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Abstract - Artificial intelligence has become a pivotal tool
in enhancing healthcare, significantly contributing to the
advancement of diagnostic methods and medical decision-
making. Traditionally, medicine relied primarily on the
expertise of physicians. However, with the massive increase in
medical data, the need for Al applications has grown, making
machine learning more prevalent in the medical field.

Diabetes is one of the most common chronic diseases and
presents a significant challenge due to its impact on various
bodily functions. Irregular blood glucose levels can lead to
severe complications, such as heart disease or eye diseases
(diabetic retinopathy). Therefore, early detection of this
condition is a crucial step in preventing complications and
reducing health risks for patients.

In this research, we apply machine learning algorithms to
predict diabetes while focusing on the impact of data
balancing using the SMOTE technique on model performance.
Several algorithms were tested, including Support Vector
Machine (SVM) and Random Forest (RF), where the results
showed a significant improvement in classification accuracy
after addressing data imbalance. Additionally, an interactive
web-based model was developed, allowing doctors and
patients to input their health data and receive reliable
diabetes risk predictions. This study highlights the importance
of feature analysis and the use of hyperparameter tuning
techniques to ensure better accuracy, with recommendations
to expand research to include reinforcement learning and the
Internet of Things (lIoT) for enhanced diabetes monitoring and
diagnosis.

Key Words: Machine Learning Algorithms, Data Analysis,
Diabetes Mellitus, Classification, Feature Selection, Data
Balancing.

1.INTRODUCTION

The spread of diseases threatens health, economy, and
security, which requires us to give diseases of all kinds a lot
of time and effort to avoid their risks. There are many
diseases that deserve to be at the forefront of studies for
their diagnosis and treatment. In this research, we will focus
on diabetes. Diabetes is a major public health problem that is
increasing significantly. According to the International
Diabetes Federation [1], in 2021, about 537 million adults
(20-79 years) are living with diabetes. The total number of
people with diabetes is expected to rise to 643 million by

2030 and 783 million by 2045. Diabetes caused the death of
6.7 million people, and diabetes is the seventh leading cause
of death in the United States.

In the face of this increasing challenge, the urgent need has
emerged to develop effective methods for the early detection
of diabetes. Herein lies the importance of using artificial
intelligence and machine learning techniques as advanced
tools in diagnosis. These technologies enable the analysis of
medical data with high accuracy, facilitating early disease
detection and aiding in taking appropriate preventive
measures in a timely manner.

This research seeks to provide a scientific contribution in
this field by leveraging machine learning techniques to
analyze health data and develop accurate models for early
diagnosis.

1.1 Diabetes Mellitus

It occurs either when the pancreas does not produce enough
insulin (insulin is a hormone that regulates blood sugar) or
when the body cannot effectively use the insulin it produces,
leading to damage, dysfunction, and failure of various organs

[2].
1.2 Machine Learning

Machine learning is a branch of artificial intelligence that
enables computer systems to learn automatically without
human intervention. It focuses on using data and algorithms
rather than relying on human skills and abilities, which
provides greater accuracy and speed.

2. RELATED WORK

Dr. Nasreen Suleiman [3] presented a model for predicting
type 2 diabetes using machine learning algorithms. Two
models were developed based on Extreme Gradient Boosting
(XGBoost) and Logistic Regression (LR). The models were
evaluated using the Pima Indian Diabetes dataset. The
results showed that XGBoost outperformed the LR model,
achieving an AUROC of 85%, sensitivity of 71%, specificity of
81%, accuracy of 77%, precision of 67%, and an F1-score of
69%.

© 2025,IRJET | ImpactFactor value: 8.315

IS0 9001:2008 Certified Journal | Page 750



’,/ International Research Journal of Engineering and Technology (IRJET) e-ISSN: 2395-0056

JET Volume: 12 Issue: 02 | Feb 2025

www.irjet.net

p-ISSN: 2395-0072

The researchers I. T. Elias and M. M. T. Jawhar [4] compared
several machine learning algorithms for diabetes
classification using the Pima Indians Diabetes Dataset.
Various classification models were tested, including Logistic
Regression, Random Forest, Decision Tree, Support Vector
Machine (SVM), K-Nearest Neighbors (KNN), and Naive
Bayes. The results showed that the Decision Tree achieved
the highest classification accuracy of 98.66%, outperforming
the other models, while KNN and Naive Bayes recorded
accuracies of 80.66% and 80%, respectively. The models
were evaluated using accuracy, recall, and F1-score metrics,
highlighting the importance of selecting the appropriate
model for diabetes data analysis and improving early disease
prediction.

The researchers J. J. Khanam and S. Y. Foo [5] compared
seven machine learning algorithms for predicting diabetes
using the Pima Indians Diabetes Dataset, which includes 768
medical records and 9 features related to diabetes risk
factors. The applied algorithms included Logistic Regression
(LR), Support Vector Machine (SVM), Random Forest (RF),
Naive Bayes (NB), Decision Tree (DT), K-Nearest Neighbors
(KNN), and AdaBoost (AB). The results showed that LR and
SVM performed best in classification, with SVM achieving an
accuracy of 77.71% and LR reaching 78.85%. Additionally, a
neural network (NN) with two layers was developed,
achieving a classification accuracy of 88.6%, making it the
most efficient model in the study. The findings emphasize
the importance of selecting relevant features and improving
deep learning models to enhance diabetes prediction
accuracy.

3. METHODOLOGY

This research paper aims to explore a more accurate model
for diabetes prediction. We experimented with various
classification and clustering algorithms to enhance
prediction accuracy. Below is a brief summary of the steps
followed:

Diabetes
Dataset

Pre-processing 2 Feature Selection =% o
Cross Validation

Balancing
(SMOTE)

Fig -1: Diabetes Prediction Model

3.1 Dataset - The dataset used for diabetes diagnosis was
obtained from Kaggle, which provides online datasets for
data scientists. The dataset consists of 100,000 records, each
representing a patient or individual with medical and
demographic information related to diabetes risk factors,
whether they are diabetic or non-diabetic. The dataset
contains 8 features in addition to the target column, which
indicates diabetes status.

Table -1: Dataset Description

value Description Feature

Male, Female Patient gender gender

Age Patient age age

0=No,1=Yes | Does the patient have | hypertension
high blood pressure?

0=No,1=Yes | Does the patient have | heart_disease

heart disease?

Never, Former,
Current, No
Info

The patient's smoking
status

smoking_history

Where normal
values range
between 18.5
and 24.9.

Body Mass Index (BMI),
which is an indicator of
obesity or thinness.

bmi

A normal value
is less than
5.7%, and it
indicates

diabetes if it
exceeds 6.5%.

Glycated  hemoglobin
level (HbA1c), whichis a
test used to assess
average blood sugar
levels over the past three
months.

HbA1lc_level

Blood glucose
level (mg/dL).
Normal values
range between
70-140 mg/dL.

Blood glucose level,
which is one of the most
important indicators
used in the diagnosis of
diabetes.

blood_glucose_level

0= Not
Diabetic,
1=Diabetic

Is the person diabetic?

diabetes

Correlation is the amount of context between properties. Itis
a real numerical value that indicates the degree of
significance between 0 and 1. A negative value indicates an
inverse relationship, while a direct relationship is indicated
by a positive value. Fig -2 shows the correlation map of the
proposed mode.
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Fig -2: The Correlation Matrix

3.2 Data Preprocessing -

Data preprocessing is a critical step in any analysis process.
Healthcare-related datasets often contain missing values,
outliers, duplicates, and other inconsistencies that can affect
the effectiveness of the data. preprocessing is essential. This
step is vital for applying machine learning techniques to the
dataset, ensuring accurate results and successful predictions.

1) Duplicates values: Duplicate data refers to the

presence of identical or similar records in a dataset.
These duplications can negatively impact the quality and
reliability of predictive models in several ways [6]:

A. Model Bias: The presence of duplicate records may
bias the model towards certain patterns, reducing its
ability to generalize and make accurate predictions
when dealing with new data.

B. Unnecessary Increase in Data Volume: Duplicates
inflate the size of the dataset, increasing the storage
requirements and computational resources needed
to process the data and train the models.

During data analysis, we identified 3,854 duplicate
records, which account for approximately 3.85% of the
data. We removed the duplicate records using the
drop_duplicates() method in Python.

1. Calculate the first quartile (Q1) and the third
quartile (Q3), then compute the IQR as IQR = Q3 -

Q1.

2. Determine the normal data range with a minimum
of Q1 - 1.5 * IQR and a maximum of Q3 + 1.5 * IQR.

3. Anyvalue outside this range is considered an outlier
and should be removed.

The box plotis a graphical application of the IQR method
for detecting any outlier values, as shown in Figure -3.

Interquartile Range
(1QR)

Outliers i<——)‘ Qutliers

e = + s =
Minimum at Qs Maximum

(Ql-1.5%IQR) {25th Percentile ) Median (75th Percentile ) (A3 + 1.5*IQR)

Fig -3: The IQR method for detecting outlier values

3.3 Feature Selection - Feature selection aims to:

1.

2.

Remove features that are not relevant to the target
variable, especially when the number of features is
large.

Reduce the training and testing time as well as the
complexity of the classifier, resulting in more efficient
and cost-effective models.

3. Minimize overfitting and help create better generalized

1)

models.

Chi-Square: It is a statistical test used to compare
observed and expected results. Its goal is to determine
whether the variation between actual and expected data
is due to chance or an association between the variables
under study [7]. As a result, the chi-square test is an
ideal choice for understanding and interpreting the
relationship between two categorical variables.

It is calculated in the manner shown in equation (1)

2) Outliers values: Outliers can be valid values but are (0, — E;)?
2 _
inherently extreme and far from the normal values for £ = ZT (1)
that field, or they may be erroneous values resulting !
from human error or mechanical failure, such as a Where:
sensor malfunctioning or providing incorrect readings.
In any case, it is preferable to eliminate these values, as = degrees of freedom, O = observed value(s), E =
they can negatively impact the accuracy of the classifier. expected value(s).
The Interquartile Range (IQR) is one of the most Let us consider a scenario where we need to determine
commonly used methods for detecting and removing the relationship between an independent class feature
outlier data. To apply this method, we need to follow (predictor) and a dependent class feature (response). In
these steps: feature selection, our goal is to identify the features that
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are most dependent on response. When two features are
independent, the observed number is close to the
expected number, so we will have a smaller Chi-Square
value. A high chi-square value indicates that the
independence hypothesis is incorrect. In simple words,
higher Chi-Square feature value is more response
dependent and can be selected for typical training.

2) Pearson’s Correlation: It is a statistical measure used
to determine the strength of the relationship between
two numerical variables. It is also known as the linear
correlation coefficient and is represented by the valuer,
which ranges between -1 and 1.[8]

It is calculated in the manner shown in equation (2)

L Bi-X)i-Y7)
CJEE XV )

Where:

- (2)

A. r=1:Indicates a perfect positive correlation between
the two variables, meaning that an increase in one
variable results in an equal proportional increase in the
other.

B. r=-1:Indicates a perfect negative correlation between
the two variables, meaning that an increase in one
variable results in an equal proportional decrease in the
other.

€. r=0:Indicates no linear relationship between the two
variables.

3.4 SMOTE - Synthetic Minority Over-sampling Technique
is one of the techniques used to address the issue of
imbalanced data distribution, primarily aimed at improving
the performance of predictive models that suffer from class
imbalance. SMOTE works by increasing the number of
samples in the underrepresented class through the creation
of synthetic samples rather than duplicating existing ones.
This enhances the predictive capability of models and
reduces bias. [9]

Synthetic samples are generated using the equation shown
in equation (3)
new= Xoprginal+ )‘-*(Xmighbur_xwgim{) - (3)

Where: A is a random number between 0 and 1, resulting in
the generation of new points between real data without
direct duplication.

Original Diabetes Distribution in Training Set

E0000 4

50000 4

40000 4

30000

Count

20000 A

10000 4

o 1
Diabetes {0 = Mon-Diabetic, 1 = Diabetic)

Chart -1: Original training data distribution

chart -1 shows that the original training data is highly
imbalanced, with the number of samples classified as non-
diabetic (Class 0) being significantly higher than those
classified as diabetic (Class 1). Class 0 (non-diabetic)
accounts for approximately 95% of the data, while Class 1
(diabetic) represents only about 5% of the data.
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Chart -2: data distribution after balancing.

chart -2 shows that the training data distribution has
become balanced, with Class 0 (non-diabetic) now
representing approximately 50% of the data, and Class 1
(diabetic) also accounting for about 50%. This enhances the
model's ability to distinguish between the two classes and
reduces bias toward the dominant class.

3.5 Cross-Fold Validation - K-Fold is one of the most
commonly used cross-validation techniques. In K-Fold cross-
validation, the parameter K indicates that the dataset will be
divided into K sections. One section is used for validation,
while the machine learning model is trained using the
remaining K-1 sections. This process is repeated, with a
different section used for validation each time while the rest
are used for training. In each iteration, accuracy is calculated.
Finally, the average accuracy across all iterations is
computed, providing the final model accuracy, as shown in
Fig-4 [10].
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Fig -4: Data Splitting Using K-Fold Cross Validation

3.6 Model Building - This stage is the mostimportant, as
we will use the machine learning algorithms available in the
scikit-learn library, which assist us in applying machine
learning algorithms to process our data. We will then select
the best model based on the classification accuracy metric.
The machine learning algorithms that were applied are:

1) Support Vector Machine (SVM): It is one of the
supervised algorithms that relies on classifying data by
finding a hyperplane in an N-dimensional space, where
N represents the number of features in the dataset. This
hyperplane separates the data points from each other.
There are many potential hyperplanes that can separate
the data into classes, but we want the one that
maximizes the distance between data points belonging
to different classes.

In Fig -5, we have two features of the data, so we plotted
the data points within a two-dimensional space. The line
that divides the data into two differently classified
groups is the line in the middle, as it provides the best
separation between the data points belonging to the two
groups. This line serves as our classifier, allowing us to
classify new data (test data) based on the position of the
test data points on either side of the line. [11]

100
(o]
80 o]
o
° e
60 o
[¢)
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40 $
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=
e
0 R Y S a] Q L
140 150 160 170 180 190 200

Fig -5: Data Classification Using the SVM Algorithm

2) Random Forest (RF): Random forests are considered

an ensemble classifier as they consist of a collection of
decision trees. [12] The sensitivity of decision trees to
training data can lead to variability in classification
results with minor changes in the input data. Therefore,
different decision trees that make up the random forest
are trained using different and random subsets of the
training data. To classify a new sample, it must pass
through all the decision trees in the forest, and the
forest's classification is determined by taking the
majority vote in the case of categorical data or averaging
the outputs of all trees in the forest when classifying
numerical data. Since the random forest algorithm takes
into account the results from different decision trees,
this helps to reduce the variability that arises from
relying on the output of a single decision tree on the
same dataset. [13]

Dataset

Random subset Random subset Random subset

Fig -6: The structure of the random forest algorithm.

Table -2 shows the specifications of the computer used in the
experiment.

Table -2: Specifications of the computer used in the

experiment

Processor Intel(R) Core(TM) i7-8550U

CPU @ 1.80GHz 1.99 GHz

Number of Cores 8

Random Access Memory (RAM) | DDR4 - 16 GB

Operating System Windows 10

3.7 Model Evaluation -

1) performance metrics: To clarify performance metrics,

it is essential to first explain the Confusion Matrix for
binary classification.

Confusion Matrix for Binary Classification:
In binary classification, each input sample is assigned to
one of two classes. Generally, these two classes are
labeled as 1 and 0 or as positive and negative. The
confusion matrix helps visualize whether the model is
"confused" in distinguishing between the two classes. As
shown in Fig -7, itis a 2 x 2 matrix.
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Fig -7: Confusion Matrix.

Where the four metrics in the Confusion Matrix are:

A. Top left (True Positive - TP): How many times did the
model correctly classify a positive sample as positive?

B. Topright (False Negative - FN): How many times did the
model incorrectly classify a positive sample as negative?

C. Bottom left (False Positive - FP): How many times did

the model incorrectly classify a negative sample as

positive?

D. Bottomright (True Negative - TN): How many times did
the model correctly classify a negative sample as
negative?

Based on these four metrics, other measures can be
calculated to provide more insights into the model's
behavior. Equations (4)-(7) refer to the definition of each
metric.

TP+TN
Accuracy = - (4)
; TP+TN+FP+FN
TP
Recall = ——— ... (5)
TP + FN
L. TP
Precision = ——— ... (6)
TP + FP
2 # Precision * Recall
F1— Score =

Preecision = Recall

2) Area Under Curve (AUC): It is one of the most
important metrics used to evaluate the accuracy of a
model in classifying data. It represents a measure of
separability, indicating how well the model can
distinguish between different classes. The higher the
AUC value, the better the model is at predicting classes,
meaning it is more effective at distinguishing between
individuals who have the disease (target variable value
=1) and those who do not (target variable value = 0).

The AUC value is calculated based on a curve called the
Receiver Operating Characteristics (ROC) curve, which
represents the relationship between two variables: the
False Positive Rate (FPR) and the True Positive Rate
(TPR). referred to in the equations (8) and (9).

TPR= 157N —®
FPR = ik 9
~ FP+TN™ ©)

3.8 Result-

1) Before balancing the data:

The table -3 presents a comparison of classification
accuracy results for predictive models using evaluation
metrics.

Table -3: comparison of classification accuracy results for
predictive models

Metrics SVM Random Forest
Accuracy 0.9586 % 0.9691 %
Precision 0.9568 % 0.9685 %
Recall 0.9586 % 0.9691 %
F1 Score 0.9549 % 0.9669 %
ROC Curve for SWVM
10 —
0.8 ’,/‘
ﬁ 0.6 o .
4 o4 e
02 /f'/
o] V7 —— SVM (AUC = 0.95)
00 02 04 06 08 10

False Positive Rate

Chart -3: ROC Curve for the SVM Model

The ROC curve for the SVM model is very close to the upper
left corner, indicating good performance in data
classification. The area under the curve (AUC) is 0.96, which
is a high value, demonstrating the model's strong ability to
distinguish between categories before balancing the data.

© 2025,IRJET | ImpactFactor value: 8.315

IS0 9001:2008 Certified Journal | Page 755



International Research Journal of Engineering and Technology (IRJET)
www.irjet.net

e-ISSN: 2395-0056
p-ISSN: 2395-0072

JET Volume: 12 Issue: 02 | Feb 2025
ROC Curve for Random Forest
10 —
08 e
© e
506 s
G o
& L
@04 P
H
02 L
0.0 o —— Random Forest [AUC = 0.97)

00 02 04 06 08 10
False Positive Rate

Chart -4: ROC Curve for the RF Model

The ROC curve for the Random Forest model showed
excellent performance, as it is very close to the upper left
corner. The area under the curve (AUC) is 0.97, which is
slightly higher than the SVM model, indicating that Random
Forest may have a better classification performance before
balancing the data.

PERFORMANCE SVM

HSVM

1171.8756

4.4666

TRAINING TIME (SEC) TESTING TIME {SEC)

Chart -5: Training and testing time for the SVM model

PERFORMANCE RF

N RF

0.2925

TESTING TIME (SEC)

TRAINING TIME (SEC)

Chart -6: Training and testing time for the RF model

We observe that the training time for SVM is significantly
longer, taking approximately 1171 seconds compared to just

3.8 seconds for Random Forest. This large difference is due
to the nature of the SVM algorithm, which relies on finding
the optimal separating hyperplanes between classes in a
high-dimensional space. This requires intensive
mathematical computations to solve an optimization
problem, which becomes even more complex in the case of
imbalanced data. When one class has very few samples, SVM
needs extra effort to adjust the decision boundaries
accordingly. On the other hand, Random Forest builds alarge
number of decision trees in parallel, where each tree is
trained on a random subset of the data. This parallel
structure makes it more efficient and less time-consuming.

Regarding the testing time, SVM remains slower, taking
around 4.47 seconds, whereas Random Forest completes the
task in just 0.29 seconds. The reason for this is that SVM
needs to compute the distance of each new data point
relative to the decision boundaries found during training,
making it slow. In contrast, Random Forest simply passes the
test point through the decision trees and aggregates the
votes for the final prediction, which is a very fast process.

2) After balancing the data:

Table -4: comparison of classification accuracy results for
predictive models after balancing the data using SMOTE

Metrics SVM RF

Accuracy 88.77 % 95.42 %
Precision 93.35% 95.41 %
Recall 88.77 % 95.42 %
F1 Score 90.29 % 95.41 %

After applying SMOTE, the accuracy of SVM dropped
significantly from 95.86% to 88.77%, while the performance
of RF remained relatively stable at 95.42%.

Additionally, the training time for SVM increased to 2897
seconds compared to just 9 seconds for RF, indicating that
RF is more efficient in terms of time and overall
performance.

Based on these comparisons, it can be concluded that
Random Forest is the most suitable model for handling data
balancing using SMOTE, as it demonstrated higher
performance and greater stability compared to SVM.
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ROC Curve for SVM After SMOTE
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Chart -7: ROC Curve for the SVM Model

ROC Curve for Random Forest After SMOTE
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Chart -8: ROC Curve for the RF Model

We observe that the performance of Random Forest (RF)
and Support Vector Machine (SVM) remains high after
applying the SMOTE technique for data balancing. The AUC
(Area Under the Curve) value for Random Forest remained
at 0.97, indicating that the model still has excellent
discriminative ability, while the AUC value for SVM became
0.95, which is close to the previous result.

We conclude that balancing the data using SMOTE helped
improve the classification accuracy of the underrepresented
class without significantly negatively impacting the overall
performance of the models.

Additionally, data balancing reduced the bias towards the
majority class, enhancing the model’s accuracy across
different classes.

PERFORMANCE SVM
WITH SOLVE IMPLANCE PROBLEM

mSVM

TRAINING TIME (SEC) TESTING TIME (SEC)

CLASSIFICATION WITH SOLVE IMPLANCE PROBLEM

Chart -9: Training and testing time for the SVM model

PERFORMANCE RF
WITH SOLVE IMPLANCE PROBLEM

HRF

0.416

TRAINING TIME (SEC) TESTING TIME (SEC)

CLASSIFICATION WITH SOLVE IMPLANCE PROBLEM

Chart -10: Training and testing time for the RF model

Performance Analysis Between the Two Models in Terms of
Time Efficiency:

¢ SVM: requires a longer time for training and testing,
indicating that it is more computationally expensive.

e RF: has a significantly lower testing time, making it a
faster option for prediction in real-world applications.

4. CONCLUSIONS and Recommendations

This study concluded that using different machine learning
algorithms to predict diabetes can achieve high performance
when data is improved and balanced. The results showed
that the SMOTE technique significantly contributed to
enhancing model accuracy by addressing the issue of data
imbalance, leading to improved performance for algorithms
such as Random Forest (RF) and Support Vector Machine
(SVM). Additionally, it was found that RF outperformed SVM
in prediction accuracy after data balancing, highlighting the
strength of this algorithm in handling imbalanced datasets.

When comparing model performance before and after data
balancing, it was observed that Confusion Matrices and ROC-
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AUC curves improved significantly, indicating that the model
became more capable of distinguishing between diabetic and
non-diabetic patients.

This study can be expanded by integrating predictive models
with the Internet of Things (IoT) to develop smart health
monitoring systems capable of continuously measuring and
analyzing diabetes indicators. Additionally, incorporating
medical image analysis instead of relying solely on
structured data can contribute to the prediction of certain
diseases, such as cancer and chronic lung diseases, which
require advanced visual analysis.
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