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Abstract— Diabetes is a disease that can develop in a person 

if their blood glucose levels are consistently high. Diabetes is 

a severe condition that, if left untreated, can lead to several 

serious complications in a person, including issues relating to 

the heart, problems with the kidneys, high blood pressure, and 

damage to the eyes. Diabetes can also have an effect on other 

organs in the human body. If diabetes is diagnosed at an 

earlier stage, it may be more easily managed. To accomplish 

this mission, the work that we are doing for this project entails 

making an early prediction of diabetes in a human body or a 

patient for a higher accuracy level using various machine 

learning techniques. By constructing models using the 

datasets collected from patients, machine learning algorithms 

produce more accurate results when used for prediction. 

Predicting diabetes using a PIMA dataset with the help of 

machine learning-based boosting classifiers, such as 

CatBoost and Adaboost, will be the focus of this work. 

Compared with other methods, each model's accuracy varies 

in its unique way. The work done on the project provides an 

accurate or higher-accuracy model, demonstrating that the 

model can accurately predict diabetes. According to the 

results of our analysis, AdaBoost obtained a higher level of 

accuracy when compared to other methods of ML. 
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I. INTRODUCTION 

The healthcare industry has many databases that include 

various data, such as structured, semi-structured, and 

unstructured data. The emergency room (ER) data sets are 

considered to be too large by the healthcare industry. Big data 

analytics allows for the processing and analysis of a vast 

number of data sets, the discovery of previously hidden 

patterns, and information that is too complicated to be 

handled using standard methodologies. The research 

community has shown a significant interest in using 

predictive analytics in the medical field. [1]. 

 In recent years, diabetes has emerged as one of the 

primary causes of mortality in underdeveloped nations. 

Research investigations are receiving financial support from 

both the government and private donors in the hope of finding 

a treatment for the life-threatening illness. Diabetes is a 

condition in which blood sugar levels grow owing to a 

shortage of insulin, which alters how the body processes the 

sugar in the blood. Patients who have diabetes cannot 

adequately convert the carbs they eat into the glucose sugar 

needed to provide energy for day-to-day actions. Because of 

this, there is a slow but steady buildup of sugar in circulation. 

Because of this, glucose stays in circulation rather than 

reaching all of the cells in the body [2] [3]. If diabetes is 

diagnosed at an earlier stage, it may be more easily managed. 

Generating an accurate indicator of diabetes in a patient's 

psyche or patient for a better degree of accuracy by utilizing 

a range of machine learning approaches is one of the tasks 

that we are working on as part of this project to achieve this 

purpose and move it closer to completion. Approaches based 

on ML The process of building models using patient 

information to increase the accuracy of assumptions made 

with such data[4][5] 

 The most recent advancement in ML[6] has resulted 

in an improvement in the computer system's ability to detect 

and categorize pictures, as well as to anticipate illnesses and 

enhance decision-making by evaluating data. The purpose of 

ML applications is to educate a computer system to operate 

at a level that is superior to that of a person. The learning 

algorithm is utilized for the model's training, and assessment 

is carried out with the help of testing data. [7]. The process of 

diagnosing diabetic illness is shown in the figure that can be 

seen above. This approach incorporates a variety of steps, 

including the collection of diabetes data, the elimination of 

noise data, and the extraction, selection, and categorization of 

disease features, among other things. There have been no 

problems, even though ML[8][9] approaches are utilized to 

anticipate diabetic illness following the general phases. In 

machine learning, the data play a vital part and a crucial 

function in the process. Information is abundant and readily 

available in almost every economic sector, including the 

medical, educational, and transportation sectors. In turn, these 

statistics supply information that is incredibly valuable in 

supporting people in making judgments that are better 

informed about their circumstances. The retail sector uses 

data to predict customers' purchase patterns to optimize 

business operations[10]. 

The following is a list of the research goals that the 

accomplishment of this study will accomplish: 

 This study aims to develop a simple but complete 

representation for predicting diabetes diagnostic 

detection.  

 Preprocessing, feature importance, engineering, and 

classification as classifiers of machine learning 

approaches are used to achieve outstanding accuracy in 

the identification of diagnosis of diabetes. 

 Developing a current system that can integrate the effects 

of several ML approaches to deliver a more precise early 

start diabetes prognostication for a service user is the 

goal of this research. In this project design, ML methods 

were boosted to predict diabetes. 

 The remaining parts of the article are organized as 

described below: Sections II and III explore related 

investigations and methodologies, emphasizing the fairness 

of the more advanced algorithms. Section IV explains the 

study's results to illustrate the uniqueness of their research. 

Section V brings this research to a conclusion. 
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II. LITERATURE REVIEW 

The use of machine learning is becoming more common in 

today's world. Therefore[11], this approach has been applied 

in various medical contexts. They have selected procedures 

that provide the most delicate performances for independent 

testing to ensure the techniques' general applicability. Their 

primary emphasis has been on the detection of this illness at 

an early stage. They obtained data from the Khulna Diabetes 

Center, which is located in Khulna and has a total of 289 

occurrences and 13 characteristics. In this investigation, they 

use the LR model, which has an accuracy of 88 percent, 

XGboost, which has an accuracy of 86.36 percent, and RF, 

which has an accuracy of 86.36 percent. According to their 

findings, the random forest model provides the most accurate 

results for identifying diabetes. 

 In this research[12], PIMA Indian Diabetes Dataset 

monitored and evaluated the performance of several different 

ML algorithms, including LR, DT, XGBoost, SVM, KNN, 

and RF. Based on how well the different ML algorithms used 

in this study performed, it is possible to determine which 

model is most suited for diabetes diagnosis. It was found that 

among all of the products, XGBoost had done best among 

other ML approaches with an accuracy of 80.73 percent. In 

comparison, SVM was a strategy that achieved the second-

best with only accuracy of 80.21 percent for classification. 

 This paper[13] presented a model for the prediction 

of diabetes to improve the categorization of diabetes. This 

model incorporates a model of a few external diabetes 

variables in addition to typical characteristics. They have a 

dataset with 250 variations, each of which has 16 distinctive 

characteristics. They have relied on LR, SVM, and RF to 

make this forecast. After putting the data through a 10-fold 

cross-validation training process, the accuracy of the LR 

model is 94.5 percent, the SVM accuracy is 96.5 percent, and 

the RF model accuracy is 97.5 percent. 

 Few of the currently available ML classification 

models for the prevention of type 2 diabetes patients [10] 

have been built on the accuracy of their predictions. It has 

been determined that there is an accurate statement of the 

categorization issue. The PIDD data set was analyzed using 

the ML approach. It was trained on the test data set, where it 

was confirmed and checked. The findings of our 

implementation demonstrate how LR is more effective than 

other Ml methods. Using association rule mining, the findings 

indicate a significant relationship between diabetes and 

glucose levels and BMI. It has been determined that LR has a 

ROC value of 86 percent. 

 Accordingly[14], this paper proposes an early 

diabetes forecast model built on stacking ensemble earnings. 

This model used GB DT, Adaboost and RF as primary 

learners and logistic regression as secondary learners. The 

results show that the ensemble model proposed in this paper 

can predict early diabetes more effectively than a single 

model. Although the proposed model is more accurate in 

predicting early onset diabetes, the timeliness of the model 

needs to be improved 

 This paper [15] seeks to construct a classifier model 

to predict diabetes illness using the WEKA tool. This model 

will use NB, SVM, RF, and Simple CART classifiers. The 

study aims to determine which algorithm is the most effective 

and efficient in predicting diabetic illness and then make a 

recommendation based on those findings. An evaluation was 

done on the experimental results produced by each method 

applied to the dataset. It has been noted that the SVM 

performed the best in predicting the illness, achieving the 

highest possible accuracy. 

III. RESEARCH METHODOLOGY 

This third part focuses on explaining the issue and how to 

address it using the provided technique. Our research 

approach, as well as a flowchart, have been presented.  

A. Problem Statement  

Diabetes is a disease that affects people at the highest rate of 

prevalence. The inability to produce enough insulin and high 

amounts of sugar in the blood are the root causes of this 

condition. It is vital to thoroughly search for various 

indications and symptoms of diabetes before moving on to 

the clinical examination. The accuracy of diabetes prediction 

remains a significant obstacle, despite the newly identified 

signs being easy to see in a manual. Accuracy of diabetes 

prediction remains a severe difficulty, despite newly 

identified symptoms being readily available in handbooks. 

The objective of the many researchers devoting their time and 

energy to this subject is to get an accurate diagnosis of 

diabetes status via collecting significant quantities of data. 

The conventional steps for diagnosing diabetic sickness make 

usage of the fewest number of procedures feasible, but they 

fall short of obtaining the best possible recognition 

performance. 

B. Proposed Methodology 

In medical sciences, a growing amount of focus is placed on 

preventing and predicting diabetes mellitus. The 

investigation of the many various MLapproaches that may be 

used for diabetes risk assessment will be the focus of this 

study. This research follows critical steps like data collection, 

preprocessing and classification. Firstly, we collect the PIMA 

dataset from Kaggle. In preprocessing, we first removed all 

the outlier and null values and then did encoding, feature 

engineering, and standardizing to get our data's shape before 

doing this. Then plot the Heatmap and correlation of the data. 

After that, we used machine learning models like cat boost 

and Adaboost models with hyperparameters and then showed 

each model's confusion matrix and classification report. 
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Fig. 1: Proposed Flowchart 

 The study aims to look for a model that can predict 

diabetes more precisely. To predict diabetes, we tested 

several methods. The stage is discussed briefly below. 

The procedure of the Proposed Methodology 

 Step1: Import needed libraries and Import the diabetic 

dataset. 

 Step2: Pre-process data to eliminate missing data. 

 Step3: Divide the total dataset in half to create a training 

set and a test set, using an 80/20 split ratio. 

 Step4: Adaboost and CatBoost are two examples of ML 

algorithms used in this step.  

 Step5: Construct, based on the training set, the classifier 

model for the specified machine learning method. 

 Step6: A test set is used to evaluate the Classifier model 

for the machine learning method previously discussed.  

 Step7: Make a Contrast look at how well each classifier 

performed in the experiments that produced them.  

 Step8: Select the highest performing algorithm 

depending on the outcomes of the analysis. 

1) Data Collection  

For this research, the PIMA Indian Diabetes (PID) dataset 

obtained from the UCI repository was used. When it comes 

to the diagnosis as well as forecasting of diabetes, the PIDD 

is a reliable resource that is often relied upon. There are 768 

rows and nine columns in this particular data collection. 

S. No. Attribute 

1 Pregnancy 

2 Glucose 

3 Blood Pressure 

4 Skin thickness 

5 Insulin 

6 BMI (Body Mass Index) 

7 Diabetes Pedigree Function 

8 Age 

Table 1: Dataset Description 

 

 The class variable is the ninth attribute. This class 

variable shows an excellent or negative result for diabetics, 

taking the values of 0 and 1. 

2) Data Pre-processing 

Pre-processing is modifying our data so that it may be sent 

into the algorithm as input. The process of transforming 

unclean data into clean data is known as data cleaning. The 

data gathered from unidentified sources cannot be 

immediately put into the algorithms since it includes several 

contaminants. As a result, data cleaning is part of the pre-

processing procedure. In preprocessing, we first removed all 

the outlier and null values and then did encoding, feature 

engineering, and standardizing to get our data's shape before 

doing this. Removing the outlier makes a stronger correlation. 

If the slope is positive, removing the outlier will increase the 

value of r, bringing it closer to 1. 

3) Data Splitting 

Machine learning relies on two types of data: training data as 

well as test data. There are two parts to the dataset: a set of 

training data and a set of testing data. Data is separated into 

two parts: training and testing, with 80 percent going to 

training and 20 percent to testing. 

4) Propose Classifier  

For this research, we used machine learning-based boosting 

classifiers. Boosting [16] goal of ensemble modeling is to 

create a robust classifier by combining several weak ones. 

The weakest models in sequence are used to create the model. 

A model is first constructed using the data used in the training 

process. The new model is then built to rectify the defects in 

the first version. This approach is repeated until the complete 

training data set is accurately projected or the optimum range 

of simulations is integrated.  Here for this implementation 

work, we applied two boosting classifiers that Adaboost and 

CatBoost classifiers followed: 

a) CatBoost 

CatBoost [17][18] is a new technique for gradient boosting 

decision trees that can handle categorical information during 

training. Search, recommendation systems, personal 

assistants, self-driving vehicles and weather forecasting are 

just a few of the activities it has utilized at Yandex and other 

firms. CatBoost is available in CPU and GPU versions to 

expedite the learning process. CatBoost builds trees in two 

steps, as do other gradient-based boosting techniques. The 

first step is to decide on the tree's structure, and the second is 

to specify the value of each leaf on the tree that will remain 

in place. Using unbiased gradient estimates to control 

overfitting is one of the CatBoost's most significant 

enhancements. In order to accurately estimate the gradient of 

each example, each iteration of the boosting eliminates that 

sample from of the current ensemble model's training set. In 

addition, numerical characteristics are automatically 

transformed from categorical features without any 

preprocessing step, which is a significant advance. For binary 

and multi-class situations, CatBoost is a useful tool. 
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Fig. 2: Example of CatBoost Classifier 

b) Adaboost 

AdaBoost (Adaptive Boosting)[19], to improve the accuracy 

of any learning method that regularly produces classifiers 

with performances somewhat better than random chance, is a 

meta-algorithm for boosting machine learning. Every 

machine learning method may benefit from adding AdaBoost 

to its tools. Use it with students who are struggling to learn. 

These are classification models whose accuracy is barely 

above other random chance. Because they are the most 

effective solution to the issue, the AdaBoost algorithm often 

uses decision trees consisting of a single level. Utilizing the 

Adaboost M1 ensemble approach, only minor class issues can 

be addressed by this classifier. It often increases efficiency, 

but it may also cause over-fitting. Bagging, on the other hand, 

is an ensemble approach that produces a classifier for every 

instance of the training dataset. It lowers the variability.[20], 

 
Fig. 3: AdaBoost classifier training process 

Every occurrence in the dataset used for training has a weight 

associated with it. The default weight for the starting scale is: 

𝑤𝑒𝑖𝑔ℎ𝑡(𝑥𝑖) =
1

𝑛
   (1) 

Wherever xi is i’th train example, or n is no. of train 

examples. 

IV. RESULTS & DISCUSSIONS 

This experiment is carried out using Python 3.0, which is the 

latest version. This research uses Python as a simulation tool 

and Jupiter notebook as a simulation environment. 

Furthermore, various performance metrics were used to 

evaluate the project's results. The following sections' graphs 

and tables are arranged per the performance metrics. The 

PIMA dataset, which may be accessed online, is also used in 

this analysis. 

A. Evaluation Metrics 

Accuracy, precision, recall, F1-score, and a graph 

demonstrating how the accuracy changes with the number of 

training epochs were among the metrics we used to appraise 

the performance of our medical image classification system. 

The goal of testing the model is to see whether the predicted 

value matches the actual value. A confusion matrix was used 

to conduct the assessment in this research. For the evaluation 

and accuracy checking with methods as well as classification 

methods of the proposed approach, the following method has 

been used: 

 The results from the classifiers are used as the basis 

for the generation of confusion matrices. The components of 

a confusion matrix are defined by the four estimations that are 

shown below: The term "True Positive" (TP) refers to the 

diabetes condition that has been appropriately recognized. 

The term "False Positive" (FP) refers to a diabetic condition 

that has been wrongly categorized. False Negative (FN) 

mentions the diabetic patio that has been wrongly recognised, 

whereas True Negative (TN) mentions the diabetic patio that 

has been correctly detected. Recall (R), also known as the 

ratio of a diabetic patio accurately predicted from the total 

number of a diabetic patio, and precision (P), also known as 

the ratio of diabetic patio correctly identified from the total 

number of programs identified as diabetic patio, are the two 

metrics that are used to evaluate the efficacy of each 

classifier. The F-Measure, often known as F1, is the ultimate 

assessment measure. It is calculated using the harmonic mean 

of the accuracy and the recall. Calculations for each of the 

metrics are done independently using the given equation(2 to 

5)[21]: 

𝐴𝑐𝑐 =
TP+TN

TP +TN+ FN+FN
   (2) 

Precision  =
TP

TP + FN
   (3) 

Recall =
TP

TP + FN
    (4) 

𝐹1 = 2 ∗
precision · recall

precision + recall
    (5) 

V. SIMULATION RESULTS  

This section describes the experiment results and the 

evaluation of the results. The PIMA dataset served as the 

subject of the exhaustive experiments that were carried out to 

develop the most effective ML model for diabetes diagnosis. 

The results are described as accuracy, precision, recall, and 

Score. Next, the machine learning models (Adaboost and 

CatBoost), base and proposed analysis are compared. The 

performance of the other approaches presented in the paper is 

superior to that of our suggested framework for diabetes 

prediction. Additionally, it has the potential to provide 

improved outcomes on the same dataset, which might lead to 

improved diabetes prediction capabilities. 
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Fig. 4: Analysis of correlation between variables of the 

PIMA dataset 

 Heatmaps are visual representations of correlation 

matrixes that show the association between several variables 

in figure 4. There is a wide range of possible values for 

correlation, ranging from -1 to 1. However, a correlation 

between these two random variables or bivariate data does not 

always suggest causality in the PIMA dataset. The dataset has 

nine columns and a single output column with a dichotomous 

value to indicate whether or not a person has diabetes. It 

comprises 768 rows, with 500 non-diabetic patients and 268 

diabetic patients in each row. One target column in the dataset 

contains nine feature columns (pregnancy month, glucose 

levels, plasma BP, and fold thickness of the triceps skin), a 

Pedigree function, and the Age of patients (0 or 1). 

 
Fig. 5: Confusion matrix of CatBoost using PIMA dataset. 

 The following CatBoost matrix figure 5 shows the 

TN of 1 and TP of 1 while FN is 0.0046 and FP is 0, 

respectively. 

 
Fig. 6: Confusion matrix of AdaBoost using PIMA dataset 

 The AdaBoost matrix in figure 6 shows the TN of 

0.9 and TP of 0.86 while FN is 0.14 and FP is 0.098, 

respectively. 

Table 2: Coma prion between the base and Proposed models 

using parameter performance 

Model Accuracy Precision Recall F1 score 

CatBoost 87.66 87.66 87.60 87.63 

Adaboost 89.61 89.74 89.61 89.65 

KNN 80.51 79.93 80.51 79.82 

SVM 81.88 81.40 81.88 81.00 

RNN 81.88 81.8 81.88 81.8 

 
Fig. 7: Bar graph of base and proposed model comparison 

using different classifiers 

 Table 2 and figure 7 show the proposed model 

performance. The CatBoost classifier gets 87.66% accuracy, 

and the AdaBoost classifier gets 89.61% accuracy. While the 

base KNN, SVM and RNN model show performance 

compared to the proposed model, we can say that our 

boosting technique is compared to other ML models. 

VI. CONCLUSION AND FUTURE WORK 

Diagnosis of diabetes at an early stage is critical to successful 

therapy. Several stages were taken in the creation of this 

piece. The suggested method makes use of a variety of 

classification as well as ensemble algorithms, all of which are 

performed in Python. Patients benefit from early medical 

intervention when their diagnoses are made early. These 

standard ML methods are used to get the most accurate results 

from the data they are trained on. This study used pre-

processed datasets to construct a boosting machine learning 

model that takes into account nine (9) parameters, including 

age, gender, number of pregnancies, blood pressure, glucose 

level, weight, as well as height, and using the first CatBoost 

classifier accuracy of 87.66%, recall of 87.60, the precision 

of 87.66, F1 Score of 87.63 and Adaboost classifier accuracy 

of 89.61%, recall of 89.74, the precision of 89.61, F1 Score 

of 89.65 utilizing the Anaconda Jupyter notebook's python 

programming language and a solid confusion matrix. 

 Furthermore, the categorization accuracy was 91%. 

When compared to other techniques, the accuracy varies per 

model. Adaboost outperformed other machine learning 

approaches in terms of accuracy, as shown by our findings.  
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 Further work may be done to increase performance 

via feature engineering as an alternative option. The size of 

the feature set may be lowered by generating additional 

relevant features from the current feature set that uses the 

same rich dataset as above. In addition, researchers may be 

able to forecast blood insulin levels depending on the unique 

properties of this dataset. In prior studies predicting diabetes 

in non-critical care settings, blood-insulin levels were often 

the most relevant factor. As a result, including blood-insulin 

levels as an extra feature in our dataset might significantly 

enhance the performance of the models. 
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