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1 Introduction 

Early identification of diabetes and prediabetes which is essential to prevent long term complications 

and improve population health outcomes. However, most previous studies used binary prediction and 

limiting the ability to detect intermediate risk states. This research develops a comprehensive 

multiclass diabetes prediction framework using CDC BRFSS 2015 dataset includes preprocessing, 

engineered glycaemic features, composite health scores and interaction-based features to enhance 

predictive signal. Class imbalance was addressed using SMOTE, class weighting balanced boosting. 

LightGBM, Tuned LightGBM, CatBoost, Deep Neural Network (DNN), 1D Convolutional Neural 

Network (1D-CNN), and ensemble methods (stacking and soft voting) were implemented and 

compared using evaluation using accuracy, macro F1, weighted F1, and per-class recall shows that 

baseline LightGBM delivered better overall performance successfully predicted all three classes. 

while tuned LightGBM improved diabetes recall and prediabetes improved from 0.00 to 2.7%. 

However, it remained most difficult class to detect low representation. SHAP explainability highlights 

the strong influence of engineered features such as HbA1c_Estimated, Glucose_Risk_Proxy, 

CGM_Variability_Score, BMI, and General Health. Overall, the research demonstrates feasibility of 

explainable multi class diabetes risk prediction and identifies key areas such as clinical data, advanced 

imbalance handling and transformer-based models for further future improvement. 

The configuration manual outlined below ensures reproducibility, scalability and 

explainability of the full analytical pipeline. 

2 System Configuration 
 

2.1 Recommended Hardware 

 

Component Minimum Requirement 

Processor Intel i5 / AMD Ryzen 5 

RAM 16 GB (Recommended 32 GB for DL models) 

Storage 256 GB SSD 

GPU (Optional) NVIDIA GPU with CUDA support 

Architecture 64-bit 

 

2.2 Software Requirements – Operating System 

• Operating System:  Microsoft Windows 10/11 (64-bit) 

• Development Environment:  Jupyter Notebook 
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• Python Version Used: Python 3.11.9 

 

2.3 Required Libraries 

The following Python libraries were required 

Category Libraries 

Core pandas, numpy 

Visualization matplotlib, seaborn 

ML Models SVM, LogisticRegression, XGBoost, LightGBM, CatBoost, Stacking 

Deep Learning TensorFlow, Keras 

Preprocessing StandardScaler, RobustScaler, label_binarize 

Sampling SMOTE, ADASYN, SMOTETomek 

Evaluation accuracy, precision, recall, f1, ROC-AUC, confusion_matrix 

Optimization Adam, AdamW 

Utilities warnings, gc, backend 
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3 Data Sources & Linking 

Dataset Name: CDC Diabetes Health Indicators (Kaggle + UCI) 

Source: 

• Kaggle: 

https://www.kaggle.com/datasets/alexteboul/diabetes-health-indicators-dataset 

• UCI Repository: 

https://archive.ics.uci.edu/dataset/891/cdc+diabetes+health+indicators 

 

 

3.1 Data Cleaning  

• Duplicate records removed 

• Outlier treatment using percentile capping 

• Handling class imbalance using SMOTE 

3.2 Feature Engineering 

Interaction features: Age_BMI_Interaction 

Polynomial features: BMI_squared, Age_squared 

https://www.kaggle.com/datasets/alexteboul/diabetes-health-indicators-dataset
https://archive.ics.uci.edu/dataset/891/cdc+diabetes+health+indicators
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Risk proxies: Glucose_Risk_Proxy, HbA1c_Estimated 

Composite scores: LifestyleScore, HealthRiskScore, CGM_Variability_Score 

  

3.3 Data Visualization  

The following visualizations were implemented such as Class distribution plots, Correlation 

heatmaps Feature distributions, SHAP summary plots, SHAP interaction plots, Confusion 

matrices, Line graphs for Accuracy Macro F1 Weighted F1 Per-class recall trend graphs 

These visuals support model interpretability and evaluation transparency. 
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3.4 Data Preprocessing 

3.4.1 Standard Scaling 

 

3.4.2 Data Partitioning 

 
 

4 Model Implementation Overview 

Models Implemented 

This study implements multi-model machine learning and deep learning framework for multi-

class diabetes prediction (No Diabetes, Prediabetes, Diabetes). Our system Integrates 

Boosting models and neural networks to enable performance benchmarking, comparative 

evaluation, and ensemble-based validation. All these models were trained on the CDC 

Diabetes Health Indicators dataset using a stratified train–test split. 

Category Model Name Purpose in System Key Characteristics 

Machine Learning LightGBM 
Primary baseline ML 

classifier 

Fast gradient boosting, tree-

based learning 

Machine Learning 
Tuned 

LightGBM 

Optimized performance 

for imbalance 

Regularized, class-weighted 

boosting 

Machine Learning 
CatBoost 

(Balanced) 

Robust imbalance 

handling 

Automatic class weight 

adjustment 

Deep Learning Basic DNN 
Non-linear feature 

learning 

Fully connected neural 

network 

Deep Learning 1D CNN Local pattern extraction 
Convolutional feature 

learning 

Ensemble 

(Experimental) 

Stacking 

Ensemble 

Combined ML 

prediction 

LightGBM + CatBoost + 

Logistic Regression 
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Category Model Name Purpose in System Key Characteristics 

Ensemble 

(Experimental) 

Soft Voting 

Ensemble 

Combined ML + DL 

prediction 

LightGBM + CatBoost + 

DNN + CNN 

Table 1: Models Used in the System 

Evaluation Metrics 
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