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Abstract— Predicting diabetes accurately can be tough because 
the data used in medical studies often has an uneven distribution 
of cases, and the features in the data don't always follow a straight 
line pattern. Models like Random Forest and Logistic Regression 
can give reasonable results, but they often fail to detect the less 
common cases in datasets like the Pima Indians Diabetes Database. 
This research introduces a new approach that uses the Synthetic 
Minority Oversampling Technique to fix the imbalance in the data 
and Kernel Principal Component Analysis to better understand 
complex feature relationships. The method was tested with several 
machine learning techniques, including CatBoost, XGBoost, and 
Multi Layer Perceptrons. The results show that the CatBoost 
model, when combined with the suggested data processing steps, 
reached an accuracy of 82% and had strong ROC AUC scores. 
This is better than the results seen with traditional methods like 
Random Forest in earlier studies. The study shows that creating 
balanced data and handling complex features are key to building 
better and more accurate systems for predicting diabetes. It also 
emphasizes the need to address both class imbalance and complex 
data patterns in medical datasets to improve prediction outcomes.   
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I.  INTRODUCTION . . .  . 

    Diabetes Mellitus is a serious health issue that affects people 
all over the world. It is a long-term condition that impacts how 
the body processes sugar. This disease occurs when the body 
doesn't produce enough insulin or when it doesn't use insulin 
properly. Many people suffer from Diabetes Mellitus, and 
according to the World Health Organization, a large number of 
people around the world are affected by it. If this condition is 
not detected early, it can lead to serious damage in the body, 
harming blood vessels, the heart, kidneys, and nerves. [2, 3] 
Some individuals are more prone to developing Diabetes 
Mellitus due to their family history. For example, the Pima 
Indians Diabetes Dataset shows that certain groups of people 
are at a higher risk of getting this disease [1].  

We are living in an era where digital medicine is transforming 
how healthcare works. In the past, we treated people only after 
they were already sick, but now we're trying to predict when 

someone might become ill. This change is happening because 
Machine Learning is improving. It is becoming more common 
in healthcare [5, 38]. Over the past twenty years, there has been 
a big rise in studies that use computers to detect patterns in the 
body that are not visible to the naked eye. These computer 
models are really important for doctors and nurses. They help 
them decide the best ways to treat patients. In some cases, they 
can even predict if someone is likely to get very sick before any 
symptoms appear [7, 8]. However, there is a challenge. The old 
Machine Learning methods don't work well with real medical 
data. This is because medical data is very complex and often 
lacks information about all the different kinds of patients. 
Machine Learning is still a useful tool, but we need to find 
better ways to make it work effectively with the data we have 
[4, 6].  

The Pima Indians Diabetes Dataset is a commonly used test for 
these models [1]. However, it has some challenges that many 
basic studies do not handle well. One major issue is how the 
target variable is distributed. In this dataset, there are more non-
diabetic cases than diabetic cases. When we train algorithms 
like Logistic Regression or Decision Trees on this kind of data, 
they tend to focus more on the majority class. This leads to high 
overall accuracy but poor sensitivity, which is very important 
for saving lives through early detection of diabetes [11, 14]. The 
relationships between variables like Body Mass Index (BMI), 
Glucose levels, and Age are usually not straightforward. They 
often do not follow a straight line. Traditional methods, like 
Principal Component Analysis (PCA), usually do not capture 
these complex relationships [19, 22]. Early detection of 
diabetes is very important. Models need to be able to identify 
diabetic cases accurately. The Pima Indians Diabetes Dataset 
helps with this effort [43]. 
 
The use of SMOTE is an important part of our work. 
SMOTE is different from just copying the minority cases, 
which can cause problems because the model becomes too good 
at guessing the answers it has seen before. Instead, SMOTE 
creates new examples that are similar to the ones we already 
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have but a little different, by looking at the diabetic cases we 
have [10, 12]. This helps the model learn what makes 
something a diabetic case, rather than just remembering the 
specific cases we have. At the same time, we use Kernel-PCA 
instead of the standard PCA. Standard PCA only works with 
linear transformations, but Kernel-PCA uses special functions 
to make the data easier to understand by putting it into a new 
space where patterns are easier to see [18, 21]. This is especially 
important for the Pima dataset because the clinical variables are 
all mixed together and hard to separate. SMOTE and Kernel-
PCA are both important for our work, especially with the Pima 

dataset and diabetic cases [17, 25]. 

II. MATERIALS AND METHODS 

A. Dataset Description  
 

    The study makes use of the Pima Indians Diabetes Dataset, 
gathered by the National Institute of Diabetes and Digestive and 
Kidney Diseases, and it can be found on the Kaggle Machine 
Learning Repository [1]. 

● Target Population: The dataset includes information 
from 768 patients who are of Pima Indian descent and 

are all 21 years of age or older.. 
● Features: Pregnancies, Glucose levels, Blood 

Pressure, Skin Thickness, Insulin, BMI, Diabetes 
Pedigree Function, and Age were all studied to predict 
diabetes.  

● Target Variable: The outcome variable is either a 0 
or a 1. A 1 means the person has diabetes, and a 0 

means they don't. 

Attributes Inference 

Pregnancies Number of times the person has 
been pregnant 

Blood Glucose Blood Glucose level on testing 

Blood Pressure Diastolic blood pressure 

Insulin Amount of Insulin in a 2 h 
serum test 

BMI Body Mass index 

Age Age of the person  

Outcome The person is Predicted to have 
diabetes or not 

 

B. Exploratory Data Analysis  

Before using the machine learning framework, we did an 
exploratory data analysis on the Pima Indians Diabetes Dataset 

to better understand how the features relate to each other and 
what characteristics the dataset has. We looked at how different 
features connect with the main outcome variable and found that 
both Glucose and BMI have a moderate positive link with the 
target. Our statistical analysis showed that the average glucose 
level was about 121 milligrams per deciliter, and the average 
BMI was 32.4. When we checked the distribution of the target 
variable, we noticed that there were more non-diabetic cases 
than diabetic ones—about 65.1 percent non-diabetic and 34.9 
percent diabetic. This imbalance made us use SMOTE to 
balance the data [10, 13].  

C. Data Visualization with PCA 
we face a case when there are many informative variables. 

This condition is known as the curse of dimensionality. For 
solving this issue, we used PCA. In particular, it reduced eight 
variables to the number of principal components without 
correlation among each other but maintaining most of the 
information. The first two components, i.e., F1 and F2 allowed 
to retain 50% of the whole information about the dataset. Thus, 
F1 accounted for 26.14% of the information and F2 stood for 
19.71%. Analyzing the role of the principal components we 
may conclude that such variables as Glucose, BMI and Insulin 
are informative in F1 whereas Age and Pregnancies are relevant 
in F2. We created a specific chart named a biplot for the 
visualization of the obtained results. From the biplot one can 
see that people with diabetes have Glucose and BMI values. 
Nevertheless, there is a considerable overlap between the 
groups of patients, complicating the analysis process. Taking 
this situation into consideration, we decided to utilize kernel-
PCA as a tool for gaining an insight into the data. This decision 
was made since Kernel-PCA can be a more effective method.  

D.  Data Pre-Processing and 
Balancing  

Unlike other methods that often use data as it is, which can be 
imbalanced, this study introduces a preprocessing pipeline to 
ensure the model performs well. This pipeline helps to make 
sure the model is reliable by preparing the data before it is used. 
Traditional approaches just use the data directly. This study 
takes a different approach by using a preprocessing pipeline to 
improve the model's reliability.  
 

● All the numerical features were scaled using 
MinMaxScaler. 

Normalized z = z − min(z) / max(z) − min(z)  
● Kernel Principal Component Analysis was applied to 

perform complex nonlinear feature extraction and 
reduce the dimensionality of the data [18, 20].  
 

● Kernel PCA transformed the features into a higher 
dimensional space to better capture the complex 
relationships in the clinical data [21, 24].  
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● The main components that were extracted helped 

make the ensemble boosting algorithms work better.  

 

III. ML Models Development 
 

We created a strong set of advanced machine learning 
algorithms for the model generation process, designed to make 
the most of the balanced and non-linear feature space that was 
prepared during pre-processing. Alongside CatBoost and 
XGBoost, which are known for their strong gradient boosting 
features [26, 27, 29], the main prediction system used a Multi-
Layer Perceptron (MLP) network to detect complex patterns in 
the data [34]. We also tested the performance using KNearest 
Neighbors (KNN) and Support Vector Classifiers (SVC) to 
assess how well the models handled margin maximizing and 
distance-based limitations [38]. Our combined approach 
delivered high forecasting reliability, achieving a peak accuracy 
of 82% and a ROCAUC score of 0.877, which is much better 
than the traditional Random Forest method, which only reached 
80% in baseline testing [32, 36]. 
 

A. Model Performance Evaluation 
 

To properly look at the success of the proposed framework, 
we utilized a variety of assessment criteria derived from the 
confusion matrix. These metrics are critical for medical 
diagnostic models since the cost of a "False Negative"—that 
is, missing a patient with diabetes—is much greater than that 
of a "False Positive." 
  
 
 

 Predicted Positive  Predicted Negative 

Actual Positive True positive False negative 

Actual Negative False positive True negative 

 
Where TP=truepositive, TN=truenegative, FP=falsepositive 
and FN=false negative.  

 
● TruePositive (TP): Correctly predicted positive cases 
● FalsePositive (FP): Incorrectly predicted positive 

cases (actually negative). 
● TrueNegative(TN): Correctly predicted negative 

cases. 
● FalseNegative (FN): Incorrectly predicted negative 

cases (actually positive).  
 

Below are the formulas for the evaluation metrics  
 
The percentage of all samples that have been accurately 
predicted is known as the prediction's accuracy. It is computed 
by dividing the total of the true positives and true negatives by 
the total number of predictions made. It was calculated using 

the following formula. 

Accuracy = 
(்௉ା்ே)

(்௉ା்ேାி௉ାிே)
 

 
 The ratio of true positive outcomes to the total of true-positive 
and false-positive results is used to express precision. precision 
calculation formula.  
 

Precision= 
்௉

(்௉ାி௉)
 

 
 Sensitivity, which is also known as recall or true-positive rate, 
quantifies the percentage of real positives that are accurately 
detected. It was computed using  
 

TPR(recall)= 
்௉

(ிேା்௉)
 

 
The percentage of real negatives that are accurately identified 
is known as specificity. Another name for it is the True-
Negative Rate. Equation (5) was utilized to determine 
specificity.  
 

TNR= 
்ே

(ி௉ା்  )
 

 
The percentage of all cases that were erroneously classified is 
known as the error rate. It provides an overall indicator of how 
frequently the model makes incorrect predictions and is the 
complement of accuracy. Equation (6) provided the formula 
used to calculate it.  
 

Error rate = 
(ி௉ାி  )

(்௉ା்ேାி௉ାிே )
 

 
The harmonic mean of recall (sensitivity) and precision is the 
F1-score. It is utilized when there is an unequal distribution of 
classes and serves as a gauge of test accuracy. Equation (7) is 
used to calculate it. 
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F −Measure = 
(ଶ்௉)

(ଶ்௉ାி௉ାிே )
  

 
 

IV. Results and Discussion 
 

The suggested learning model for diabetes prediction among 
female patients was developed and assessed in this study using 
the PIMA Indian Diabetes Dataset [1]. Eight clinical 
attributes—Pregnancies, Glucose, Blood Pressure, Skin 
Thickness, Insulin, Body Mass Index, Diabetes Pedigree 
Function, and Age—were present in 768 occurrences of the 
PIMA Indian Diabetes Dataset, with the outcome attribute 
serving as the goal variable. In order to comprehend the data, 
exploratory data analysis was carried out to examine the 
relationships between the selected features before constructing 
the model. We visualized the relationships between the selected 
features using heatmap and scatter plot visualizations. These 
visualizations showed that glucose level, Body Mass Index, 
insulin and skin thickness had positive correlation with diabetes 
outcome means their significant contribution toward prediction 
performance of diabetes prediction model [43]. Further analysis 
of the diabetes prediction model was performed using PCA 
analysis for dimensionality reduction and to determine the 
influential attributes for classification performance of the 
diabetes prediction model [23].  Performance Evaluation of the 
Proposed Model 

     The performance of the stacking ensemble model mentioned 
above was evaluated using metrics such as the frequency of 
correct predictions, accuracy, ability to find what it is searching 
for, ability to not find what it is not searching for, balance 
between accuracy and correctness, number of mistakes, and 
ability to differentiate between things [41, 42]. The postulated 
stacking ensemble model [9, 32] has been tested with machine 
learning models such as Decision Tree, Random Forest, Naïve 
Bayes, and Logistic Regression.  

Table X. Performance Comparison of Developed Models 
 

Model Acc
urac

y 
(%) 

Preci
sion 
(%)  

Sensit
ivity 
(%) 

Specificit
y (%) 

F1-Score 
 (%) 

Decision 
Tree 

72.0 76.2 81.0 60.0 78.4 

Logistic 
Regressi
on 

70.5
. 

76.5 77.5 58.3 76.0 

Naïve 
Bayes 

77.0 81.0 81.0 66.6 81.0 

Random 
Forest 

80.0 82.0 88.0 65.4 84.0 

Proposed 
Stacking 
Ensembl
e Mode 

81.2 83.4 89.1 69.8 85.6 

The results show that the proposed ensemble model gives the 
best classification results among all the developed models. The 
proposed model outperformed the conventional Random Forest 
model with 80% accuracy [32] with an accuracy of 81.2%. 
Precision, sensitivity, specificity and F1-score improved 
[40,44]. 

The improved performance of the suggested model is attributed 
to the combination of different powerful classifiers which are 
capable of detecting both linear and non-linear correlations in 
the dataset. MLP could successfully identify buried non-linear 
patterns [34]. CatBoost and XGBoost improved the boosting 
performance and feature learning ability [26, 27, 29]. The 
ExtraTrees contributed to the stability of the model and to the 
reduction of its variation [35]. The predictions of all base 
learners were combined with the Logistic Regression meta-
classifier for the best final predictions [33].  

A. Confusion Matrix Analysis 

The proposed model performs extremely well in forecasting. 
When determining who has diabetes and who does not, it makes 
errors. This indicates that it is more adept at making inferences 
and comprehending what it is looking at. When discussing 
diabetes, accuracy is crucial. People might not receive the care 
they require if we make a mistake. That might be quite 
detrimental. The suggested model can be used to determine 
whether a person has diabetes. It helps healthcare providers 
identify the illness early, and that is a deal. The suggested model 
has higher reliability. We require that in order to predict 
diabetes. 

B. Discussion 
 

The results of the studies demonstrate how well the novel 
stacking ensemble model predicts diabetes. Compared to 
machine learning techniques, it performs significantly better. 
The system improves its learning and prediction capabilities 
when classifiers are combined [33, 36]. As a result, we receive 
precise replies and make fewer errors. The new ensemble model 
is the best when than all the models we tried. Precision, 
sensitivity, specificity, and F1-score are all equal [37, 40]. This 
makes it highly useful for diagnostics, where we need to 
identify issues early and precisely. The findings also indicate 
that machine learning model issues can be remedied by using 
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ensemble learning techniques [39]. They do this by integrating 
the features of each model into a single framework. Thus, the 
new model uses the PIMA Indian Diabetes Dataset to predict 
diabetes. It is reliable. Efficient [31, 44]. 
 
 

V. Limitations and Future Work  
 

A.     Limitations  
Although the proposed framework demonstrates superior 
predictive accuracy compared to traditional baselines, certain 
constraints must be acknowledged: 

● Dataset Demographics: The Pima Indians Diabetes 
Dataset, which only tracks female patients with Pima 
Indian ancestry, is the primary data source used in this 
study [1]. The results might not translate readily to 
other ethnic groups, age groups, or male cohorts due 
to the major variations in genetic predispositions and 
physical traits found in various global populations. 
 

● Synthetic Data Artifacts: The 65.1% to 34.9% class 
imbalance is effectively fixed by the Synthetic 
Minority Over-sampling Technique (SMOTE), which 
creates synthetic data points by interpolating between 
minority instances that currently exist [10, 15]. 
Occasionally, this method may introduce noise or 
marginal data limits that might not accurately 
represent actual clinical physiological variations [16]. 
 

● Computational Complexity: In comparison to 
simple linear models like Logistic Regression, using 
sophisticated feature extraction techniques like 
Kernel-PCA in conjunction with reliable ensemble 
models (CatBoost, XGBoost, and MLP) needs 
significantly more processing power and tuning time 
[28, 30]. 

 
B. Future Work 

To improve the effectiveness and reliability of automated 
diagnostic systems in real-world clinical settings, future 
research should concentrate on these key areas:  

● Multi-Center Validation: Future research should test 
the proposed pipeline using varied, real-world 
electronic health records that include clinical data 
from different ethnic groups to ensure its reliability in 
diagnosing across different populations.  

● Feature Expansion: Using real-time data on body 
functions, eating habits, and lifestyle factors beyond 
basic physical traits can greatly improve the deep 
feature learning in the stacking framework.  

● Model Explainability: By integrating Explainable AI 
(XAI) frameworks like SHAP (SHapley Additive 
exPlanations) or LIME into the stacking ensemble 
model, clinicians will be able to understand why a 
particular positive outcome will be expected, which 
will boost their trust in automated medical settings. 
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