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Insulin resistance is the root cause of diabetes, a worldwide epidemic of 

chronic illness. Due to the lack of a cure for diabetes, the only method 

to lessen the threat of complications from the condition is via early 

diagnosis and treatment. Research towards the early diagnosis of 

diabetes using machine learning methods has been extensive. 

Improving prediction accuracy, however, is notoriously challenging 

due to the presence of missing values, irrelevant information, and 

uneven class distribution in the dataset. To better categorize the Pima 

Indians Diabetes Dataset (PIDD), we provide a Tree-Based machine 

learning approach in this study. To improve predictions, a Mutual 

Information (MI)-based feature selection approach is used to filter out 

irrelevant data. Finally, the Adaptive Boosting (AB) algorithm is used 

to boost the efficiency of Tree-Based algorithms. The Extra Tree (ET) 

technique used as the basis estimator of the AdaBoost classifier has the 

best accuracy (90.5% accuracy) when tested against experimental data. 

As a result, our suggested Tree-Based ML model may help doctors 

with diabetes diagnosis. 

 
"© 2025 by the Author(s). Published by IJAR under CC BY 4.0. Unrestricted use allowed 

with credit to the author." 

…………………………………………………………………………………………………….... 

Introduction:- 
A chronic ailment is a health problem that lasts longer than three months and has a significant negative impact on 

daily life for the patient. Chronic illnesses come in many forms, including cancer, Alzheimer's, arthritis, asthma, 

cardiovascular disease, and diabetes, to name a few. People who are afflicted with these conditions are often 

compelled to make drastic changes to their usual routine. Too much sugar in the blood causes diabetes. Insufficient 

insulin production by the pancreas or resistance to the effects of insulin generated leads to diabetes [1]. Insulin 

controls how much sugar the body absorbs from food. When blood sugar levels grow abnormally, it causes diabetes 

if it is not managed. There is a greater potential for permanent harm to systems including the nervous system and the 

cardiovascular system. Therefore, this illness heightens the danger of a number of potentially lethal disorders [1]. 

The World Health Organization classifies diabetes as one of three diseases: Insufficient insulin production in 

childhood results in Type I diabetes [2]. In most cases, it only manifests in young people [3]. When the body stops 

responding normally to insulin, it is diagnosed with Type II diabetes. Type II diabetes is more common in those who 

are middle-aged and older than 45 years old [3]. However, today it may also show up in younger people. The 

majority of people with diabetes today suffer from Type II [4]. High blood glucose levels cause gestational diabetes 

(Type III). Women who have never had diabetes before are often the ones who get the diagnosis during pregnancy.  
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By 2030 [5], the World Health Organization predicts that diabetes mellitus will rank as the sixth greatest cause of 

death worldwide. There will be 642 million young people with diabetes by 2040, according to a recent research [6]. 

About 1.6 million fatalities worldwide in 2016 were attributed to diabetes. This illness, however, cannot be 

eliminated. However, we have the ability to manage it by restricting blood glucose levels. The severity of diabetes 

may be reduced if caught early. This, however, is no simple endeavor. Information from the patient, including 

insulin levels, age, BMI, family history of diabetes, etc., is used to diagnose the condition [7]. Next, the doctor uses 

his or her expertise to make a call. However, the identification procedure may be lengthy and expensive. Due to the 

inexperience of the clinicians involved, it might potentially lead to erroneous diagnoses. Diabetic patients may be 

identified with help from computer-automated diagnostics. 

 

 Many studies have looked for ways to detect diabetes in its earliest stages. A number of medical databases have 

been created to hasten study in this area. Researchers have a difficult problem in properly classifying diabetes 

patients due to the non-linear, non-normal, and complicated character of the medical data. That's why we use a lot of 

ML and deep learning techniques to mine the dataset for insights and make diabetic illness predictions. Different 

machine learning techniques have been used to categorize people with diabetes. Most of them failed to adequately 

deal with outliers, missing data, and irrelevant characteristics, which led to poor classification accuracy. 

Preprocessing the data is crucial to achieving high classification accuracy while analyzing medical information. 

Despite these considerations, early identification of diabetes patients remains challenging due to the complexity of 

patient categorization [8].The focus of this research is on enhancing the accuracy of early diabetes diagnostic 

classifications. A machine learning-based Tree-Based prediction model for categorizing diabetes patients has been 

suggested. At first, we use the group average to fill in for missing data.After the missing data have been dealt with, 

the Robust scaling normalization method is used to find and deal with outliers.In order to solve the issue of uneven 

class distribution, an oversampling strategy is used. Then, a Tree-Based prediction model for diabetes early 

diagnosis is constructed using an efficient feature selection approach. 

 

Relatedworks:- 

Machine Learning in Healthcare: 

General Application: Describe the role of machine learning in healthcare, particularly in disease prediction and 

diagnosis.Advantages of Machine Learning: Highlight how ML models can handle large datasets, recognize 

patterns, and provide predictive insights that may not be apparent through traditional methods. 

 

Feature Selection and Engineering: 

Importance of Features in Diabetes Prediction:Discuss how different features (e.g., age, BMI, blood pressure) 

impact the prediction accuracy. 

 

Feature Selection Techniques: 

Review common feature selection methods used in diabetes prediction models, such as recursive feature elimination 

and principal component analysis (PCA). 

 

Datasets Used in Diabetes Prediction: 

Pima Indians Diabetes Dataset: 

Mention the widely-used Pima Indians Diabetes Dataset and how it's been applied in various studies. 

 

Other Datasets: 

Discuss other relevant datasets (e.g., electronic health records, patient survey data) used in developing diabetes 

prediction models. 

 

Evaluation Metrics: 

Common Metrics: 

Explain the metrics commonly used to evaluate diabetes prediction models, such as accuracy, precision, recall, F1-

score, and AUC-ROC. 

 

Comparison of Results: 

Provide a comparison of results from different models, noting which models perform best under various conditions. 
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Proposed System Architecture:- 

PIDD was used in this study is shown in Table 1; it may be found in the UCI machine learning repository [9]. The 

median age of the samples in this data collection is 21 and the predominant gender is female. There are 768 samples 

here, and they are split evenly between two groups based on eight deterministic characteristics. Binary data is all 

that can be found in the class attribute. A score of '0' indicates a lack of diabetes (-ve), whereas a value of '1' 

indicates positive diabetes. There are 500 diabetes-negative samples and 268 diabetes-positive samples, or 65.1% 

and 34.9%, respectively. We have shown that medical data in the actual world are complicated, non-normal, and 

non-linear.Outliers, unreliable data, and missing values are commonplace. There are several elements that affect 

how well a classification algorithm performs; data preparation is one of them. Classification mistakes will be severe 

if data quality is not improved. Our study's ultimate goal is to improve the precision with which diabetes people can 

be predicted. For this reason, we have made every effort to efficiently manage the data. Missing value imputation, 

irrelevant feature removal, outlier identification, oversampling, and feature scaling are all examples of data 

preprocessing techniques. Fig.1 shows a flowchart of our suggested model. To scale features implies to normalize 

their values within a certain range [10].  

 

This is a very important part of the preparation of data. The gap between a poor learner and a good one may be 

enormous if features are scaled before a machine learning model is created [11]. For many algorithms in machine 

learning and neural networks to converge more quickly and deal with outliers, feature scaling must sometimes be 

accelerated [12]. If we use the standard deviation and mean to normalize the data, it will be detrimental to any data 

that has too many outliers [13]. Our machine learning model would benefit greatly from the addition of features for 

dealing with outliers and scaling the data. Because of this, the data is scaled using Robust Scaler. The IQR has been 

utilized to normalize the data in this method [14]. The model is trained using k1 of the subsets, and then tested using 

the remaining subset. Model performance is determined by averaging the outcomes of the tests conducted on the k 

separate subsets, and this procedure is repeated k times throughout model construction. Ten-fold cross-validation 

was used to minimize error and variation in this study. The accuracy of a model's classifications is a common way to 

evaluate how well it performs as a prediction tool. Since the PIDD dataset has several issues, relying just on 

accuracy to evaluate the model's efficacy would be a mistake.This is why other statistical metrics have been consider

ed for evaluating performance.

 

Table 1: Description of PIDD Dataset 
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Fig.1 Proposed system architecture 

 

Results:-  
Our model is tested using the 10-fold cross-validation method for accuracy assessment. 80% of the data is used for 

training, 20% is used to verify its accuracy [15,16]. There are two stages to the categorization process. In the first 

stage, all characteristics are used in the classification process.Figure 5 shows that the accuracy of DT, RF, and ET 

are 82.8%, 86.1%, and 87.4%, respectively. These techniques are utilized as AdaBoost classifier's base estimator, 

which improves performance. Figure 4 shows that the accuracies of DT (83.5%), RF (86.4%), and ET (88.3%) are 

as follows. Figure 3 shows that there is an improvement in accuracy across all classifiers. AdaBoost combines many 

classifiers into one robust classifier, increasing performance across the board. Second, MI-FS is utilized to filter out 

irrelevant characteristics, such as BP and pedigree function. Figure 4 shows that the accuracies of DT (83.4%), RF 

(87.0%), and ET (88.6%) are as follows.Therefore, the assessment measures have improved due to the elimination 

of the superfluous characteristics. These techniques are then re-utilized as the AdaBoost classifier's base estimator, 

which leads to still another performance boost. As can be observed in Figure 5, the accuracy of DT, RF, and ET 

ranges from 84.25 percent to 87.2 percent to 90.5 percent.  

 

Figure 5 shows that each successive classifier improves in accuracy.Free cloud service Google Colab [17] is utilized 

extensively for this project. Ten-fold cross-validation is used to evaluate our model's performance. Only 20% of the 

data is utilized to assess the model's correctness during training, whereas 80% is used for training [18]. 

Categorization happens in two phases. All of the criteria are considered during the initial phase of the categorization 

procedure. The figures in Figure 4 demonstrate that the reliability of DT is 82.8 percent, RF is 86.1 percent, and ET 

is 87.5 percent. AdaBoost uses these methods as its basis estimator, leading to significant gains in classification 

accuracy. Figure 4 displays the following accuracy rates for DT (83.5%), RF (86.4%), and ET (88.3%). In Figure 3, 

we can see that the accuracy of all classifiers has increased. AdaBoost is a method that improves performance by 

combining many classifiers into a single powerful classifier. Next, MI-FS is used to eliminate extraneous factors like 

BP and pedigree function. Fig. 4 displays the following accuracy rates for DT (83.4%), RF (87%) and ET (88.6%). 

As a result of removing the unnecessary factors, the evaluation criteria have become more accurate. The AdaBoost 

classifier takes use of these methods again by using them as its base estimator. Figure 5 shows that the DT, RF, and 

ET all have an accuracy of between 84.25 and 87.2%. The accuracy of the classifiers increases as seen in Figure 5. 
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Fig.2 Diabetes predictor 

 

 

 
Fig.3 Diabetes prediction 
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Fig.4 Accuracy Curves for Diabetes Prediction Classifiers 

 

 
Fig.5 Confusion matrix 

 

Conclusion:-  
In this study, we compare and contrast different methods for categorizing people with diabetes. During data 

preparation, we oversampled the data and used mean imputation to deal with missing value and class distribution 

issues.Since then, a MI-based feature selection approach has been used to get the top-notch information. We have 

used Tree-Based machine learning techniques for data categorization.Also, AdaBoost classifier uses these methods 

as its foundational base estimator to achieve even higher levels of precision. The results of the comparison show that 

the Extra tree technique combined with the AdaBoost classifier achieves the best results. While three different tree-

based classifiers are utilized, this study is limited since only MI is used to pick features. We want to experiment in 
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the future with a number of feature selection strategies, as well as a number of transfer learning and deep learning-

based categorization strategies.                                                                                                                                  
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