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Abstract. Diabetes is considered the most deadly and chronic disease that causes 
an increase in glucose. Polygenic disease is one in which the exocrine gland does 
not produce the hypoglycemic agent and according to the International Federation 
of Polygenic Diseases 382 million people live with polygenic disease in the world. 
By 2035, this number will double to 592 million. Diabetes mellitus or simply the 
disease can be a disease due to increased blood glucose levels. Many difficulties 
can arise if diabetes is not treated and not identified by the doctor. Thus, artificial 
intelligence (AI), which has become the new term we hear every day in recent 
years, generally defines the ability of a machine to act on its own and which is not 
explicitly programmed to reproduce actions or functions that are generally those 
of human beings. Today, we find it in our computing machines, social networks, 
transportation and in the medical sector etc. Therefore, machine learning is one of 
the disciplines of artificial intelligence that seeks to find a way to create computer 
programs that automatically improve with experience. In this work, we will focus 
on the use of machine learning algorithms for the prediction of diabetes, which is 
a dysfunction of the blood sugar regulation system, in order to reduce the risks of 
complications of this chronic disease on the health of the patient. To achieve this 
goal, we used machine learning algorithms such as Random Forest RF, Logistic 
Regression RL, K-nearest neighbors KNN and Neural Networks ANN and the 
data were extracted from Kaggle which is a web platform owned by Google that 
operates as a community for data scientists and developers. The performance of 
the classifiers was compared based on the accuracy rate. 
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1 Introduction 

Diabetes is a prevalent and serious medical condition with widespread global impact. The 
severity of the disease is attributed to complications that arise when individuals either 
neglect to screen for diabetes or fail to receive appropriate care. Common complications
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include heart disease, stroke, kidney disease, and mortality [1]. According to the World 
Health Organization (WHO), the global prevalence of diabetes in adults over 18 years of 
age was 8.5% in 2014 [2]. Moreover, WHO predicts that by 2030, diabetes will become 
the seventh leading cause of death [2]. Predicting diabetes has become a crucial focus 
in health research, and contemporary computer models play a significant role in aiding 
decision-making and supporting self-management of the disease [3]. 

The increasing importance of machine learning in healthcare is evident, as these tech-
niques consistently deliver high-performance accuracy results, simultaneously reducing 
human error in decision-making processes. Consequently, they alleviate the strain on 
healthcare resources [4]. Ideally, the further development of models incorporating prior 
knowledge would enhance the accuracy of diabetes prediction [5]. Access to health data 
from a patient’s health records has the potential to extract meaningful information and 
unveil hidden knowledge. 

This study aims to conduct a comparative evaluation of the performance of machine 
learning-based models for predicting diabetes. The prediction approaches were applied 
to datasets sourced from Kaggle. To the best of our knowledge, this study represents 
one of the most significant efforts to date in the realm of diabetes prediction. The paper 
is structured as follows: Sect. 1 provides a comprehensive overview of works utilizing 
learning techniques in the health domain, with a specific focus on applications related 
to diabetes. In Sect. 2, the architecture of the system, based on different algorithms, is 
explained. Section 3 presents the obtained results, offering a comparative analysis of the 
outcomes derived from the various algorithms employed. 

2 State of the Art 

Machine learning techniques have found application across various domains, with the 
medical field being no exception. Notably, several studies leverage machine learning 
classifiers to address medical challenges, with a particular emphasis on the chronic and 
complex nature of diabetes, a condition that has captured global research attention. 

One noteworthy study by Fikirte Girma et al., titled ”Prediction of diabetes using data 
mining techniques” [6], focuses on predicting diabetes operations through the application 
of the Back propagation rule. The findings indicate that Back propagation demonstrates 
superior accuracy in polygenic prediction compared to SVM, J48, and Naïve Bayes 
formulas. 

In another study, Terry Jacob et al. present “Analysis of Supervised Learning Tech-
niques for Cost Effective Disease Prediction” [7], which explores cost-effective disease 
prediction using non-clinical parameters. The study employs various algorithms, with 
Naive Bayes yielding an 80.37% accuracy, and REP trees achieving a maximum accuracy 
of 77%, especially when considering Logistic regression. 

A methodology proposed by Butwall & Kumar [8] relies on the Random Forest 
(RF) classifier to understand the behavior of diabetes in alignment with specific lifestyle 
parameters, including physical activity and emotional states, particularly in elderly dia-
betics. The research, conducted on the Indian Pima diabetic database from the UCI 
Machine Learning Lab, reveals the effectiveness of RF in diagnosing diabetes mellitus 
based on provided attribute values.
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Dewangan & Agrawal [9] adopt a hybrid classification model by combining various 
classification methods, such as C4.5, Random Forest, and Multilayer Perceptron. Trained 
on a diabetes dataset from the UCI repository, their work focuses on the detection and 
classification of diabetes mellitus. 

Devi & Shyla [10] delve into early prediction of diabetes using diverse machine learn-
ing techniques, including Naïve Bayes, Multilayer Perceptron, Random Forest, Random 
Tree, and Modified J48. Their analysis, based on the Indian PIMA dataset, reveals that the 
modified J48 classifier achieves the highest accuracy among the considered techniques. 

In another research endeavor [11], the comparison of different classification algo-
rithms, including Naïve Bayes, Multi-Layer Perceptron, J48, Random Forest, and 
regression, is undertaken to extract intelligent results from diabetic patient data. 

Aishwarya and Vaidehi [12] employ a multitude of machine learning algorithms, 
such as Support Vector Machines, Random Forest Classifier, Decision Tree Classifier, 
Extra Tree Classifier, Ada Boost algorithm, Perceptron, Linear Discriminant Analysis 
algorithm, Logistic Regression, K-NN, Gaussian Naïve Bayes, Bagging Algorithm, and 
Gradient Boost Classifier. Their study, using the Indian PIMA and another diabetes 
dataset, reveals a logistic regression accuracy of 96%. 

Tejas and Pramila, in a different approach, focus on two algorithms, logistic regres-
sion, and SVM, for diabetes prediction. Their preprocessing of data yields optimal 
results, with SVM exhibiting superior accuracy at 79%. 

Yuvaraj and Sripreethaa [13] construct a diabetes prediction model using Random 
Forest, Decision Tree, and Naïve Bayes algorithms within Hadoop-based clusters. The 
application of preprocessing techniques results in a notable 94% accuracy with the 
Random Forest algorithm. 

Deepti and Dilip [14] explore the Decision Tree, SVM, and Naive Bayes algorithms, 
employing a ten-way cross-validation for enhanced performance. Naïve Bayes emerges 
with the highest accuracy at 76.30%, using the Pima Indian Diabetes dataset. 

In a study by Sajida et al. [15], the role of Adaboost and bagging ensemble machine 
learning methods using J48 as a base for classifying diabetes mellitus is discussed. 
The experiment demonstrates that the Adaboost ensemble machine learning technique 
outperforms the J48 decision tree in classifying patients as diabetic or non-diabetic based 
on diabetes risk factors. 

3 Proposed Architecture 

Datasets are sourced from Kaggle. During the second phase, the data undergoes pre-
processing, encompassing cleaning, integration, and processing. Employing machine 
learning algorithms enhances accuracy in our findings (Fig. 1). 

3.1 Patient Database 

Data was gathered and systematically analyzed to construct a robust model. The dataset 
comprises pertinent and valuable information acquired through a thorough questioning 
process. This information is categorized meticulously, with a primary focus and further 
subdivision into narrowed categories.
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Fig. 1. System architecture 

3.2 Data Pre-processing 

Data pre-processing stands out as a pivotal stage in the data discovery methodology. 
Health information commonly exhibits missing or inconsistent data. 

DATA CLEANING involves the strategic identification and correction, or removal, of 
inaccurate records. It encompasses the identification of incomplete, incorrect, inaccurate, 
or irrelevant information, with subsequent actions involving substitution, modification, 
or deletion of coarse data. Information cleaning is executed interactively using data 
merchandising tools or through scripted processes. 

DATA INTEGRATION is the process of retrieving and consolidating heterogeneous 
data into a unified format and structure. This integration facilitates the utilization of 
diverse types of data, such as information sets, documents, and tables, for personal or 
business processes and functions. 

DATA REDUCTION entails transforming numerical or alphabetical data, derived 
from empirical observation or experimentation, into a refined, organized, and simpli-
fied form. The core objective is to condense vast amounts of data into meaningful 
components. 

3.3 Algorithms Used 

*As implied by its name, the Random Forest algorithm constructs a forest comprised 
of numerous decision trees. This supervised classification algorithm is esteemed for its 
rapid execution. A multitude of decision trees converges to create a Random Forest, 
and predictions are made by averaging the outcomes of each individual tree. Notably,
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its predictive accuracy typically surpasses that of a single decision tree. As a rule, the 
greater the number of trees in the forest, the heightened robustness the forest exhibits 
(Fig. 2). 

Fig. 2. Architecture of Random Forest 

Presented below is the suggested framework for this algorithm aimed at predicting 
whether a patient is diabetic or not. The dataset used for consideration is comprised of 
diabetic data. Initially, 100 samples (Random Subnet) are extracted from the dataset, 
and an individual decision tree (Tree) is constructed for each sample. Each decision tree 
produces an output as a result. Ultimately, the final outcome is determined based on the 
collective voting of all the results generated by the various trees. 

*Logistic Regression (LR): Logistic regression (LR) serves as a discriminant model 
contingent on the dataset’s quality, characterized by the features: 

X = X1, X2, X3, . . . ,  Xn(where, X2 − XnW1, W2, W3, .  .  .  ,  Wn, biais b 
= b1, b2, .  .  .  ,  bn = Distinct features poidset Cours C 
= C1, C2,  . . . ,  Cn 

. 

The equation for posterior estimation is expressed as follows: 
*Artificial Neural Network (ANN) stands as a fundamental machine learning tech-

nique, forming the backbone of various deep learning algorithms. The training of the 
ANN model is accomplished using raw data, and in comparison to alternative clas-
sifiers, it possesses an extensive array of tuning parameters, contributing to its intri-
cate structure. Optimizing the error in neural network instances requires a substantial 
amount of time compared to other techniques. To address this, instances of the neural 
network algorithm are trained on the graphics processing unit using CUDA program-
ming. Each individual neural node within the ANN is trained with a set of features. 
X = X1, X2, X3, . . . ..,  Xn(where, X2 − Xn = Distinctfeatures)
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Fig. 3. Regression Logistic steps 

Features are multiplied by random weights, W1, W2, W3, . . . . . . .,  Wn and added with 
bias values , b = b1, b2, . . . ..,  bn. The resulting values are then input into a non-linear 
activation function, with various types of activation functions possible. 

Activation functions can include (2), (3), (4), (5), which are some examples of 
activation functions (Fig. 3). 

Sigmoidfonction : σ (z)ora(z) = 1 

1 + e−z
(2) 

Tanhfunction : a(z) = 
ez − e−z 

ez + e−z
(3) 

RectifiedLinearUnit(RELU ) : a(z) = max(0, z) (4) 

LeakyRELU : a(z) = max(0.001 ∗ z, z) (5) 

Here is a synopsis of the proposed neural network model relevant to our study. The 
architecture comprises three layers, consisting of an input layer, two hidden layers, and 
an output layer. It’s noteworthy that we have chosen to incorporate two hidden layers, 
but there is flexibility to create more or fewer layers as needed. The algorithm operates in 
the following manner: the outputs from the input layers serve as inputs to the first hidden 
layer, the outputs of which become inputs for the second hidden layer, and ultimately, 
the outputs of the second hidden layer become inputs for the output layer. The output 
layer produces the final predictive result (Fig. 4).
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Fig. 4. Architecture of neural networks 

*K Nearest Neighbors (KNN) stands out as one of the uncomplicated supervised 
learning methods employed to address classification and regression challenges. Its func-
tionality revolves around the classification of new data points, determined by their simi-
larity to neighboring data points. KNN is characterized as an algorithm devoid of assump-
tions about the data structure and distribution, rendering it a non-parametric algorithm. 
It is also referred to as a lazy learner algorithm, as it refrains from immediate learning 
from the training set. Instead, it stores the dataset and, during classification, takes action 
based on the dataset. KNN operates by classifying or predicting outcomes based on a 
fixed number (K) of data points in close proximity to input points. Essentially, for a 
selected value of K, an input point is classified or anticipated to belong to the same class 
as the nearest K neighboring points (Fig. 5). 

4 Experimentation and Results 

This section elucidates the methodology employed in this research article, outlining 
the acquisition of datasets and features. Additionally, it delves into the algorithms uti-
lized and their corresponding evaluation criteria. Following the preprocessing steps that 
involved addressing null values and eliminating missing data, the predictive model was 
initially crafted using three algorithms: logistic regression, Random Forest, and neu-
ral networks. The Kaggle dataset under consideration encompassed individuals aged 
between 45 and 84, totaling over 700 participants. The impact of machine learning 
on diabetic prediction was tested comprehensively in this demographic. Google Colab 
served as the chosen working environment due to its ease of management and lack of 
requisite tool installations. The ensuing section presents the accuracy results derived 
from the examination of four distinct algorithms.



96 M. Diouf et al.

ETAPE 
S 

Sélectionnez le nombre K de voisins 

Calculez la distance 

Prendre les K voisins les plus proches 
selon la distance calculée 

Parmi ces K voisins, comptez le nombre de 
points appartenant à chaque catégorie 

Attribuez le nouveau point à la catégorie 
la plus présente parmis ces K voisins 

Fig. 5. K nearest neighbor’s steps 

4.1 Random Forest (RF) 

In our proposed study, we implemented the Random Forest algorithm in the realm of 
machine learning and tested it with sample data. Various tests were conducted, and the 
outcomes of these experiments are documented in the Table 1 provided below: 

Table 1. Results of the different tests with random Forest 

Model Test 1 Test 2 Test 3 

Random Forest (RF) 0,65 0,7489 0,81 

From the results shown in the table, we can see that the performance results vary 
between 0.65 and 0.81 for the precise measurements. We also notice that the more the 
tests are multiplied, the more we note that the precision tends towards 100 which shows 
a good control at the training level. This is more explicit in the Fig. 6 below.
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Fig. 6. Evolution of the tests with Random Forest 

In the figure, we can clearly see that the best result is captured in the last test, this is 
justified by the fact that the more the tests increase, the more the model is trained, the 
more efficient it is and the better the results. The graph represents the accuracy rate for 
the Random Forest model as a function of the number of iterations. It is illustrated that 
the best iteration is the iteration 3 with an accuracy rate equal to 81%. 

4.2 Logistic Regression 

Subsequently, in the proposed research, we employed the logistic regression algorithm 
on the identical dataset used for machine learning and testing. Outcomes for various 
tests were acquired, and the results from the conducted experiments are presented in the 
Table 2 below: 

Table 2. Results of the different tests with Logistic regression 

Model Test 1 Test 2 Test 3 

Logistic Regression (RL) 0,74 0,58 0,65 

From the results shown in the table we can see that the performance results vary 
between 0.58 and 0.74 for the precise measurements. We also notice that as the tests 
multiply, we sometimes see an increase and also a decrease as the tests multiply. This is 
more explicit in the Fig. 7 below.
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Fig. 7. Evolution of the tests with Logistic Regression 

In the figure, we can clearly see that the best result is captured in the first test. 
This divergence in performance between the training and the test phase is known as 
overlearning. The graph represents the accuracy rate for the logistic regression model 
as a function of the number of iterations. It is shown that the best iteration is iteration 1 
with an accuracy rate equal to 74%. 

4.3 Artificial Neural Network 

In the context of our proposed research, we implemented the artificial neural network 
algorithm using the same dataset employed for machine learning and testing. Diverse 
tests were conducted, and it’s worth mentioning that, for this learning approach, a sigmoid 
activation function was utilized for the output layer, while both the input layer and the 
hidden layer employed a relu activation function. The outcomes of the experiments are 
detailed in the Table 3 provided below: 

Table 3. Results of the different tests with artificial neural network 

Model Test 1 Test 2 Test 3 

Artificial Neural Network (ANN) 0,30 0,31 0,47 

From the results shown in the table, we can see that the performance results vary 
between 0.30 and 0.47 for the precise measurements. We also notice that as the number 
of tests increases, there is sometimes a slight increase. We can deduce that with the low 
accuracy rates of ANN that this algorithm which is a deep learning algorithm is more 
interesting on other types of data. This is more explicit in the Fig. 8 below.
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Fig. 8. Evolution of the tests with Artificial Neural Network 

In the figure, we can clearly see that the best result is captured in the last test, this 
is justified by the fact that the more the tests increase, the more it gives satisfactory 
results. The graph represents the accuracy rate for the Artificial Neural Network model 
according to the number of iterations. It can be seen that the best iteration is iteration 3 
with an accuracy rate equal to 47%. 

4.4 K-nearest Neighbors 

In the same proposed work, we also applied the K nearest neighbor’s algorithm on the 
same machine learning and test sample data while varying the K in steps of two. We 
obtained results for different tests. The results obtained from the experiments performed 
are reported in the Table 4 below: 

Table 4. Results of the different tests with k-nearest neighbors 

Model Test1 K = 1 Test 2 K = 3 Test 3 K = 5 

K-nearest neighbors KNN 0,62 0,68 0,74 

From the results shown in the table we can see that the performance results vary 
between 0.62 and 0.74 for all precision measurements. We also notice that as the k 
parameter increases, the rate of precision measurements also increases. This is more 
explicit in the Fig. 9 below. 

In the figure, we can clearly see that the best result is captured in the last test. 
This again shows that the performance is proportional to the variation of K. The graph 
represents the accuracy rate for the K-nearest neighbor’s model as a function of the 
values of K. It is illustrated that the best iteration is the iteration with k = 5 with an 
accuracy rate equal to 74%. Thus, a summary Table 5 of the different algorithms and 
their results are designed with the graph of illustration regrouping the four models.



100 M. Diouf et al.

Fig. 9. Evolution of the tests with K-nearest neighbors 

Table 5. Results obtained. 

Model Test 1 Test 2 Test 3 

Random Forest 0,65 0,7489 0,81 

Logistic Regression 0,74 0,58 0,65 

Artificial Neural Network 0,30 0,31 0,47 

K nearest neighbors 0,62 0,68 0,74 

The graphs depict the performance of four models: Random Forest, Logistic Regres-
sion, K Nearest Neighbors, and Artificial Neural Network based on accuracy rates across 
varying iterations. Notably, the Random Forest model outperforms the Logistic Regres-
sion model, with the exception of iteration 1. Its peak accuracy is observed in iteration 
3, reaching 81%. Conversely, the Artificial Neural Network (ANN) exhibits consis-
tently modest results across different iterations, while the K Nearest Neighbors (KNN) 
algorithm demonstrates improvement with each iteration (Fig. 10). 

In direct comparison, the Random Forest, Logistic Regression, and K Nearest Neigh-
bors models outshine the Artificial Neural Network model. This underscores the notion 
that ANN, being a deep learning algorithm, may find greater utility in other data types, 
such as image processing. Early identification of individuals at a high risk of diabetes 
is a pivotal challenge in the healthcare domain. Within this study, the Random Forest 
model is pitted against the Logistic Regression model, the Artificial Neural Network 
model, and the K Nearest Neighbors model. The findings suggest that machine learning 
approaches effectively leverage extensive data sourced from electronic medical records 
for predicting diabetes risk.
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Fig. 10. Graphical representation of the results 

5 Conclusion 

Diabetes, acknowledged as one of the most perilous and persistent ailments leading 
to elevated blood sugar levels, has increasingly permeated every aspect of daily life, 
impacting families on a profound level. Recognizing the pervasive influence of this 
chronic disease, there is a heightened awareness of the critical medical challenge posed 
by the early detection of diabetes. In our study, we sought to compare three machine 
learning algorithms: Random Forest, Logistic Regression, and Neural Networks. The 
experimental findings, derived from the Kaggle dataset, reveal Random Forest’s supe-
riority in terms of heightened accuracy compared to the other algorithms. Subsequent 
endeavors will involve replicating the same experiments on additional diabetes databases 
or diverse datasets to validate and enhance the obtained results, with the ultimate aim of 
refining the algorithms for improved accuracy.
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