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A B S T R A C T

Diabetes mellitus poses a global health concern, prompting the development of machine learning algorithms
designed to construct a model for the accurate classification of patients, enabling precise diagnoses and
early-stage treatment. However, the efficacy of classifying diabetes patients through machine learning relies
on datasets, often plagued by imbalance, leading to biased classification and inaccurate diagnoses. Previous
research attempts, employing techniques like random sampling (under-sampling and oversampling) and the
Synthetic Minority Oversampling Technique (SMOTE), have struggled to achieve optimally balanced datasets.
Additionally, setting the best parameters for machine learning classifiers remains a challenging task. To
address these issues, this research focuses on devising a methodological metaheuristic optimization, a machine
learning algorithm tailored for diabetes data balancing, and classifier hyperparameter tuning. Leveraging
Particle Swarm Optimization (PSO) algorithm for diabetes data balancing and a genetic algorithm to select
the optimal architecture for various machine learning classifiers. The study compares the performance of the
proposed metaheuristic data balancer and classifier architecture parameter tuner using classification metrics
(F1 score, Average Precision–Recall (APR), AUC, and accuracy). The PSO balanced dataset emerges as the most
effective in classifying diabetes, with an Average Percentage Improvement (API) in classification performance
metrics: 20.78% accuracy, 16.79% area under the curve for receiver operating characteristics, and a significant
32.78% enhancement in APR. Moreover, the XGBOOST classifier trained with a genetic algorithm demonstrates
minimal computational training time for the Centre for Disease Control and Prevention (CDC) diabetes dataset
compared to the artificial neural network and random forest classifier. Notably, the imbalanced CDC diabetes
dataset exhibits the least APR compared to random under-sampling and the PSO data balancing technique.
1. Introduction

Elevated sugar levels in the body contribute to the onset of dia-
betes mellitus [1], a condition broadly categorized into three types:
Type 1 (insulin-dependent), Type 2 (insulin-independent), and Type 3
(gestational diabetes) [2,3]. Insulin-dependent diabetes arises when the
pancreas, a vital gland, fails to produce the necessary insulin for the
body’s cells. Conversely, insulin-independent diabetes occurs when the
body’s cells produce insulin but do not effectively utilize it. Gestational
diabetes, on the other hand, manifests during pregnancy [4]. Insulin
plays a crucial role in facilitating the absorption of glucose by cells,
converting it into energy. When cells fail to absorb glucose, leading
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to its accumulation in the body, the pancreas struggles to produce in-
sulin [1]. Consequently, elevated blood sugar levels pose a health risk.
Normoglycemia, representing the normal glucose level ranging from
70–99 mg per deciliter, contrasts sharply with the diabetic threshold
of 126 mg per deciliter [1]. Untreated diabetes can result in severe
complications such as nerve damage, stroke, and kidney failure [5].
Early detection is paramount for effective disease management [3].
prompting researchers to explore the application of machine learning
algorithms. These algorithms, adept at learning from empirical data
without explicit programming, hold promise for enhancing the timely
identification and treatment of diabetes [6].
https://doi.org/10.1016/j.fraope.2024.100153
Received 14 December 2023; Received in revised form 21 June 2024; Accepted 22
773-1863/© 2024 The Author(s). Published by Elsevier Inc. on behalf of The Fra
 http://creativecommons.org/licenses/by-nc-nd/4.0/ ). 
August 2024
nklin Institute. This is an open access article under the CC BY-NC-ND license 

https://www.elsevier.com/locate/fraope
https://www.elsevier.com/locate/fraope
mailto:hauwaumi002@gmail.com
mailto:drolawalemi@gmail.com
mailto:bellosalau@abu.edu.ng
mailto:salis2k10@gmail.com
mailto:aonumanyi@csir.co.za
mailto:aoreofe@abu.edu.ng
https://doi.org/10.1016/j.fraope.2024.100153
https://doi.org/10.1016/j.fraope.2024.100153
http://crossmark.crossref.org/dialog/?doi=10.1016/j.fraope.2024.100153&domain=pdf
http://creativecommons.org/licenses/by-nc-nd/4.0/


H.A. Aliyu et al.

s
s
d
o
a
E
m
l
i
t
s
a
t
a
d
t
d
i
e
u

o
m
t
R
w
t
s
c
f
h
h

Franklin Open 8 (2024) 100153 
Nomenclature

Abbreviations

ANN Artificial Neural Networks
API Average Percentage Improvement
APR Average-Precision Recall
AUC Area Under Curve
CDC Center for Disease Control and Prevention
FN False Negative
FP False Positive
GA Genetic Algorithm
MLP Multilayer Perceptron
PCA Principal Component Analysis
PSO Particle Swarm Optimization
Ran Random Forest
RNA Ribonucleic Acid
SMOTE Synthetic Minority Oversampling Technique
TN True Negative
TP True Positive
XGB eXtreme Gradient Boosting

Constants and variables

𝜌 Percentage average for PSO
𝜂 Percentage average for random sampling
𝑓 (𝑥) Objective function
𝑉 𝑡+1
𝑖 Future particle velocity

𝑥𝑡+1𝑖 Future particle position

Numerous machine learning models have been proposed by re-
earchers to predict diabetes using diverse datasets, given the sub-
tantial reliance of machine learning on data [7–9]. However, medical
ata sets for diabetes classification problems, available in repositories,
ften exhibit imbalance, creating a bias towards the major class and
ffecting the accuracy of the developed machine learning model [10].
xisting conventional data balancing methods, including the synthetic
inority oversampling technique, oversampling, and under-sampling,

ack heuristics or fitness functions [11,12]. In contrast, this study
ntroduces metaheuristic algorithms, problem-independent algorithms
hat employ fitness functions to guide their search for optimal solutions,
pecifically optimal datasets. Notably, machine learning classifying
lgorithms lack a standard procedure for selecting the best parame-
ers, hindering their performance improvement based on data patterns
nd observed evidence [13,14]. In addressing this gap, the proposed
istributed metaheuristic optimization algorithm emerges as a poten-
ial solution, enhancing robust performance on unseen datasets in
iabetes classification problems. While previous research has delved
nto machine-learning-related medical analysis classification issues, the
xploration of diabetes data balancing and classifier parameter tuning
sing metaheuristic algorithms remains insufficient.

An imbalance in cancer medical data sets at different cancer stages
r between malignant and benign cases affects predictive model perfor-
ance. kabir et al. [15], analyze the impact of dimensionality reduction

echniques on machine learning models for cancer prediction using
NA sequencing data. PCA, kernel PCA, and autoencoder were used,
ith neural network and support vector machine classifiers trained and

ested on the original and reduced data. The study found that dimen-
ionality reduction improves classifier performance, with the autoen-
oder outperforming PCA and kernel PCA, emphasizing its potential
or high-dimensional data analysis. The prevalence of rare events like
eart attacks can lead to data imbalance issues, thus [16] aims to en-
ance personalized treatments for cardiovascular diseases (CVD) using
2 
artificial intelligence and machine learning on RNA-sequencing gene-
expression data. The study generated and processed RNA-sequence
data from the serum of consented CVD patients, applying visualizing
genes with disease-causing variants for gene-disease annotation and
expression analysis. They developed a Findable, Accessible, Intelligent,
and Reproducible (FAIR) approach based on the Random Forest algo-
rithm for biostatistical evaluation, successfully predicting associations
between significant genes and demographic variables, underscoring the
model’s potential for improving personalized CVD treatments. Also,
an imbalance between different genetic markers can influence the
outcome of association studies. As such, [17] applies machine learning
techniques to identify and classify COVID-19 infections using lung com-
puterized tomography scans and a computer-aided diagnosis system.
Decision Tree, SVM, K-means clustering, and RBF were used with clin-
ical samples, involving screening, pre-processing, segmentation, and
classification phases. The significance lies in offering a more efficient,
accurate, and less labor-intensive method for early COVID-19 diagnosis,
potentially improving patient outcomes and reducing virus exposure.

This research aims to highlight the significance of employing a
distributed metaheuristic optimization-based machine learning algo-
rithm for diabetes data balancing and classifier parameter tuning,
emphasizing improvements in model accuracy, training efficiency, and
computational training time for imbalanced data sets. Mumjudar &
Vaidehi [18], focus on predicting diabetes using machine learning
classifiers, highlighting logistic regression as the top-performing classi-
fier in terms of classification metrics without pipelining. Furthermore,
they found that when employing a pipeline for the control and au-
tomation of workflow, the AdaBoost classifier outperformed others
in predicting diabetes, specifically using the Pima Indian diabetes
dataset, though details on other datasets were not disclosed. Nicolucci
et al. [19], concentrate on constructing prognostic models for diabetes
complications based on electronic medical records, specifically for
insulin-independent diabetes. Their supervised learning machine learn-
ing algorithm, based on 148 patient data collected over 15 years from
23 centers, identifies diabetic patients at a higher risk of complications.
Ganie & Malik [20]], explore the prediction of insulin-independent
diabetes using lifestyle indicators, employing an ensemble machine
learning method along with a synthetic minority oversampling tech-
nique to address imbalanced datasets consisting of 1939 records and 11
biological/lifestyle parameters. The study identifies urination as a cru-
cial feature in predicting insulin-independent diabetes, with the bagged
decision tree classifier demonstrating superior performance compared
to other machine learning classifiers in predicting insulin-independent
diabetes with lifestyle indicators.

Cheheltani et al. [21], delve into the identification of insulin-
dependent patients erroneously diagnosed as insulin-independent, uti-
lizing the XGBoost classifier and the IQVIA database of electronic
medical records. Their findings underscore therapy history, body mass
index, age, and blood glucose values as key predictors of misdiagnosis.
Jangili et al. [22], focus on predicting biomarkers associated with
insulin-independent diabetes and coronary artery diseases. Using the
SMOTE data balancing method and various machine learning clas-
sifiers, they employ an imbalanced dataset from Mediciti Hospital,
Hyderabad, consisting of 123 insulin-independent individuals aged
35 to 70 years. The study reveals that the random forest classi-
fier outperforms support vector machine, K-nearest neighbor, logistic
regression, and decision tree classifiers in predicting biomarkers, con-
sidering metrics such as precision, area under the curve, F1 score,
and recall. Bhat et al. [23], explore diabetes prediction guidelines and
risk analysis, utilizing the SMOTE balancing method for the PIMA
Indian diabetes datasets with three machine-learning classifiers. They
identify blood pressure, glucose level, and diabetes pedigree function
as major contributors to diabetes, with weight having the least impact.
Among the classifiers, the decision tree exhibits superior performance
with precision (96%), accuracy rate (91%), recall (92%), and F1-score

(94%).
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The PIMA diabetes dataset, encompassing 768 patients and their
respective features, is relatively small. Some feature values within these
datasets were unavailable, necessitating the use of mean values as re-
placements. In contrast, the Centers for Disease Control and Prevention
(CDC) diabetes health indicator dataset is larger than the PIMA dataset.
While larger datasets generally enhance accuracy in machine learning
classification problems, careful consideration of trade-offs is impera-
tive. These trade-offs encompass factors such as extended training time
and increased computational complexity. Moreover, the presence of
highly correlated features can lead to overfitting, characterized by the
memorization of the training dataset and resulting in low bias but high
variation between the training and testing datasets. To address this
issue, this research leverages the relationship between metaheuristic
data balancing for diabetes datasets and distributed optimization which
combines the ability to efficiently handle large-scale data balancing
tasks.

By utilizing distributed optimization (optimizing imbalanced data
set and hyperparameter tuning of machine learning classifiers), meta-
heuristic algorithms can scale to larger datasets, providing effective
solutions in a computationally efficient manner [24–26]. This synergy
is particularly valuable in medical data analysis, where large and
imbalanced datasets are common. Also, the Pearson correlation was
employed to scrutinize highly correlated features, mitigating problems
associated with overfitting and ensuring the robustness of the machine
learning classification process. Additionally, this research utilizes the
imbalanced diabetes health indicator dataset from the Centers for Dis-
ease Control and Prevention (CDC). With a participant pool of 253,680
and 21 features, this dataset aims to unravel the relationship between
lifestyle and diabetes in the United States, employing a fixed split train–
test methodology. The study introduces a novel approach, proposing a
diabetes Particle Swarm Optimization (PSO) data balancer and Genetic
Algorithm (GA) for machine learning classifier parameter tuning. The
key contributions of this research include:

1. The introduction of an under-sampled PSO CDC diabetes dataset
to enhance training efficiency and model accuracy in diabetes
classification [27].

2. The application of GA-tuned hyperparameters to machine learn-
ing classifiers, specifically the Artificial Neural Network (mul-
tilayer perceptron neural model), XGBOOST (eXtreme Gradi-
ent Boost) classifier, and the Random Forest classifier, for the
under-sampled PSO CDC diabetes dataset.

3. The demonstration that the PSO balanced dataset exhibits an API
over the random under-sampling technique, showcases 20.78%
accuracy, 16.79% area under the curve for receiver operat-
ing characteristics, and 32.78% APR in terms of classification
performance metrics.

Considering these significant contributions, the study aims to un-
erscore the pivotal role of metaheuristic algorithms in addressing
mbalances within datasets and optimizing hyperparameters for clas-
ifiers, thereby elevating performance scores through insights derived
rom data patterns and empirical evidence. The subsequent sections of
he study are structured as follows: Section 2 delves into materials and
ethods, Section 3 offers results and discussion, and Section 4 serves

s the concluding segment of the paper.

. Material and methods

This section details the materials and methods employed in the cur-
ent research. Table 1 provides an itemized list of materials along with
heir specifications. The analysis utilized various modules imported into
he Jupyter Notebook server version 6.4.8, including sklearn, xgboost,
atplotlib, scipy, pandas, random, and seaborn. The framework of the
ethod is illustrated in Fig. 1. For metaheuristic optimization, the
article swarm optimization algorithm was employed to balance the
ajority-classified (negative diabetes) and minority-classified (positive
iabetes) data sets.
3 
Table 1
Materials and specification.

Materials Specification

Laptop computer HP EliteBook 830 G5 Intel(R) Core (TM) i5- 8350U
CPU @ 1.70 GHz, 1.90 GHz

Anaconda Navigator Jupyter Notebook (Anaconda 3)
Data set [28]

Table 2
PSO parameters.
Parameter Value

Swarm Size 10
Inertia weight 0.5
Cognitive coefficient 0.9
Social coefficient 0.5

2.1. Data set

The CDC diabetes dataset encompasses lifestyle information from
individuals with and without diabetes in the United States. This mul-
tivariate dataset comprises 253,680 patients and encompasses 21 fea-
tures utilized for classifying labels indicating the presence or absence
of diabetes [28]. Funded by the CDC, the creation of this dataset was
facilitated. Derived from mobile phone and landline data submitted in
2014 for all 50 states, the District of Columbia, Guam, and Puerto Rico,
the Collective Behavioral Risk Factor Surveillance System dataset is
notably imbalanced, with 86.07% representing cases without diabetes
and 13.93% representing instances of diabetes.

2.2. Particle swarm optimization

The particle swarm optimization, a swarm-based algorithm [12,29–
33], was used as the chosen method for data balancing in this study. In
the CDC diabetes dataset, the majority class corresponds to the negative
diabetes class, constituting 86.07% of the dataset. Leveraging its strong
exploration capabilities, the PSO algorithm optimizes, systematically
exploring the negative diabetes instances within the CDC dataset. Sub-
sequently, it identifies the optimal participant profile using Euclidean
distance as the performance metric. The PSO metaheuristic algorithm,
outlined in Algorithm 1, employs particles to represent participants
recorded in the historical CDC diabetes dataset. The under-sampled
CDC dataset is partitioned into training, validation, and test subsets.
The update process for the algorithm’s velocity is calculated using (1)
and (2) sequentially.

𝑥𝑡+1𝑖 = 𝑥𝑡𝑖 + 𝑣𝑡+1𝑖 (1)

𝑣𝑡+1𝑖 = 𝑤 ∗ 𝑣𝑡𝑖 + 𝑐1 ∗ 𝑟𝑎𝑛𝑑 ∗ (𝑃𝑏𝑒𝑠𝑡𝑖 − 𝑥𝑡𝑖) + 𝑐2 ∗ 𝑟𝑎𝑛𝑑 ∗ (𝑔𝑏𝑒𝑠𝑡 − 𝑥𝑡𝑖) (2)

here 𝑥𝑡𝑖 is the position of the particle, 𝑣𝑡𝑖 is the velocity of the particle,
∗ 𝑣𝑡𝑖 is the exploration ability of PSO, 𝑐𝑗 is a weighing factor, rand

s a random number between 0 and 1. The 𝑃𝑏𝑒𝑠𝑡𝑖 is the 𝑃𝑏𝑒𝑠𝑡𝑖 of the 𝑖𝑡ℎ
gent, and 𝑔𝑏𝑒𝑠𝑡 is the best solution.

The effective tuning of the key parameters of PSO in Table 2 such
as swarm size, inertia weight, cognitive and social coefficients, and
velocity limits in Algorithm 1 is crucial for optimizing training process
of machine learning models. This optimization directly impacts the
model’s balance between exploration and exploitation, convergence
speed, and ultimately its accuracy and generalization ability during
the testing phase with unknown data. A comprehensive and precise
adjustment of these parameters lead to a significant enhancement in

the performance of machine learning models.



H.A. Aliyu et al. Franklin Open 8 (2024) 100153 
Fig. 1. The Framework of the Method.
Algorithm 1 PSO Algorithm.
1: The participants’ positions and velocities initialization: The

particles’ positions, maximum and minimum velocities are initial-
ized in n-dimensional search space.

2: The evaluation of participant’s fitness: The objective function
subject to constraints is evaluated.

3: Assessment of the fitness of (personal best position): Compare
each of the particle’s fitness with the fitness of the personal best
position.

4: if the value at the current position < Best position then
5: Accept the current position
6: else
7: Use the Best position
8: end if
9: Assessment of the fitness of (global best position): Compare the

fitness of the current position with the fitness of the population’s
overall best positions achieved before.

10: if the value at current space< the current position then
11: Reset the global best position as the current position and do the

same for the fitness value
12: end if
13: Updating each participant’s velocity and position: Calculate the

update of the particle’s position and velocity limit vector according
to (1) and (2).

14: Repeat the evolutionary cycle: Return to Step 2 until a stopping
criterion is satisfied.

2.3. Separation of the data sets

In this study, the balanced PSO CDC diabetes datasets underwent a
fixed separation into training, test, and validation subsets. The training
sets were employed to train the dataset parameters, while the test sets
were utilized to examine the hyperparameters of the machine learning
classifiers associated with the datasets. Following the completion of
GA hyperparameter machine learning tuning, the validation sets were
used to assess the model’s performance. Specifically, the training, test,
and validation subsets constituted 72%, 10%, and 18%, respectively, of
the balanced 70,692 participants in the PSO CDC datasets. Given the
4 
susceptibility of balanced datasets to overfitting, especially in the pres-
ence of a high correlation between independent variables (features),
steps were taken to mitigate this risk. Highly correlated features were
excluded, and the remaining features were employed to address the
classification problem. Fig. 2 illustrates the Pearson correlation map
for the CDC diabetes dataset.

As observed in Fig. 2, it is evident that the differences in walk
patterns, general health, and physical health features are highly cor-
related.1 The physical health interpretation in the context of this study
translates to physical illness and injury during the past month, general
health means the state of general well-being on a scale of 12 to 53, and
lastly, the differences in walk pattern translate to difficulty in walking
or climbing stairs. This correlation results in prolonged training times,
subsequently contributing to increased computational complexity. The
forthcoming section elaborates on the proposed solution to address this
issue.

2.4. Features extraction

A total of 21 features were employed for classifying positive or
negative diabetes within the CDC diabetes dataset. Among these fea-
tures, physical health, general health, and the difference in walking
exhibited a high correlation. Consequently, two of these features were
omitted to enhance computational efficiency and reduce training time.
Additionally, this step led to a reduction in the dimensionality of the
data. The resultant set of 19 features was then utilized to train the
machine-learning model. Genetic Algorithm (GA) was employed to
fine-tune the hyperparameters of the Artificial Neural Network (ANN),
specifically the multilayer perceptron model, along with the XGBOOST
classifier and the random forest classifier.

2.5. Genetic algorithm

The genetic algorithm, drawing inspiration from evolutionary prin-
ciples [29,34] was employed to determine the optimal parameters
(hyperparameters) for the classifiers, aiming to enhance performance

1 Greater than or equal to 50%.
2 Excellent.
3 Poor.
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Fig. 2. Pearson Correlation Features Heatmap of the CDC Data Set.
scores based on discerned data patterns [35–37]. Due to the substantial
size of the CDC diabetes dataset, traditional hyperparameter tuning
techniques like grid and random search become time-consuming and
intricate when selecting hyperparameters for classifiers. Moreover, the
hyperparameter optimization problem is non-convex, meaning that
local minima differ from the global optimum. Consequently, the GA
algorithm, with its survival and adaptive features, is better positioned
to persist and pass on these characteristics to future generations, fa-
cilitating the selection of the best parameters for machine learning
classifiers. In the context of the GA hyperparameter problem, each chro-
mosome symbolizes a hyperparameter and consists of multiple genes,
each denoting either an active or inactive state. Crossover and mutation
operations are then performed on these genes. The GA algorithm for
hyperparameter tuning in machine learning classifiers is detailed in
Algorithm 2.

Algorithm 2 GA Algorithm.
1: The chromosome’s initialization: The chromosomes are initial-

ized in n-dimensional search space.
2: The evaluation of chromosome’s fitness: The objective function

of the machine learning classifier is evaluated in (3), (4), and (5)
3: Selection, crossover, and mutation: The selection, crossover, and

mutation of the genes from chromosomes that produce the next
generation of the hyperparameters are evaluated.

4: for the number of epochs do
5: Repeat steps 2 and 3
6: end for
7: Terminate, and then output the best hyperparameters

2.6. Machine learning classifiers

This section introduces the GA-based machine learning classifiers
employed for classifying the CDC diabetes datasets. The machine learn-
ing classifiers encompass the artificial neural network (multilayer per-
ceptron neural model), eXtreme Gradient Boosting (XGBOOST), and
Random Forest. Detailed hyperparameters for each classifier are out-
lined in Table 3.

2.6.1. Artificial neural network (multi-layer perceptron neural model)
The Artificial Neural Network (ANN) model draws inspiration from

the functioning of the human brain and can utilize either the single-
layer perceptron neural model or the multi-layer perceptron neural
model. In the single-layer perceptron model, a single layer processes
and learns data patterns, while the multi-layer perceptron employs
5 
Table 3
Hyperparameters of the classifiers.

Machine learning
classifiers

Hyperparameters

Artificial neural
network (MLP)

alpha, hidden layers, learning rate, maximum
iteration, number of iterations with no changes,
and solver.

XGB Number of estimators, maximum depth, learning
rate, and colsample bytree.

Ran Number of estimators, maximum depth, minimum
samples split, and minimum samples leaf.

multiple layers for more intricate data pattern processing and identi-
fication. This study chose the multi-layer perceptron neural model for
its advantages in swift learning from extensive datasets compared to
the single-layer perceptron. The ANN comprises three layers: the input
layer, hidden layers, and output layer. The input layer receives the 20
features of the CDC diabetes dataset, which then activates the hidden
layers through an activation function. The GA algorithm is responsible
for selecting hyperparameters to optimize the activation (objective)
function detailed in (3).

𝑓 (𝑥) = 𝑔(
𝑀
∑

𝑗=0
𝑊 2

𝑖𝑗𝑔(
𝑑
∑

𝑖=0
𝑊 1

𝑗𝑖𝑥𝑖)) (3)

where 𝑥𝑖 are the 19 features, 𝑊 1
𝑗𝑖 are the weights of the features, and

𝑊 2
𝑖𝑗 are the weights of the hidden layers. The output is the classified

label diabetes output.

2.6.2. XGBOOST
XGBOOST stands as an ensemble decision tree-based machine learn-

ing classifier. Conceived in March 2014 by Tianqi Chen [38], it was
crafted in the 𝐶 ++ programming language to prioritize speed, parallel
processing, and overall performance enhancement. In the XGBOOST
classifier, the features of a new decision tree are interconnected with
those of the preceding decision tree. The primary objective of the
XGBOOST classifier is to optimize the objective function outlined in
(4).

𝑓 (𝑥) = −1
2

𝑡
∑

𝑗=1

𝐺2
𝑗

𝐻𝑗 + 𝜆
+ 𝛾𝑡 (4)

where 𝑡 is the number of leaves, 𝛾, and 𝜆 are the penalty of coefficients,
𝐻 , and 𝐺 are first and second-order gradient statistical functions.
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Table 4
Diabetes confusion matrix.

Actual positive diabetes class Actual negative diabetes class

Predicted positive diabetes class True Positive (TP) False Positive (FP)
Predicted negative diabetes class False Negative (FN) True Negative (TN)
2.6.3. Random forest
The random forest classifier, akin to XGBOOST, belongs to the

category of ensemble tree-based machine learning classifier [39]. It
employs multiple decision trees during the training phase, and the
mode tree is then designated as the label output. Categorized under the
bagging algorithm, this classifier’s training process involves multiple
models, with their combination enhancing the algorithm’s overall per-
formance and generalization. A distinctive characteristic of the random
forest classifier is its absence of an explicitly formulated objective
function. Instead, it relies on Gini impurity for classification problems,
as defined in (5).

𝐼(𝑡) = 1 −
𝑐
∑

𝑖=1
𝑝(𝑖|𝑡)2 (5)

where 𝑝(𝑖|𝑡) is the probability of training instances of class 𝑖 at node 𝑡,
𝑐 is the number of classes. A node’s total impurity is the weighted sum
of its impurities across all classes.

2.7. CDC diabetes classification metrics

This section presents the confusion matrix utilized for assessing the
CDC diabetes classification. The specific details of the confusion matrix
can be found in Table 4.

Table 4 defines the following classification metrics used in this
research. The classification metrics are accuracy, F1-score, AUC, and
the average-precision recall. Eq. (6) presents the accuracy,

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 = 𝑇𝑃 + 𝑇𝑁
𝑇𝑃 + 𝑇𝑁 + 𝐹𝑁 + 𝐹𝑃

(6)

From (6), the accuracy is defined as the ratio of the correctly classified
diabetes samples to total diabetes samples [40,41]. Eq. (7) introduces
the F1-score, which is calculated as the arithmetic mean of precision
and recall,

𝐹1 − 𝑠𝑐𝑜𝑟𝑒 = 2 ∗ 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 ∗ 𝑟𝑒𝑐𝑎𝑙𝑙
𝑃 𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑟𝑒𝑐𝑎𝑙𝑙

(7)

where

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 = 𝑇𝑃
𝑇𝑃 + 𝐹𝑃

, (8)

and

𝑟𝑒𝑐𝑎𝑙𝑙 = 𝑇𝑃
𝑇𝑃 + 𝐹𝑁

, (9)

The Area Under Curve (AUC) corresponds to the area under the receiver
operating characteristics, providing a comprehensive assessment of the
negative and positive diabetes classification performance [42]. A higher
AUC value indicates superior performance of the machine learning
classifier, signifying a high True Positive (TP) rate (recall) and a lower
False Positive (FP) rate. Additionally, the APR metric is employed to
evaluate the quality of the machine learning classifier output (labels),
with particular significance in the context of imbalanced datasets such
as the CDC dataset. Precision gauges the relevance of label classification
by machine learning classifiers (negative or positive), while recall
quantifies the number of relevant labels returned. Eq. (10) delineates
the calculation for APR.

𝐴𝑣𝑒𝑟𝑎𝑔𝑒𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 − −𝑟𝑒𝑐𝑎𝑙𝑙 =
∑

𝑛
(𝑅𝑛 − 𝑅𝑛−1)𝑃𝑛 (10)

where the precision, and recall 𝑛𝑡ℎ are 𝑃𝑛, and 𝑅𝑛 respectively. 𝑅𝑛−1 is
the 𝑛 − 1𝑡ℎ recall. Specificity is the actual negative diabetes class that
is correctly classified. The equation of the specificity is in (11),

𝑆𝑝𝑒𝑐𝑖𝑓 𝑖𝑐𝑖𝑡𝑦 = 𝑇𝑁 (11)

𝑇𝑁 + 𝐹𝑃

6 
Fig. 3. The Imbalanced CDC Diabetes Data Set.

Table 5
Percentages of the negative and positive imbalanced and balanced CDC diabetes data
set.

Negative diabetes (%) Positive diabetes (%)

Imbalanced 86.07 13.93
Random undersampling 50 50
PSO 50 50

3. Results and discussion

This section presents the findings and analysis of balancing the CDC
diabetes data and tuning classifiers using a metaheuristic optimization-
based machine learning algorithm.

3.1. The CDC’s imbalanced and balanced data set

The CDC data set is imbalanced, Fig. 3 shows the pie chart repre-
sentation of this data set.

From Fig. 3, it is evident that the CDC diabetes data set is highly
imbalanced. The negative diabetes class has the majority data set with
86.07%, while the positive diabetes class has the remaining 13.93%.
The imbalanced data set is biased towards the majority data set [10],
consequently affecting the accuracy of the classification of diabetes.
The machine learning classifiers (ANN, XGBOOST, and random forest)
performance was examined on the imbalanced data set, random under-
sampling balanced data set, and PSO balanced data set. Table 5 shows
the percentage of the negative and positive imbalanced and balanced
CDC diabetes data set.

3.2. Performance evaluation of the balanced and imbalanced test data sets

The classification performance metrics were examined using accu-
racy, specificity, AUC, and the average-precision recall on the balanced
and imbalanced test data sets. The balanced techniques were random
undersampling and PSO balancing techniques. Figs. 4, 5, and 6 show
the classification metrics of the imbalanced, and balanced (random
undersampling and PSO) respectively.

In Fig. 4, the APR of the three machine learning classifiers has
the lowest performance classification score, with MLP at 20.62%, XGB
at 20.48%, and Ran 19.75%. On the other hand, specificity has the
highest performance score, MLP has 97.99%, XGB has 97.89%, and
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Fig. 4. Imbalanced CDC Diabetes Test Data Set.

Fig. 5. Random Under-sampling of CDC Diabetes Test Data Set.

Ran has 97.02%. This is because the CDC’s imbalanced data set is
biased to the majority negative class. From Fig. 5, the random under-
sampling enhances the APR compared to the imbalanced data set with
MLP having 67.08%, XGB with 67.55%, and Ran with 61.17%. This is
because the random under-sampling reduces the data set of the majority
data to be equivalent to that of the minority class. Consequently, the
area under curve receiver operating characteristics has the highest
performance score with MLP having 82.10%, XGB has 82.30%, and
Ran has 80.60%. It is worth noting that the random under-sampling
technique samples the majority class of data sets without a fitness
function. The PSO under-sampling technique used Euclidean distance
as the fitness function in selecting the optimal data sets from the ma-
jority class. From Fig. 6, the PSO under-sampling technique improves
the classification performance score compared to the random under-
sampling technique. Out of the four performance classification scores,
AUC has the best scores. MLP has 95.80%, XGB has 95.90%, and Ran
has 94.90%. Figs. 7–9 show the area under the curve receiver operating
characteristics of the CDC test data sets for the imbalanced, balanced
data sets.

From Fig. 7, it can be noted that the MLP classifier has the best pre-
dictive performance for the imbalanced diabetes data set with 82.60%
compared to the XGB classifier and Random Forest classifier which are
82.30% and 79.20% respectively.
7 
Fig. 6. PSO CDC Diabetes Test Data Set.

Fig. 7. Imbalanced CDC Diabetes Test Data Set AUC.

Fig. 8. Random Under-sampling of CDC Diabetes Test Data Set AUC.
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Table 6
Results of the imbalanced and balanced CDC test data set classification metrics.

Accuracy (%) Specificity (%) AUC (%) APR (%)

MLP XGB Ran MLP XGB Ran MLP XGB Ran MLP XGB Ran

Imbalanced data set 86.56 86.48 85.89 97.99 97.89 97.02 82.60 82.30 79.20 20.62 20.48 19.75
Random undersampling 74.60 74.86 73.35 67.27 70.02 69.11 82.60 82.30 80.50 67.08 67.55 61.17
PSO 89.95 90.05 89.11 95.07 93.96 91.79 95.90 95.90 94.80 87.47 87.13 85.40
Table 7
Average performance improvement.

Accuracy (%) API for accuracy AUC (%) API for AUC APR (%) API for APR

MLP XGB Ran MLP XGB Ran MLP XGB Ran

Random undersampling 74.60 74.86 73.35 82.60 82.30 80.50 67.08 67.55 61.17
20.78 16.79 32.78

PSO 89.95 90.05 89.11 95.90 95.90 94.80 87.94 87.13 85.40
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Fig. 9. PSO CDC Diabetes Test Data Set AUC.

able 8
A-trained machine learning tuned hyperparameter.
Machine learning
classifiers

Hyperparameters

ANN(MLP) Alpha = 1e−05, hidden layers (7,4), learning rate 0.09,
maximum iteration = 1100, number of iterations with no
changes = 80, and solver = stochastic gradient descent.

XGB Number of estimators = 100, maximum depth =6, learning
rate 0.1, and colsample bytree =0.7.

Ran Number of estimators =200, maximum depth =100,
minimum samples split =10, and minimum samples leaf =4,

In Fig. 8, the MLP classifier returned a higher AUC of 82.60%
ompared to 82.30% and 80.50% of the XGB, and Ran classifiers
espectively for the random under-sampling balancing technique.

For the PSO balancing technique, the XGB and MLP classifier re-
urned 95.90% and Ran returned 94.80%. Thus, the MLP performed
etter for both data balancing techniques. This is because of its en-
anced processing capabilities. Table 6 gives comprehensive results
or the imbalanced, and balanced data sets classification metrics from
igs. 4–9.

In Table 6, Particle Swarm Optimization (PSO) exhibits the best per-
ormance in terms of accuracy, achieving 89.95%, 90.05%, and 89.11%
or MLP, XGB, and Random Forest (RF), respectively. This superiority
tems from PSO’s use of Euclidean distance in sampling CDC datasets,
n contrast to random undersampling, which selects datasets randomly.
he imbalanced datasets boast the highest specificity values of 97.99%,
7.89%, and 97.02% for MLP, XGB, and RF, respectively. This is
 a

8 
Table 9
GA parameters.
Parameter Value

Number of iterations 10
Population Size 10
Mutation Probability 0.8

ttributed to the prevalence of the negative class in the imbalanced
DC dataset. In terms of Area Under Curve Receiver Operating Charac-
eristics (AUC–ROC), the PSO balanced dataset outperforms, achieving
5.90%, 95.90%, and 94.80% for MLP, XGB, and Ran, respectively.
his can be linked to the creation of the best-undersampled dataset
sing Euclidean distance. APR for the imbalanced CDC dataset lags
ehind that of the random undersampling and PSO data balancing
ethods, recording 20.62% for MLP, 20.48% for XGB, and 19.75%

or Ran. This disparity arises from the predominance of the negative
iabetes class in the imbalanced CDC dataset, impacting the quality
f the classified output. The PSO-balanced dataset exhibits higher APR
han the random undersampling-balanced dataset. This is attributed to
he naïveté of the random undersampling technique, while the PSO
ata balancing technique employs Euclidean distance as its fitness
unction for selecting optimal datasets. For the PSO balanced dataset,
PR stands at 87.47% for MLP, 87.13% for XGB, and 85.40% for
an (Table 7 showcases the Average Performance Improvement (API)
etween random undersampling and PSO data balancing techniques,
erived from Table 6).

From Table 7, the API for the classification performance metric of
he classifiers is calculated as follows in (12), and (13),

𝑒𝑟𝑐𝑒𝑛𝑡𝑎𝑔𝑒𝐴𝑣𝑒𝑟𝑎𝑔𝑒 = 𝑀𝐿𝑃 +𝑋𝐺𝐵 + 𝑅𝑎𝑛
3

(12)

here the average is the average of the 3-classification metric in
able 7, and the classification power metric in (12) is for both the
andom under sampling, and PSO technique. The percentage average
rom (12) is further processed to obtain (13),

𝑃𝐼 =
𝜌 − 𝜂
𝜂

(13)

here 𝜌 is the percentage average for PSO, and 𝜂 is the percentage
verage for random under-sampling.

.3. PSO balanced data GA-trained machine learning classifiers

The genetically optimized hyperparameters for each classifier were
elected to train the balanced PSO dataset. Table 8 showcases the
ptimal parameters selected by the genetic algorithm for training the
lassifiers, leading to improved classification scores as depicted in
ig. 10. The effective tuning of the key parameters of GA in Table 9
uch as the number of iterations, population size, and mutation prob-
bility in Algorithm 2 is important in selecting the best architecture
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Table 10
Results of the PSO balanced data GA-tuned classifiers classification metrics.

Accuracy (%) F1-score (%) AUC (%) APR (%) Computational training time
(hh:mm: ss. ms)

ANN(MLP) 89.37 89.35 95.71 86.98 1:50:41.601415
XGB 90.22 90.20 96.20 87.88 0:06:17.415970
Ran 91.77 91.76 97.70 89.91 2:32:38.268341
Fig. 10. PSO-GA trained CDC diabetes data set.

of the hyperparameters for the machine learning classifiers in Table 8.
The mutation probability directly impacts the mutation diversity and
prevents premature convergence of the classifier architecture.

The PSO-GA trained CDC diabetes data set in Fig. 10 shows an
increase in classification performance metrics for the random forest
classifier compared to MLP and XGB classifiers respectively. This is
because the GA adapts better to the hyperparameters of random forest
classifiers for the PSO CDC balanced data than MLP and XGB. The
GA-trained random forest classifier has 91.77% accuracy, 91.76% for
F1-score, 97.70% for AUC, and 89.91% for APR. For the MLP GA-
trained classifier, accuracy was 89.37%, 89.35% for F1-score, 95.71%
for AUC, and 86.98% for APR. The accuracy of 90.22%, 90.20% for
F1-score, 96.20%, and 87.58% was returned for the XGB GA trained
classifier. The comprehensive results of the CDC datasets trained with
the PSO-GA, including the computational time for each classifier, are
presented in Table 10. In Table 10, it is observed that the GA-tuned
XGBOOST classifier on the PSO-balanced dataset exhibits significantly
lower computational time compared to MLP and the random forest
classifier. The GA completed the training of the PSO balanced dataset
in 6 min, contrasting with MLP and RF, which took 1 h 50 min and
2 h 32 min, respectively. This outcome aligns with expectations, as
XGBOOST is designed for speed, parallel processing, and enhanced per-
formance. Additionally, the GA-tuned classifiers on the PSO-balanced
datasets demonstrate no overfitting to the test data, as evidenced by
the minimal variation between values in Fig. 10.

4. Conclusion

In conclusion, this study delved into the realm of diabetes data
balancing and classifier parameter tuning through the utilization of
a metaheuristic optimization-based machine learning algorithm. Meta-
heuristic algorithms are designed to avoid local optima, but they do not
guarantee to find the global optimum, especially in highly complex or
multimodal datasets. Effective optimization also relies on the assump-
tion that the initial parameter settings of these algorithms are chosen
appropriately. The outcomes of this investigation underscore the effec-
tiveness of the PSO data balancing GA-tuned machine learning classifier
9 
hyperparameters technique, showcasing notable enhancements in both
training efficiency and model accuracy. A comparative analysis against
the random under-sampling data balancing technique revealed the
superiority of the PSO data balancing approach, exhibiting an API of
20.78% for accuracy, 16.79% for area under curve receiver operating
characteristics, and 32.78% for APR in CDC diabetes classification.
Furthermore, during the data training phase, the XGBOOST classifier
demonstrated superior efficiency by training the balanced dataset in
significantly less time than its counterparts, namely ANN (MLP) and
the random forest classifier. Notably, the imbalanced CDC dataset
exhibited the least APR. This research underscores the significance of
leveraging metaheuristic data balancing and classifier parameter tuning
optimization in machine learning algorithms. It is recommended that
future research endeavors explore hybrid metaheuristic data balancing
techniques and extend the application to domains such as Natural
Language Processing, particularly in areas like Nigerian local language
translation.
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