B. Future Work

Future research should focus on refining the hybrid sam-
pling techniques to enhance adaptability across diverse med-
ical datasets. Investigating the integration of emerging ML
models and exploring their impact on class-imbalanced health-
care data could provide valuable insights. Extending the re-
search to include more diverse medical conditions and datasets
would contribute to a broader understanding of the proposed
approach’s generalizability. Addressing model interpretability
and clinical relevance remains crucial. Further investigation
into the computational efficiency of alternative sampling meth-
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ods and their implementation in real-time healthcare applica-
tions is also recommended.

[2]

[3]

[4]
[5]

[6]

GLOSSARY

AMD: Age-related macular Degeneration is a medical
condition affecting the retina.

Balanced Accuracy: This metric evaluates classification
performance by averaging sensitivity and specificity to
account for class imbalance.

Balanced Bagging: Class imbalance is addressed by
combining multiple models with resampling techniques
using this algorithm.

Balanced Random Forest: Effective handling of imbal-
anced datasets is achieved by adjusting the training of
random forests with this algorithm.

Hybrid Sampling Technique: Various sampling tech-
niques are combined with this method to manage class
imbalance in datasets.

Imbalanced Class Distributions: A scenario where some
classes are significantly underrepresented compared to
others is described by this term.

Modified Dynamic Gini Index (MDGI): Assessing
variable importance is done by measuring its impact on
reducing impurity in predictive models with this metric.
Oversampling: This technique involves adding additional
samples to the minority class to balance class distribu-
tions.

Preeclampsia: Characterized by high blood pressure and
potential damage to organs, this pregnancy complication
requires careful monitoring.

Recursive Feature Elimination (RFE): Improvement in
model performance is achieved through iterative removal
of the least important features in this feature selection
process.

SMOTE (Synthetic Minority Over-sampling Tech-
nique): Generating synthetic examples for the minority
class is done by creating new instances in feature space
with this oversampling method.

Undersampling: Removing samples from the majority
class to balance the dataset is the focus of this technique.
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