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Abstract
Diabetes is a major global prevalence. Health problems that affect millions of
people round the world and placing significant burdens on health systems.
Primitive diabetes risk detection and prediction can be significantly improved.
Patient outcomes through timely intervention and management Strategies. This
article provides a comprehensive analysis Predicting diabetes using machine
learning techniques. Special Focus on Random Forest Algorithm and Class
Balance Methods. We have a strong pre-processing pipeline that handles missing
values that encodes variable category and removing irrelevant identifiers from the
dataset. Addressing the imbalance class, there are two types of synthetic
techniques: synthetic Minority oversampling Techniques (SMOTE) and SMOTE
with edited nearest Neighbours (SMOTE-ENN). Our Forest classifier achieves
notable performance metrics, with original model 99.00% accuracy, accuracy,
remember and F1-score. Comparative analysis shows that when SMOTE
(98.50% accuracy) and SMOTE-ENN (95.00% accuracy) reduce overall
performance metrics; they provide more balanced representation of class. The
analysis of the characteristics shows that HbA1c، BMI، and age are the most
important predictors diabetes in all models. The learning curve and the chaos the
matrix demonstrates the strong classification capabilities of the models and
clarifies the compromises between class balance and general equilibrium execution.
This research has led to the expansion of the body understanding the applications
of machine learning by healthcare a detailed methodology for the diagnosis of
diabetes it can also be applied to clinical decision support systems. Improving early
diagnosis and patient management strategies.
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I. INTRODUCTION
Diabetes is one of the most common diseases Chronic

diseases worldwide، affecting about 537 million people

as of 2021، adults around the world، and forecasts show

that This number is expected to rise to 783 million by

2045.[1] It's metabolic disorder, which is characterized

by elevated blood glucose, has a condition these include

major health problems، including an increased risk of

heart and blood pressure disease, nephropathy,

neuropathy, and retinopathy. The economic burden of

diabetes is huge. The cost of diabetes is estimated at

$966 billion [2]. Early detection and prognosis of

diabetes risk Strategies to Reduce the Effects of the

Disease Timely interventions that can significantly

improve the patient's health Outcomes and Reduced

Health Costs. Traditional diagnosis Methods rely widely

on clinical indicators such as fasting Plasma Glucose,

Oral Glucose Tolerance Test, and Glycated

Hemoglobin (HbA1c) levels. But these methods are

often these: Diabetes is only detected when there is

significant progress. The need for an active forecast [3].

Machine learning techniques have been shown to be

remarkable. Potential in medical applications، especially
in diseases prediction and risk classification. These

computational methods can recognize complex patterns

and relationships in medical matters. Information that

may not be immediately disclosed through the

traditional statistical analysis. In the midst of a variety of

machine learning random forest has attracted a lot of

attention due to its robustness، interpretability، and

ability to handle high-dimensional behavior

information that needs to be processed at least in

advance [4].

This article provides a comprehensive analysis of

diabetes. The prediction was made using a random

algorithm through a systematic method that includes

the pre-processing of data، model training، evaluation،
and the importance of features analysis. We also address

the serious challenge of class imbalance Through Two

Advanced Technologies: Synthetic Minorities SMOTE

with Over-Sample Technique (SMOTE) and Edit Close

Neighbors (SMOTE-ENN). our method addresses

several major challenges in medical data analysis,

including handling missing values, encoding

hierarchical variables, and identifying the most

important predictors of diabetes the situation. The

contributions of this paper are multifaceted: first, we

specifically present a detailed preprocessing pipeline

designed for medical data related to diabetes, addressed

common challenges such as missing values and

categorization variable encoding second, we execute and

evaluate a random forest classification for diabetes

prediction, achieving high accuracy, accuracy,

memorization, and f1-score metrics that perform

efficacy of the model. Third, we conduct a

comprehensive trait significance analysis, identifying
HbA1c, BMI, and age as the most important predictor

of diabetes The position, providing valuable insights for

clinical practice. Fourth, we analyze the function of the

model in different diabetic patients illustrated by

illusion matrix ability to classify. Fifth، we are applying

compare SMOTE and SMOTE-ENN for the addressing

class. imbalances, which give insight into the effects of
their model dynamics of activity and learning. The rest

of this article is organized as follows: (ii) evaluates the

use of machine learning applications for diabetes

prediction.

The third part describes our methodology. Pre-

processing of data، implementation of random forests،
and balancing techniques. Part 4 presents and discusses

our results، especially with an emphasis on the

performance of the model، the importance of features

and the impact of re-sampling methods. Finally، the

fifth part of the article concludes، our summary.

Findings and guidelines for future research.

II. RELATEDWORK
The use of machine learning techniques for diabetes the

predictions have garnered considerable research interest.

It's been the last decade. This section provides a

complete overview related study which illustrate

different methods، data sets، and illustrations standards

of performance while identifying gaps in the research

that we work address.
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a. Machine Learning Methods for Predicting

Diabetes Researchers have developed a variety

of machine learning algorithms. In order to

predict diabetes، each one has its own benefits

and limitations. Zhu et al. [5] conducted a

comparative analysis multi-classification

algorithm that take advantage of Pima Hindus

diabetes database, found that the overall

methods are usually It worked better than the

individual classifiers.

The study reported that random forest achieved

80.8% accuracy، which was better than support.

Vector machines (SVM) and simple base classifiers.

Sisodia and sisodia [6] evaluated the decision tree.

SVM، and naive bayes for diabetes prediction،
acquisition the maximum accuracy with svm is

76.3%.

Deep learning methods have also been studied

Prediction of diabetes. Ali'c et al. [7] implemented a

deep nervous system Network architecture that

achieved 88.7% accuracy in one Hospital-based

datasets, which show deep potential. Learn to

record complex samples within medical

information. To accomplish this، Lai et al. [8]

proposed a hybrid Convolutional Neural Networks

(CNNs) and long-term memory (LSTM) networks

for the time being. Medical data analysis، achieving
93.1% accuracy in diabetes Predictions using

electronic health records. The methods of the

ensemble have always proven to be the best

Predictive Effects of Diabetes. Perveen and the light.

[9] Comparison of AdaBoost، bagging، and Random

Forest algorithms، And the result was that Random

Forest was the most balanced. Performance in

various evaluation criteria. Their Findings Adapt to

our approach، which takes advantage of Random

Forest Intrinsic benefits of medical information

management. In the end، Zhou et al. [10] have

specifically proposed a framework for gradual power

enhancement Suitable for non-diabetic 91.2%

accuracy and 89.7% F1 score.

B. Selection of features and importance analysis

selection of features and analysis of importance is

very important components in the development of

effective diabetes prediction models. Cavakiotis et

al. [11] conducted a systematic review of the

machine the importance of learning in diabetes

research the importance of improving the

performance of the model and the ability to

interpret. Their analysis identified hba1c. Fasting

plasma glucose، and BMI are always important.

Characteristics in different studies.

On the basis of this principle, Maniruzzaman et al.

[12] proposed A method of selecting features based

on a Gaussian process A subset of three

characteristics (HbA1c, BMI, and age) was
identified. It is sufficient to achieve 94.2% accuracy

in the prediction of diabetes. Significantly reduces

and maintains the complexity of the model High

performance. In addition، Dean et al. [13] have

been used repeatedly Removing features for

introduction with Random Forest A subset of the

selected features It can improve the accuracy of the
model by 3-5% have the ability to interpret.

Our work expands these methods and provides a wide

range of information Analysis of the importance of

features using Random Forest The ability to classify

intrinsic characteristics The relative contribution of

each predictor to the classification of diabetes

Execution.
C. Pre-processing techniques for medical data effective

pre-processing of medical information is specific

challenges that have a significant impact on the

performance of the model. Steel [14] various pre-

processing techniques were investigated diabetes

predictions, including the absence of value, are

exceptions. Discovery and expansion of features.

They've shown that proper pre-processing can improve

the accuracy of classification up to 8% of the algorithms.

Classroom imbalance is another important preprocessor

of addressing Challenges in medical datasets. Al-

Ghamdi and Noor [15] Several sampling techniques

were evaluated، including synthetic Minority Sampling

Technique (SMOTE), for management Diabetes
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imbalances. The results showed that SMOTE achieved

89.5% accuracy together with Random Forest And it

has an 88.7% F1 score، which is significantly better than

the models It is based on unbalanced information.

Category variable coding has also attracted attention In

the study of diabetes predictions. Cai et al. [16] Various

coding techniques for medical properties Sets of data

that can be used to develop appropriate coding

strategies The performance of the model improves by 2-

4%. Our methodology includes: These Views

Implement Label Coding Category variables such as

gender and diabetes class.

D. Managing Class Imbalances in Medical Datasets

Class imbalances are particularly pronounced in

medical datasets. where the incidence of illness is often
less than in healthy conditions. Nanamuko and

Kurkuntzelos [17] lead Regular review of class

imbalance management

DIABETES PREDICTION، SMOTE IS KNOWN

THROUGH THE MOST IMPORTANT
Effective methods are noted that although SMOTE has

improved. Sensitivity to minority classes, sometimes
downplaying them altogether. Due to the accuracy of

the artificial The distribution of the following

information may not represent in its entirety.

BASED ON SMOTE، MULTIPLE HYBRID

METHODS
It has been proposed to address these limitations.

Batista and others [22] SMOTE-ENN has found that it

performs better than the standard SMOTE in datasets
that have noisy boundaries between classes. fern'andez

et al. [24] showed that true for unbalanced datasets

This is a complicated decision because it eliminates the

It can disrupt the learning algorithm. Especially in the

context of diabetes. Ramezankhani et al. [40] compared

various re-samples It was found that SMOTE improved
sensitivity.

In the case of patients with diabetes، sometimes less

specific. This is the carefully evaluate materials related

to different conditions the methods of re-sampling that

solve the problem through our work comprehensive

comparative analysis.

E. Research Gaps and Our Contributions

However, significant advances have been made in the

field of machine learning for diabetes. There is still a lot

of research to be done. First of all، a lot studies take

advantage of relatively small pima indians diabetes

databases, which limit the generalization of their

findings. Our work uses an extensive dataset that

contains a variety of information patient characteristics

enhance our outcomes.

Second, although the importance of features is

recognized Specific, detailed analyses of the

characteristics of diabetes Predictions are often limited.

Our study provides an in-depth study. Analysis of the

importance of features، key predictors and They have a

relative stake. Thirdly، the methods of pre-processing

The data for diabetes varies greatly from study to study,

but is limited.

Consensus on the best strategies. We're going to make a

wish a regular pre-processing pipeline designed

specifically for this medical information related to

diabetes. Fourth، and perhaps most important، is the

imbalance of the class. Accepted as a challenge to the

prediction of diabetes, few studies have made extensive

comparisons.

Various remodeling techniques and their effects on the

model performance، learning dynamics، and the

importance of features. Ours the work fills this gap

through a detailed comparison analysis of the original،
smote، and smote-enn methods provides an overview of

each of the transactions method.

By filling these gaps، our research is helping The

Growing Knowledge of Machine Learning Applications

for the Prediction of Diabetes، which provides a

methodology Insights and practical strategies that can

be implemented Inform future research and clinical

applications.

III. Methodology
This section explains our extensive explanation of

diabetes prediction using a random algorithm. We're

offering methodology on a regular basis، which covers

the pre-processing of data, implementation of the
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model، classroom balancing techniques, and evaluation

standards.

A. Description of the Data Collection
The dataset used in this study contains medical records

with 1000 patients، with a variety of clinical and

demographic settings characteristics related to the

diagnosis of diabetes. Each record is included.

14 Attributes: ID، No Pation (Patient Number), Gender,

AGE, Urea, Cr (creatinine), HbA1c (glycated

hemoglobin), Chool (cholesterol)، TG (triglycerides),

HDL (high density Lipoprotein), LDL (low-density

lipoprotein), VLDL (a lot) low-density lipoprotein), BMI

(body mass index) and CLASS (Diabetes).

The CLASS attribute acts as a target variable، which
classifies Patients were divided into three groups: 'N'

(non-diabetic patient) and 'P' (pre-diabetic), and 'Y'

(diabetic). Preliminary analysis revealed that data set has

no lost value.

Pre-processing pipeline. Gender division includes 'M'

(male), 'F' (female), and a few entries labeled as such 'F'،
which required a standard during pre-processing.

B. Pre-processing of data

Effective pre-processing is very important for strong

development machine learning models، especially when
working with them medical information. Our pre-

processing pipeline contains a number of key

information.

Challenge:

1) Duplicate removal: Medical datasets may have

duplicates. Records due to a variety of factors، including
data entry.

Multiple visits by a patient. In order to make sure

Freedom of Observation and Prevention of Disclosure

of Information Between training and test sets، we

implemented duplicate Removing using the following

method:

Dclean = {x ∈ D|∄ y ∈ Dclean : x = y} (1)

Where D shows the original dataset and Dclean shows
after the removal of the dataset.

(2) Non-value management: Although our initial

analysis There is no value in the dataset، we A robust

lost value management strategy to ensure methodology

Adaptation to similar data sets that may include The

Missing Entries. It's about throwing trains.

Missing values:

Dcomplete = {x ∈ Dclean|∀a ∈ A : xa = null} (2)

where A shows the set of properties and x shows value

for the value of x.

3) Categorical Variable Coding: This dataset includes

Category variables (gender and CLASS) that require

coding prior to the model. We used Label Encoding

In order to convert these variables to numerical form:

E(x) = {i|x = ci ∈ C} (3)

where C = {c0, c1, ..., cn−1} represents a single set

category and E(x) shows the encoded value for the

category x. This method assigns a specific number to

each category. Facilitating the development of the

model while maintaining the Information.

4) Removal of identifiers: Medical datasets often

contain identifiers As a result of the patient's The

predictive power of the model and may lead to greater

fitting If included in the training. We removed 'ID' and

'No Pation' Columns of the dataset:

Dfinal = {x \ {xID, xNo Pation}|x ∈ Dcomplete} (4)

where x \{xID, xNo Pation} record x represents the

following ID and No Pation features have been
removed.

C. Class Imbalance Management with SMOTE and

SMOTE-ENN The analysis of the dataset revealed that

there is a significant class imbalance. Compared to a

group Light. Imbalance in class can seriously affect the

performance of the model.

Fig. 1. Class distribution comparison: (a) Original

imbalanced datasets having severe class imbalance with

Class 3 containing 668 samples, Class0 with 81 samples,

and Class 2 with only 47 samples; (b) After applying

SMOTE, all classes are perfectly balanced at 668

samples each; (c) Afterapplying SMOTE-ENN, classes
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are more moderately balanced with 649, 648,and 586

samples respectively.

Predictions of a Possible Majority Reducing the

susceptibility of minority groups. For the sake of speech

In this challenge, we applied and evaluated the models

twice.

Techniques: Synthetic Minority oversampling

Techniques (SMOTE) and SMOTE with Edited Close

Neighbors (SMOTE-ENN).

1) Implementation of SMOTE: SMOTE solves class

imbalances Creating Artificial Models for Minority

Groups Instead of just quoting existing examples.

Algorithm operates as follows:

(1) For each example of the minority class, identify its k.
Close Neighbors (we used k = 5)

(2) Randomly select one of these neighbors، ˆx
(3) Creating an artificial model with a connecting line

with xi and ˆx:

xnew = xi + λ × (ˆx − xi) (5)

where λ is a random number between 0 and 1. This

process It will continue until the desired class balance is

achieved. In the midst of us In other words، we have all
the same sizes.

The majority of the group.

2) SMOTE-ENN Application: SMOTE-ENN Combined

SMOTE Oversampling with Edited Near Neighbors

(ENN) Less sampling for the class to create a more

accurate style for the classroom. Balance. For the

production of artificial models after the application of
SMOTE, Removing ENN inserts (both real and

artificial) Misclassified by their immediate neighbors،
effectively Clearing the boundaries between the classes.

Algorithm the action is as follows:

1) Adapt SMOTE to produce artificial models for the

minority layers

(2) For each sample of the data set:
(a) Identify the nearest neighbors of this k (we used k =

3 ENN)

(b) If the majority of these neighbors belong to someone

else to class than instance، remove the instance this

collaborative approach aims to make a clean decision.

Limitation and class imbalances، and may lead to

improvements, generalization of the model.

3) Managing Rare Classes: Our dataset has some Very

rare classes that don't have enough samples for the

standard SMOTE application that requires at least a

k+1 sample for each group. In order to solve this

problem، we have implemented a pre-processing

The Importance of Creating a Sufficient Sample (at

least 6 examples) and focused on the process of re-

sampling in these collections. For very rare classes (less

than 6 Samples), examples were mapped to the most

common class.

For the sake of simplicity. In the clinical setting، it is
more advanced the method may have a specific area

strategy for management such cases are rare.

d. Implementation of random forest classification

random forest is a method of classroom learning.

Several decisions are made during training and outputs.

Classes that are the state of classes that are predicted by

the individual trees. This method has several benefits

for medicine data analysis، including resistance to

overfitting، and ability to managing the importance of

high-dimensional data and intrinsic characteristics

estimate.

1) Model Architecture:
We implemented a random forest There are 100

categories of Sample of training data. The Architecture

of the Model

This can be shown:

f(x) = state{Fi(X)|i = 1, 2, ... ، 100} (6)
where fi(x) predicts the i-decision is a tree for input x،
and f(x) is the Random Forest.

Each decision tree in the collection is created using the

following algorithm:

(1) Drawing a sample of a size N from training

Information

(2) Improving the decision tree using the bootstrap

model

(3) In each node، randomly select m =√P (where p is

the total number of properties)

https://portal.issn.org/resource/ISSN/3006-7030
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(4) Choose The Best Division Between The Following

Features Jenny Infidelity (2) Increase the size of the tree

without cutting it (2) Training Process: The dataset was

divided into training sections (80%) and test (20%)

were determined using stratified sampling Maintaining

class distribution:

Dtrain,Dtest = split(Dfinal, test size = 0.2, stratify = y) (7)

where y represents the target variable (CLASS).

Random Forest classifiers were trained during training.

It is set using the following parameters:

• Number of Estimates: 100

• Criteria: Genie Impurity

• Maximum attributes in each division: √p

• Bootstrap: Truth.
• Random Mode: 42 (for repeatability)

E. Evaluation Criteria
Extensive Assessment of Diabetes Function In the

forecast model، we used a number of evaluation criteria:

Accuracy: Accuracy measures the correct ratio

Predictions from all the cases examined:

Accuracy = TP + TN + FP + FN (8)

Where TP، TN، FP، and FN show the real positives، the
truth Negative، false positive، and false negative،
respectively.

Accuracy: Accuracy measures the proportion of positive

people Definitions that are really correct:

Accuracy = TP + FP (9)

In order to classify multiple classifications, we calculated

the weighted accuracy the accuracy of the values that are

under weight a number of examples for each class. (3)
Remembrance (Memory) The main positive ones that

are well known:

Notes = TP + FN (10)

As a matter of fact، we used weighted memories for

ourselves. A multi-class state. F1-score: The F1-score

represents the harmonic average For accuracy and

memory، which provides a balanced size of the model

Performance:
F1-score = 2 × Accuracy × Accuracy

Accuracy + Memory (11)

(5) Chaos Matrix: For Execution
In different classes, we created a chaotic matrix that

shows true positives، false positives، and negatives. There

are false positives for each class.

6) Learning curves: Learning curves form a model map

Function as a function on training and validation sets

The number of examples. This is the way Insight and

help with potential over-the-counter or under-fit

problems Evaluate how well the model generalizes to

the unseen information.

F. Analysis of the importance of features one of the

main advantages of random forest is that it has the

ability to estimating the importance of features، and the

relative contribution of each feature to the predictive

function. We calculated the importance of the features

using the average reduction Impurity (Genetic

Significance):

Significance (xj) = 1 NT X T X t∈T:v(t)=j p(t)Δi(t) (12)
where NT is the number of trees، p(t) of The pattern

that reaches the T، V(T) node is the property used for

the distribution in the node t, and Δi(t) is the impurity

reduction in the t node.

This method provides a classification of features based

on the following: In order to reduce the amount of

pollution in all the Forest, which provides valuable

insights for clinical interpretation and Characteristics in

future studies.

Fig. 3. Learning curves comparison: (a) Original

imbalanced model, (b)SMOTE model, (c) SMOTE-

ENN mode

IV. Conclusions and Discussion
This section presents the results of our diabetes

predictions
Models that use the Random Forest algorithm include
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Standards، Chaos Metrics Analysis، Significance of

Features

Evaluation and Impact of Classroom Balancing
Techniques.
a. The Impact of Classroom Balancing Techniques The

use of SMOTE and SMOTE-ENN is significantly It has

changed the distribution of our training information،
such as Illustrated in Figure 1. The original data set

showed extreme Class imbalance، where class 3

represents the majority Samples (668 marks)، post-class
0 (81 marks) and Class 2 (47 examples), while Grades 1

and 4 had the most Samples (1 and 3 respectively).

Figure 1. Comparison of class distribution: (a) original

unbalanced dataset with class 3 containing 668 samples،
showing a severe class imbalance, class 30 with 81

samples and class 2 with only 47 samples (b) after

application smote all classes are perfectly balanced and

each has 668 samples؛ (c) after with the application of

smote-enn، the class has a moderate balance of 649، 648,
there are 586 samples.

After the implementation of SMOTE، the distribution

of classes was completely correct Balanced between

three main classes (0، 2، and 3)، each There are 668

examples. This shows a significant increase

In the case of the Minority Class، the Category 0 is

increasing. 724% and Class 2 increase is 1,321%.

SMOTE-ENN The approach was a little different, with

the class which has 649 examples، class 2 which has 648

examples, It was reduced to 3 586 specimens. This is a
decrease in The majority of the original class (Class 3)

arises because the ENN is removed.

Examples of the decision-making process، some of

which are The majority of the population.

B. Comparative Analysis Activity

Table I provides a complete comparison of the model

The unbalanced data set and Two sampling methods.
It's interesting to note that the original model The

highest performance of all metrics، with 99.00% accurac,

Accuracy, memorization and F1 score. SMOTE-

Balanced Model There was a slight decrease in

performance، with 98.50% accuracy. 98.69% accuracy،
98.50% recall، and 98.54% F1 score.

The SMOTE-ENN method has become more apparent

Shrinkage، with 95.00% accuracy، 96.38% accuracy،
95.00% Remember, and a 95.33% F1 score.

Figure 2 shows this performance comparison, which

clearly shows it Reduced performance during

implementation re-sampling techniques.

performance_comparison.png

Figure 2. Comparison of performance between the

original unbalanced model, SMOTE, and SMOTE-

ENN have different evaluation criteria.

C. Learning Curve Analysis
Gain an in-depth understanding of the model's

behavior and possibilities With more fit, we analyzed

the learning curves of each method، such as It is shown

in Figure 3.

The learning curves illustrate several important patterns.

This is the original unbalanced model (Figure 3a) shows

high exercise accuracy has remained relatively constant

as a training example. The increase in reliability is

getting closer and closer.

Figure 3. Comparison of learning curves: (a) the original

unbalanced model، (b) Smote Model، (c) Smote-in

Model.

The accuracy of the training. It shows that despite the

class imbalance, The model is better generalized to be

invisible information.

The SMOTE model (Figure 3b) shows a similar pattern

But there's a little bit of a gap between training and

confirmation. Precision، especially with a few examples.

This shows Although SMOTE effectively balances the

class, it can be some examples that are not fully

represented.

Distribution of basic information.
The SMOTE-ENN model (Figure 3c) shows the widest

gap the difference between accuracy and accuracy shows

that the production of artificial prototypes and

removing borderline examples may create a distribution

of training is very different from the distribution of the

test.
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D. Chaos Matrix Analysis
Figure 4 presents the perturbation matrices for each

path, which Overview of a specific activity.

Figure 4. Comparison of Chaos Matrix: (a) Original

Unbalanced Model، (b) Smote Model، (c) Smote-in

Model.

All three models show strong performance in the

classification The majority (3). But, small differences. It

appears in the minority class projection. The original

model (Fig. (4a) Shows at least a false classification.

SMOTE Model (Figure 4b) shows a bit more

misclassification, especially between 0 and 3. SMOTE-

ENN Model (Figure 4c) The highest number of errors is

the number of errors. Class 3 samples that are

incorrectly classified as Class 0 or 2.
E. Comparison of the importance of features
We also investigated how re-sampling methods affect

Classification of the importance of the features, as

shown in Figure 5.

Interestingly, HbA1c and BMI remained the top two

The characteristics of all methods، their relative

importance and There was a slight difference in the
classification of other features.

The original model (Figure 5a) placed the highest

importance on HbA1c، followed by BMI and age. The

SMOTE model (Fig. 5b) maintained the same rating,

but slightly different significance values. The SMOTE-

ENN model (Figure 5c) shows that significant changes،
such as cholesterol and triglycerides the original model.

F. Discussion of the effects of re-sampling
ANALYSIS OF ORIGIN, SMOTE, AND ORIGIN
COMPARISON
The SMOTE-ENN approach reveals several important

perspectives The Balance of Diabetes Predictions. on

the contrary According to the original unbalanced

model. The highest performance by all standards. This

is illogical. The result can be explained by several factors.
First, the imbalance of the dataset class has a major

impact Rare Classes (1 & 4) who were excluded from

our group Re-sampling due to insufficient samples. Free

Classes (0، 2، and 3)، although unbalanced، were

adequately represented Random Forest Algorithm for

Meaningful Learning Sample. Random Forest is known

for its strong to mid-range class imbalances, especially

when there are minority classes can be reasonably

represented.

Second، artificial models produced by SMOTE and

SMOTE-ENN، although mathematically valid، may not

be complete record complex biological relationships in

medical data. This can reduce the performance of the

model as evidenced by the wide gaps in the learning

curve

Models are modeled. Thirdly، our evaluation criteria

(accuracy, accuracy, recall, and F1-score (calculated

using weighted averages) Take a look at the collection.

This reduces the impact Imbalances in the performance

of the class، which may the benefits of re-sampling for

minorities

Especially the predictions. Despite the lack of

performance، re-sampling techniques It provides

significant benefits in clinical settings. They Increasing

the sensitivity of the model for minority groups, which

is very important When these classes represent critical

medical conditions that need to be Discovery. In

addition، it provides balanced information A strong

probability that is necessary for risk Assessment and

decision support in health applications.

The SMOTE-ENN method showed the greatest

performance This means that there is an additional step

to remove Examples may be more aggressive for this.

It's a special dataset. This finding is the Carefully

selected and adjusted re-sampling techniques as follows

data specifications and application requirements.

G. Model Performance
Beyond the comparative analysis of sampling techniques,

Our random jungle models have been exceptional

overall. Role in the prediction of diabetes. Original

Model 99.00% accuracy shows that this is correct 99%

of all test samples are classified. This shows high

accuracy the Effectiveness of a Random Algorithm

Predictive functions of diabetes. 99.00% accuracy

When the model predicts a specific class of sugars، it is
about 99% of the time it is correct, which shows a low

inaccuracy.
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Positive rate. A 99.00% recall value indicates that the

model 99% of the original positive cases have been

successfully identified in all this indicates its sensitivity

in the diagnosis of various types of diabetes Situations.

In the end، the F1 score is 99.00% balanced The

accuracy and accuracy of the model، which confirms the

robustness of the model Overall activity.

These results are significantly better than many existing

methods in the literature. For example، Zou et al. [5]

reported 80.8% accuracy in Pima using Random Forest

Indian Diabetes Database، while Zhu et al. [10] obtained

91.2% accuracy with gradient boosting frame. Ours The

best performance of the model can be attributed to

several models Factors such as effective pre-processing,

suitable specification Selection and the Inherent

Benefits of Random Forest medical information

management algorithms.

H. Sample Predictive Analysis
In order to demonstrate the practical application of our

model، we Analyzing the prognosis for a new patient.

The following attributes: Gender (encoded as 1،
represented male), age: 50, urea: 4.7, cr: 46, hbA1c: 4.9,

chol: 4.2, tg: 0.9، HDL: 2.4، LDL: 1.4، VLDL: 0.5، and
BMI: 24.

The model predicted that the patient belonged to the

'n' Diabetic (non-diabetic). This prediction is in line

with clinical expectations.

Because the patient's HbA1c value is 4.9% lower

According to the U.S. Census Bureau (5.7%) Diabetes

mellitus [3]. In addition، the patient a BMI of 24 is

within the normal range، and is more metabolic

The parameters appear to be within normal limits. This

model predicts the potential of the model Useful in

clinical settings، where it can be used as a decision-

making support for health services، especially in the area

of screening and risk assessment scenarios.
The Exceptional Performance of Our Random Forest

Models Diabetes has several important clinical

implications. First، high precision، precision، memory،

and F1- The results show that machine learning

methods can help.

Reliable support for diabetes screening and risk

assessment in clinical settings. Identifying high-risk

people with the increase in accuracy، such models can

be purposefully

Interventions and resource allocation. An analysis of

the importance of features provides valuable insights

Clinical practice and research. Introduction to HbA1c,

BMI, and age are the most important predictors to

match.

Develop clinical knowledge and clarify the possibilities

Simple Screening Tools for the Development of These

Keys Features. Maniruzzaman et al. [12] also found that

a subset
Three characteristics (including HbA1c and BMI) are

sufficient In order to achieve high predictive accuracy،
potential support for the development of effective

screening protocols.

A comparative analysis of re-sampling techniques shows

that Key Perspectives for Clinical Applications Where

Classes Have Imbalance is a concern. However، our

results have shown that

The original unbalanced model achieved the highest

overall performance, Models can be used in Specific

clinical scenarios involving the sensitivity of minority

groups It's very important. This explains the importance

of the model Development and Attention with Specific

Clinical Goals The relative costs of different types of

incorrect classifications.
V. Conclusion
This article provides a comprehensive analysis of

diabetes. Prediction using a random forest algorithm

that shows Exceptional performance in the classification

of non-diabetic patients, Pre-diabetes and prediabetes

categories. Our Method It has achieved remarkable

standards، including 99.00% accuracy recall and F1-

score with the original unbalanced Datasets، which

largely perform better than many existing methods in

literature.

We conducted a detailed comparative analysis of the

class.
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i. Clinical Outcomes

Balancing techniques، assessing the impact of SMOTE

and SMOTE-ENN Model Performance، Learning

Dynamics، and The importance of features. While the

original model is unbalanced Achieved the highest

overall performance of the remodeled models

It balanced the representation of the class, which could

be Provides benefits in specific clinical settings that are

sensitive It's important for minorities. SMOTE Model

98.50% accuracy, 98.69% accuracy, 98.50% memory

and 98.54% F1-score، while the SMOTE-ENN model

95.00% accuracy, 96.38% accuracy, 95.00% memory

achieved, It has a 95.33% F1 score. Specificity

significance analysis showed that HbA1c, BMI, Age is

the most important predictor of diabetes.

Coordinating and Delivering Established Clinical

Knowledge Valuable insights for health professionals.

Strong Activity is unique in identifying pre-diabetic

patients. It is important to note that early detection of

prediabetes is possible Interventions that can prevent or

delay progress Sugar، which can be very personal and

social distancing associated with this chronic disease.

Our methodology has solved a number of important

medical problems Data analysis, which includes the pre-

processing of categorical variables, Managing potentially

missing values، removing irrelevant values identifiers,

and the solution of class imbalances. Systematic The

same method presented in this article can be applied to

the same method Predictive health functions، which

contribute to the growth of this segment Applications

of machine learning medical diagnostics.

Despite the promising results، there are a number of

limitations and opportunities It needs to be used for the

future. First, Our dataset had 1000 patients، large and

large. A variety of data sets results in different

populations. Second, to include Additional features

such as family history, lifestyle factors, Medication can

improve the prognosis It provides a wide range of risk

assessments.

Third، advanced ensemble methods and in-depth

exploration Learning methods may lead to further

advances in classification. Activity، especially for

complex or borderline audiences Cases.

Future research methods include: (1) real-time

development Predictive systems that can be integrated

with e-health Clinical Trials, Interpretive machine

learning methods that can be used Specific case

descriptions for predictions, increasing confidence and

Acceptance between health care providers (3) Time

research Modeling techniques for capturing disease

progression patterns Predicting the risk of developing

diabetes in the long term (4)Conducting validation tests

to evaluate the model Clinical trials in the real world

and (5) The Relationship Between Balance and Overall

Balance Activity in Medical Predictive Functions،
Adaptive Development Methods that can be modified

for specific clinical purposes. Ultimately, this study

illustrates this important issue. The possibilities of

machine learning، especially the Random Forest

algorithms that improve diabetes prediction and risk

classification. In the form of pre-emptive and accurate

For those at risk، this type of approach can help even

more Effective prevention strategies and personal

interventions. Ultimately, it improves patient outcomes

and reduces global outcomes The Diabetes situation.
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