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ABSTRACT: Diabetes mellitus is a prevalent metabolic disorder globally. Its primary etiologies encompass socioeconomic
determinants, behavioral risk factors, and underlying comorbidities. Numerous epidemiological studies have investigated various
diabetes phenotypes, impacting both sexes across the entire age spectrum. This study utilizes a dataset containing clinical profiles
of 1,000 subjects assessed on multiple biometric and sociodemographic variables. The objective is to classify diabetes into type 1,
type 2, and prediabetes using an array of deep learning and machine learning algorithms. Currently, artificial intelligence-driven
diagnostic methods represent a state-of-the-art approach for disease stratification. This research evaluates the performance of six
classification algorithms for determining glycemic status: random forest (RF), support vector machine (SVM), extreme gradient
boosting (XGBoost), convolutional neural network (CNN), recurrent neural network (RNN), and long short-term memory (LSTM)
network. Results demonstrate that the XGBoost classifier attained the highest predictive accuracy of 91% with a training duration
of 20 seconds, surpassing the other models. These findings underscore the potential of advanced computational algorithms for
precise diabetes phenotyping and risk assessment, offering significant implications for disease management and public health
interventions.
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1. INTRODUCTION

Diabetes mellitus is a widespread disease caused by a chronic metabolic disorder, leading to a disruption in blood sugar regulation
in those affected. This disease includes the first type, which is caused by the body's inability to produce insulin, while the second
type is caused by the body's incapacity to react to insulin[1]. The percentage of people affected by this disease is very high, and it
is considered a serious and fatal disease among humans. Morbidity and mortality rates have become higher among diabetics than in
people without diabetes. Official statistics indicate that one in eight adults is expected to have diabetes, reaching 853 million, a 45%
increase by 2050 [2][3].

Diabetes poses a global health challenge due to the rising number of affected individuals. The International Diabetes Federation
(IDF) estimates that 589 million individuals between the ages of 20 and 79 suffer from diabetes [2][4]. People with diabetes typically
suffer from various complications and an increased mortality rate. Rapid intervention to provide immediate healthcare for the
prevention and early detection of this disease has become essential. Health reports indicate that 1 in 2 adults with diabetes is
undiagnosed, which in turn poses a significant challenge to healthcare providers. However, almost 10% of the $760 billion spent on
healthcare worldwide is related to diabetes [5][6]. Diabetes is classified into two primary types: type 1 and type 2. Type 1 diabetes,
which is insulin-dependent, is a significant burden, especially for children and their families. In countries with weak economies,
those with type 1 diabetes often struggle to access insulin or self-care tools, leading to acute and chronic complications, and
sometimes death or severe disability [7] [8]. In contrast, type 2 diabetes accounts for over 90% of cases globally and is the most
prevalent form. Type 2 diabetes, which typically develops later in life, is characterized by the body's cells not reacting fully to
insulin, known as insulin resistance. This type is often less severe at onset and may lack symptoms, making diagnosis difficult.
Extended undiagnosed type 2 diabetes can result in increasing complications over time [9][10].

Computer science uses advanced techniques to develop tools or systems for evaluating data and managing complexities in many
applications. Al techniques can now be used for diabetes to digest data efficiently and create tools to manage the illness. Advances
in Al are crucial in providing safer technology through secure and user-friendly designs. These designs also take into account
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uncertainties in technical systems [11]. Six machine learning and deep learning algorithms as a RF [12], SVM [13], XGBoost [14],
CNN [15][16], RNN [17], and LSTM [18][19] were used in this study to detect and classify diabetes. These models contributed to
providing physicians and healthcare providers with the necessary information through intelligent programs that effectively manage
diabetes. In contrast, the Al approaches offer opportunities for diabetics to care for themselves and make decisions in emergencies.
These tools also give providers flexible monitoring options and resource use within healthcare systems [20].

2. RELATED WORKS

Diabetes primarily impairs blood sugar regulation and is a widespread global disease. Many studies have addressed its types using
various methods, including artificial intelligence, to aid diagnosis and support physicians and patients.

Thaiyalnayaki, K. [21] applied MLP and SVM algorithms to classify diabetes mellitus. This approach provided optimal treatment
management for a diabetic patient dataset. Nine key features were identified and analyzed. The MLP classifier attained a 77.474%
accuracy for 595 instances, correctly classifying 77.474% and misclassifying 22.526%. In comparison, the SVM classifier achieved
65.1042% accuracy for 500 cases and misclassified 34.8958% of them. These results indicate that the MLP classifier outperformed
the SVM in terms of accuracy.

Islam, Md Merajul, et al. [22] used various statistical measures to identify diabetes risk factors. Specifically, the values of
independent variables were examined using the t-test, while the chi-square measure was applied to test categorical variables for the
diabetes dataset. In their analysis, 1,569 people participated in the 2011 Population and Medical Survey of England, and it was
found that 127 of them had diabetes. The authors then classified and predicted outcomes in the diabetes dataset by applying a set of
machine learning algorithms. According to their findings, just eleven of the fifteen attributes were substantially related to diabetes.
Notably, the RT classifier based on bagged CART was the most accurate, achieving a 94.3% accuracy rate with a value of 0.600
under the curve.

Kumari, S., Kumar, D., & Mittal, M.[23] developed a soft voting approach using several machine learning models, such as LR, RF,
and NB. The study applied multiple ML algorithms to predict diabetes and aimed for the best accuracy. Researchers used the PIMA
Diabetes Dataset, which includes data from people both with and without diabetes. They assessed baseline classifiers with criteria
such as accuracy, precision, recall, and F1_score. Findings showed 73.48% accuracy, 79.04% precision, 71.45% recall, and an F 1-
score of 80.6%.

Gollapalli, Mohammed, et al. [24] evaluated diabetes types (Type 1, Type 2, and prediabetes) using machine learning models in
classification and prediction. A Saudi Arabian hospital dataset was utilized to manage the illness and stop its development. Several
algorithms were used in four different experiments to get the best outcomes. The significance of permuted qualities highlighted five
important features: gender, education, insulin usage, nutrition status, and use of antidiuretic medication. For scenarios 2, 3, and 4,
the data collection was balanced using the synthetic minority oversampling technique. The novel stacking model demonstrated
encouraging empirical findings, achieving the highest accuracy of 94.48% in classifying diabetes.

Shams, M. Y., Tarek, Z., & Elshewey, A. M. [25] developed a novel approach for early-stage detection of diabetes. They utilized a
variety of machine learning techniques and called it the Recurrent Feature Elimination Unit (RFE-GRU). The researchers used the
PIMA Indian Diabetes Mellitus (PIDD) dataset, which contains 768 patients and 9 parameters. RFE is crucial for selecting features
from the training dataset. GRU addresses the challenge of feature gradient disappearance and amplification. The results
demonstrated that the RFE-GRU model delivered promising prediction results. It outperformed other classifiers. The evaluation
scores, using accuracy, precision, recall, F1 score, and area under the curve (AUC), were 90.70%, 90.50%, 90.70%, and 0.9278,
respectively.

3. RESEARCH METHODOLOGY

This section outlines the suggested approach implemented in this study. An open-source Kaggle dataset on diabetes was used [26].
Types of diabetes were identified and classified using an integration of DL and ML models. Figure 1 depicts the research process
from data gathering to results acquisition.
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Fig 1. Research tracking from data gathering to results acquisition

3.1 Collocation of the Dataset

An invaluable resource for diabetes study and analysis, Kaggle provided the dataset. [26]. This website provides a variety of open-
source clinical and demographic data, supporting the development of clinical projects and providing a deeper understanding of the
disease. Complete medical records for 1,000 individuals with diabetes, separated into three groups (diabetic, non-diabetic, and pre-
diabetic), are included in the dataset. The dataset includes various diabetes symptoms such as gender, age, urea, creatinine, anxiety,
glycated hemoglobin, cholesterol, triglycerides, high-density lipoprotein, low-density lipoprotein, very low-density lipoprotein,
body mass index, and class. The parameters were carefully distributed to include a wide range of symptoms, ensuring diversity and
accuracy in the resulting models. As a result, this diversity has significantly contributed to the development of scientific methods,
not only for identifying diabetes symptoms but also for the development of healthcare technologies based on ML and DL algorithms.
Table 1, shows the description of the parameters of diabetes mellitus.

Table 1. Description of the parameters of diabetes mellitus

Feature Description

Gender The biological sex of the individual. Usually encoded as: 0 = Female, 1 = Male. Gender
can impact diabetes risk due to hormonal and lifestyle differences.

AGE The age of the subject in years. Age is a critical risk factor as diabetes risk increases

with age, especially after 45.
Urea A measurement of urea (in mg/dL) in the blood. High levels may indicate kidney issues,
which are common complications of diabetes. Normal range: ~7-20 mg/dL.
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Cr (Creatinine)

Measures the level of creatinine in the blood (mg/dL). Also a marker of kidney function.
Elevated Cr levels may suggest impaired kidney function, often linked with diabetes.
The standard range:~0.6- 1.3 mg/dL.

HbA1lc (Glycated An important measure of typical levels of blood sugar for the previous two to three

Hemoglobin) months. Shown as a percent. - Diabetic: >6.5%, Pre-diabetic: 5.7-6.4% , Normal:
<5.7%.

Chol (Cholesterol) Total cholesterol in the blood (mg/dL). A common complication of diabetes is high fat
levels, which increases the likelihood of heart disease. Normal: <200 mg/dL.

TG (Triglycerides) Measures the amount of fat in the blood (mg/dL). Hyperglycemia and resistance to

HDL (High-Density

insulin are associated with elevated levels. Normal: <150 mg/dL.
The "good" cholesterol (mg/dL). Higher levels are better. Helps remove excess

Lipoprotein) cholesterol from the bloodstream. - Ideal: >40 mg/dL (men), >50 mg/dL (Ladies).

LDL (Low-Density The "bad" lipid level (mg/dL). High levels contribute to plaque buildup in arteries. -

Lipoprotein) Optimal: <100 mg/dL.

VLDL (Very Low- Another type of "bad" cholesterol (mg/dL), carries triglycerides. Often estimated from

Density Lipoprotein) TG/5. High VLDL is associated with increased diabetes risk. Normal: 2-30 mg/dL.

BMI (Body Mass A body fat measurement determined by height and weight (kg/m2). Overweight (BMI

Index) >30) significantly increases the chance of getting diabetes with type 2: <18.5 - Normal:
18.5-24.9 - Overweight: 25-29.9 - Obese: >30

Class Target label: Indicates diabetes status. Typically coded as: 0 = Non-Diabetic, 1 =

Diabetic, 2 = Predict-Diabetic. This is the outcome you're trying to predict or classify.

3.2 Data Preprocessing

The data processing and cleaning phase is a fundamental and important step in the data analysis process. During this phase, the
dataset is converted into a format suitable for analysis, modeling, and interpretation. This section describes all the specific steps
followed based on the code applied to pre-process and clean the dataset, taking into account data type, handling zero values,
transforming categorical variables, and preparing the data for modeling.

3.3 Feature Selection

At this stage, the process of selecting attributes (variables) for the dataset is carried out in two steps. In the first step, the dataset is
initialized and loaded, and then the categorical attributes are converted into numerical attributes. This step enables the selected data
to be properly processed using ML and DL algorithms. In the next step, the features are prepared, and the targeted characteristics
and parameters are separated.

3.4 Data Splitting
This step of data processing is essential. The data is divided into two primary categories, training data and test data, during the data
splitting process. The dataset used in this study was split into 70% training data and 30% test data.

3.5 Identify Artificial Intelligence Algorithms
A briefly introduces the Al algorithms with it’s models as ML and DL used in this study. The selected traditional models were
applied for classification and evaluation using training and test data [27][28]. Primary classifiers will be explained in detail.

3.6 Evaluation Metrics

The effectiveness of models is typically assessed using several significant measures. The confusion matrix is one of the most
essential measures for assessing the performance of the classification models used in this study. It involves four key criteria (TP,
TN, FP, and FN). The confusion matrix is typically sized 2 % 2 and includes axes for both the true and expected values. The
parameters of the confusion matrix can be described in detail as follows [29]:

o True Positives (TP): positive elements that are correctly identified as positive,

o False Positives (FP): negative elements that are incorrectly identified as positive,
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¢ False Negatives (FN): positive elements that are incorrectly identified as negative, and

o True Negatives (TN): negative elements that are correctly identified as negative.

These parameters can be used to calculate several measures, such as accuracy, precision, recall, and F-measure, which are
extensively employed in data mining and machine learning to assess models. Table 1, shows a confusion matrix diagram [30].

Table 2. Confusion matrix

Predicated Measures
Positive =1 Negative =0
Actual Measures Positive =1 TP FP
Negative =0 FN TN

e Accuracy measure

The accuracy measure indicates the success of a binary classification test in either ruling out or confirming a condition. Accuracy
can be defined as the proximity to the target, or the average proximity to it. Typically, the weighted arithmetic mean of precision
and inverse precision is shown as bias-weighted. It can also be represented as a prevalence-weighted scale of recall and inverse
recall.[31]. The calculation of the accuracy measure can be represented as follows:

TP+TN
TP+FP+TN+FN

(D

Accurcay =

e Precision measure

One popular measure is the precision of test results, which indicates how consistently or efficiently information has been aggregated.
A crucial criterion in the evaluation matrix is the precision metric, which can capture data regarding the kinds and frequencies of
errors that could happen during training [32]. As a result, the positive instances and forecasts are the main emphasis of this measure's
contribution. Therefore, the precision metric could be defined as the ratio of correctly categorized positive instances to all positive

examples identified by the system:
TP

Precision = TPiFP 2)
e Recall measure
The recall measure is the most widely used metric for evaluating sensitivity. In addition, this metric represents the average total
recall of the TPR measure. Thus, the ratio of positive true values to values that were categorized as positive is known as the recall
measure. This metric and its group solely highlight predictions and positive examples. Consequently, the recall metric is crucial in
the assessment matrix since it may capture data regarding the kinds and frequencies of errors that could happen upon training. As a
result, the recall measure can be defined as the number of positive examples divided by the total positive example values [33]. The

recall measure is represented by the following formula:

TP
Recall = ——
TP+FN

€)

e F-measure

The F-measure is essential when evaluating examples that are imbalanced compared to others. This measure is often used to evaluate
and improve information performance when the number of negatives in the sample increases compared to the number of positives.
This measure also allows for the calculation of differential weighting between the recall and precision measures, although these
measures usually have equal weight. To ensure a value close to the ideal, it is necessary to reflect the true positives, as this measure

typically corresponds to the arithmetic mean of the expected true positive values [34]. The F-score is represented as follows:

2xPrec*Rec
F — measure = ———— 4
Prec+Rec
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3.6.1 ROC curve

AUC, often known as the ROC curve, is a crucial statistic for figuring out how true and false positive rates relate to one another in
binary classifiers. Many studies have adopted this metric because it is superior to absolute accuracy in classifier evaluation and is
particularly popular for stationary, imbalanced data. However, the dataset must be sorted repeatedly for each example when
measuring AUC [35]. However, when processing big datasets, AUC cannot be calculated directly because it requires a full scan of
the streams after each iteration. Therefore, the AUC metric will be limited to use with data sources for full streams and periodic stop
sets that skew its performance and are computationally infeasible, especially for real-world applications [36].

4. RESULTS AND DISCUSSIONS

The findings from the experiments carried out for this study will be examined. Figure 2, shows the outcomes of all techniques that
were used, based on the ROC-AUC curve and confusion matrix. These results are essential for calculating the remaining metrics in
the next stage for all classifiers, which differ according to the rules each algorithm uses to classify and detect diabetes types in
patients.

3rhason Vatrs - eV AT Kere
Cariusion Vatrs . § B Xesred) Curhriioe Matrin « Xhowst

L

Fig 1. Confusion matrix results for ML models
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Fig 2. Confusion matrix results for ML and DL models

The baseline parameters (TP, FP, TN, and FN) form the basis for calculating the remaining key metrics by which algorithms are
evaluated. A confusion matrix based on the actual and expected values was used to determine the baseline parameter values. The
confusion matrix provided the final values for calculating the TPR and FPR values for each metric.
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Fig 3. ROC-AUC curve for ML and DL classifier

Figure 3, shows the ROC-AUC curves for each classifier based on the baseline parameters derived from the confusion matrix. This
figure displays the separate curves for all algorithms used in this study. This metric is considered better than overall accuracy for
evaluating classifiers, especially with imbalanced data. The curves indicate that the top-performing algorithms, as XGBoost, are
closer to the upper-left corner (with an AUC near 1). This indicates that these models may maintain a high True Positive Rate (TPR)
while maintaining a low False Positive Rate (FPR), as evidenced by their high ability to distinguish between classes. Although the
other curves perform well, they have smaller Area Under the Curve (AUC) values, showing less discrimination compared to the
leading models. The results display noticeable variation in the metric values, as small changes in TPR and FPR can significantly
impact the outcomes. Table 3, shows the values of the ROC—AUC curve with TPR and FPR for each classifier.

Table 3. ROC-AUC curve with TPR and FPR values

Model TPR FPR Precision | Recall F1 score
RF 0.84 0.08 0.87 0.85 0.86
SVM 0.86 0.07 0.88 0.86 0.87
XGBoost | 0.92 0.04 0.92 0.9 0.91
CNN 0.554 0.165 0.56 0.65 0.57
RNN 0.851 0.054 0.89 0.89 0.89
LST™M 0.536 0.180 0.74 0.79 0.76

Figure 11 depicts the evaluation results of these models and highlights the most prominent differences between them based on
various metrics. Three primary metrics, precision, recall, and F1-score, were computed to assess and contrast the models used. The
findings demonstrated that the XGBoost algorithm outperforms the remaining algorithms.
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A thorough evaluation of the cost-based algorithms' performance is provided in Table 4, which clearly illustrates the conflict
between computing efficiency and accuracy. The XGBoost model attained the best accuracy of 91%, demonstrating its outstanding
ability to identify intricate patterns. However, this performance came with the longest training time of 20 seconds, indicating a
significant computational load. In contrast, SVM and RF algorithms performed poorly, with training times of 8 and 10 seconds and
accuracies of 88% and 85%, respectively. While deep learning algorithms in general demonstrated poor performance, notable
differences were observed between models. The CNN model achieved the lowest accuracy of 65% and was trained in 5 seconds. In
contrast, the RNN model reached 89% accuracy in 5 seconds, while the LSTM model achieved 79% accuracy with a 7-second
training time. Overall, deep learning models performed worse with short training periods compared to machine learning models,
which achieved higher performance with longer training times. These results may stem from the small dataset size and over-
processing, which disproportionately impacted deep learning models.

In the end, the XGBoost algorithm had the highest accuracy in classifying its results. The XGBoost algorithm showed the best
accuracy-to-highest computational cost ratio, providing robust diagnostic reliability without requiring an excessive amount of
training time. This balance makes XGBoost particularly suitable for practical applications requiring both high precision and
operational efficiency. Figure 5 depicts the accuracy values relative to the training time recorded for each classifier.

Accuracy comparison for each models

100%

80%
60%
40%
20%

0%

SVM  XGBoost LSTM

Fig 5. Accuracy comparison for each model

Table 4 provides a detailed evaluation of the advantages and disadvantages of all the classifiers used. It highlights the performance
of each classifier employed in this study.
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Table 4. Pros and Cons of classifiers based on the accuracy

A
Model (o/cc)uracy Pros Cons
(1)
Handl -li data, red . .
RF 85% an e§ non-inear ca a., FECUCEs | Slower training, less interpretable
overfitting, robust to noise
SVM 28% Effective in high-dimensional | Requires careful tuning, slow with
’ spaces, good generalization large datasets
High accuracy, handles missing | Complex to tune, longer training
XGBoost | 91% O o .
008 ’ data, regularization built-in time
CNN 65% Excellent for spatial data, | Not ideal for tabular data,
’ automatic feature extraction computationally intensive
Previ deali ith . .
revious memory, deating V.Vl Slow, suffering from fading
RNN 89% long sequences and weight : . )
) . . gradient and explosive gradient
sharing over time periods
LSTM 79% Flexible and strong, a solution | High cost, over-equipping,
’ for fading gradients interpretation issue

5. CONCLUSION

For decades, the prevalence of diabetes has posed a significant challenge to healthcare providers worldwide. The most common risk

factors for the disease are social, behavioral, and medical in nature. Numerous studies have explored different types of diabetes,

affecting people of all ages and both genders. This study utilized a Kaggle dataset that included three types of diabetes, categorized

based on several factors. The main challenge was classifying these types using six machine learning and deep learning algorithms,

which are among the most promising methods for disease identification. According to the results, the XGBoost model achieved the

highest accuracy of 91% with a training time of 20 seconds. This outcome represents a positive step toward improved diabetes

classification and detection, offering valuable opportunities for both healthcare professionals and patients. In future work, these

findings could benefit classification, detection, and prediction in other fields.

5.1 Limitations of the study

This study's limitations included the following classification of diabetes mellitus using artificial intelligence models based on types

of diabetes:

e Data Quality: Model performance is impacted by data imbalance, feature quality, and any other factors.

e Tuning parameters: One of the most important tools for achieving optimal performance is tuning parameters for each model (the
settings that control the learning process).

e Interpretability: Understanding how the model functions in decision-making, particularly in healthcare applications, can be
challenging when six machine learning and deep learning models are used.

e Computational Cost: The process of training and validating six models is computationally expensive, especially for deep learning
models.

e Performance Metrics: Relying solely on accuracy factors is an insufficient indicator of clinical data, which is often imbalanced
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