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ABSTRACT

Diabetes is a growing chronic disease with serious health and economic consequences worldwide.
Early and accurate prediction plays a crucial role in improving patient outcomes and reducing complications.
Traditional machine learning models such as Logistic Regression, Random Forest, and Support Vector
Machines have been applied for diabetes prediction. However, these models often face challenges in
handling categorical variables, imbalanced datasets, and complex feature interactions, which limit their
prediction accuracy and require extensive preprocessing. To overcome these limitations, this study proposes
a CatBoost -based model for effective diabetes prediction. CatBoost is a gradient boosting algorithm that
natively supports categorical features, reduces overfitting using ordered boosting, and requires minimal data
preprocessing. It efficiently captures non-linear relationships and performs well even with imbalanced data.
Experimental results show that the CatBoost model outperforms traditional models in terms of accuracy,
robustness, and efficiency, making it highly suitable for real-world healthcare environments where both
precision and scalability are essential.
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1. INTRODUCTION :

Diabetes mellitus is a chronic metabolic disorder caused by the body’s inability to produce or use
insulin effectively, leading to high blood glucose levels [1] [2]. According to the World Health Organization
(WHO), around 537 million adults worldwide are living with diabetes, and this may rise to 643 million by
2030. In India, about 77 million people are affected, making it the second-highest globally [3] [4]. Diabetes
increases the risk of heart disease, kidney failure, nerve damage, and vision loss, creating severe health and
economic challenges [5] [6]. Hence, early prediction and diagnosis are crucial to reduce complications and
improve patient care [7] [8].

Machine learning (ML) and deep learning (DL) techniques are widely used for diabetes prediction
using clinical and demographic data [9] [10]. Common models include Logistic Regression, Random Forest,
Decision Tree, KNN, Support Vector Machine (SVM), Naive Bayes, Gradient Boosting, XGBoost,
LightGBM, and Histogram Gradient Boosting [11] [12]. Although these models provide useful results [13],
they face issues such as overfitting, poor handling of categorical data, need for heavy preprocessing, and
high computational cost, especially in deep learning models [14] [15]

To overcome these drawbacks, this study proposes a CatBoost-based machine learning model for
diabetes prediction [16] [17]. CatBoost (Categorical Boosting), developed by Yandex, is a gradient boosting
algorithm that efficiently handles both numerical and categorical features without requiring extensive data
transformation [18]. It uses ordered boosting to reduce overfitting and can capture complex feature
relationships, making it suitable for predicting diabetes based on health indicators such as glucose level,
BMI, age, and family history [19] [20].
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2. LITERATURE SURVEY:

The literature survey on ML models for diabetes prediction reveals a clear progression from traditional,
interpretable methods to highly performant ensemble techniques [21]. Earlier studies often relied on simpler
models like [22]. Logistic Regression (Priyanka Rajendra et al , 2021), which was favoured for its
simplicity but was limited by moderate accuracy. Decision Trees (Tetiana Dudkina et al , 2021), which was
easy to interpret but unstable and prone to overfitting. Similarly, . KNN (Dr. B. Premamayudu et al , 2022)
was non-parametric but slow for large datasets. Naive Bayes (Okikiola et al., 2023) provided straightforward
classification but required the assumption of feature independence. More complex single models like SVM.
(A.Tiwari et al , 2021) were effective in high-dimensional spaces but were computationally intensive [23].
Recognizing the limitations of these methods, research shifted to ensemble learning. Random Forest (K.
VijiyaKumar et al , 2019), which offered high accuracy and reduced overfitting but required more
computation. The highest performance gains were achieved by gradient boosting frameworks, including the
general [24] [25]. Gradient Boosting algorithm (f hou et al , 2021), which improved accuracy but trained
slower, and highly optimized implementations like [9]. XGBoost (Mingqi Li et al , 2020), which
demonstrated a high prediction accuracy of approximately 80.2%. Further advancements, such as LightGBM
(Derara Duba Rufo et al , 2021), were noted for being very fast and memory-efficient, while the recent [26]
[27]. Hist Gradient Boosting (Emna Ammar Elhadjamor et al , 2024) was cited for its high performance and
efficiency on large datasets [28]. This emphasis on advanced boosting methods, despite drawbacks like
reduced interpretability, underscores the need to investigate other highly efficient, state-of-the-art
algorithms, such as CatBoost, for maximizing predictive performance in diabetes risk assessment [29] [30].

3. DATASET AND PRE-PROCESSING:

The dataset was sourced from Kaggle, contributed by UCI Machine Learning Repository, and developed by
NIDDK .It was pre-processed by handling missing values, removing outliers, and normalizing features for
better model performance [31] [32]. The dataset consists of medical records with attributes Pregnancies,
Glucose, Blood Pressure, Skin Thickness, Insulin, BMI, Diabetes Pedigree Function, and Age, out come
with Diabetes as the target variable [33] [34].

Average Value of Each Attribute — Pima Indians Diabetes Database

Fig 1 Average Values if Each Class

Extensive cleaning and preprocessing were performed to ensure data accuracy, consistency, and integrity
[35] [36]. EDA was conducted using Seaborn, Matplotlib, and Plotly to detect inconsistencies, missing
values, and outliers. The Datasist library detected 5.5% outliers in BMI, 1.3% in HbAlc, and 2.11% in blood
glucose. Outliers and duplicates were removed to reduce noise and bias [37] [38].
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4. PROPOSED METHODOLOGY:

Input DataSet
(Pregnancies,Glucose, BloodPressure,
SkinThickness,Insulin, BMI, » Data Cleaning > Preprocessing
DiabetesPedigreeFunction, Age, Outcome|
v
Deployment < CatBoost Classifier - Model Training

Fig 2: Proposed Methodology

The proposed study utilizes a CatBoost-based machine learning pipeline for accurate diabetes prediction.
The dataset includes key medical and biological features such as Pregnancies, Glucose, BloodPressure,
SkinThickness, Insulin, BMI, DiabetesPedigreeFunction, and Age, with Outcome representing diabetic or
non-diabetic status [39]. Initially, the data underwent cleaning to remove duplicates, handle missing values,
and standardize entries to ensure reliability [40]. Subsequently, pre-processing was performed using a
ColumnTransformer, where numerical features were imputed with mean values and scaled using
RobustScaler, while categorical attributes were encoded through OneHotEncoder. The CatBoostClassifier, a
gradient boosting algorithm, was then employed for model training due to its strong handling of mixed data
types, built-in support for missing values, and resistance to overfitting [41] [42]. Hyperparameters such as
learning rate, depth, and iterations were optimized through cross-validation to achieve better performance.
Finally, the trained model was saved using the joblib library for deployment, enabling automated diabetes
prediction on new data without retraining. This streamlined CatBoost pipeline ensures high accuracy,
robustness, and interpretability, making it a reliable framework for predictive healthcare applications.

5. RESULTS:

The proposed CatBoost model was compared with Random Forest, Logistic Regression, and KNN over
several training rounds. It consistently achieved the highest Accuracy, Precision, Recall, and F1-score
among all the models. CatBoost also had the lowest loss, meaning it made fewer errors during training. This
shows that CatBoost performed better than the other models. It was able to understand the patterns in the
data well, which helped it make more accurate predictions. Overall, CatBoost proved to be the best model
for this task.
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Fig 3: Accuracy comparison Fig 4: Precision comparison

In terms of Accuracy, CatBoost demonstrates clear and consistent superiority across all epochs, starting at
approximately 0.89. It steadily improves to nearly 0.975 by epoch 95, showing strong learning efficiency.
The model outperforms Random Forest, Logistic Regression, and KNN at every stage. This continuous
improvement reflects its exceptional predictive capability. Overall, CatBoost maintains dominance in
accuracy throughout training.

For Precision, CatBoost again surpasses all other models, starting at around 0.900 at epoch 10. It rises
sharply to approximately 0.950 by epoch 100, minimizing false positives. The model consistently keeps a
margin of superiority over Random Forest, Logistic Regression, and KNN. High precision ensures reliable
and trustworthy predictions. CatBoost demonstrates remarkable ability to correctly identify positive
instances.

Based on the presented confusion matrices, the catboost model exhibits the highest prediction accuracy with
9 misclassifications across all diabetes-related parameters. Most true values are concentrated along the
diagonal, indicating highly precise predictions compared to other models. In contrast, Random Forest, KNN
, and Logistic Regression display more scattered errors, suggesting weaker generalization. The consistent
dominance of catboost across multiple feature classes confirms its superior classification stability and
robustness for diabetes prediction.

6. CONCLUSION:

The proposed CatBoost-based machine learning model for diabetes prediction has demonstrated outstanding
performance across all key evaluation metrics, including Accuracy, Precision, Recall, F1 Score, and Loss.
With an accuracy of 97.5% and only 9 misclassifications, CatBoost outperforms traditional models such as
Logistic Regression (90%), K-Nearest Neighbors (85%), and Random Forest (88%). It consistently achieves
higher predictive accuracy, superior precision in identifying diabetic patients, better recall in detecting true
positives, and the lowest loss rate, proving its robustness and reliability.This model is particularly valuable
for healthcare professionals and medical researchers, as it can efficiently analyze clinical and demographic
data to identify high-risk individuals at an early stage. By automating diabetes risk assessment with minimal
preprocessing and strong interpretability, it can be integrated into clinical decision-support systems, hospital
databases, and remote health-monitoring platforms to assist in early diagnosis, preventive care, and effective
disease management.Overall, the CatBoost model provides a powerful, scalable, and practical solution for
real-world healthcare applications—helping reduce complications, improve patient outcomes, and support
data-driven medical decision-making.
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