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Abstract: Medical image analysis and clinical decision support systems have become essential components of modern healthcare 
due to their ability to enhance diagnostic accuracy and reduce human error. Traditional approaches treat medical image 
classification, segmentation, and structured disease prediction as separate tasks, resulting in redundant computation and 
suboptimal performance. This paper presents a unified multi-task deep learning framework that integrates Convolutional Neural 
Networks (CNNs) for simultaneous image classification and segmentation, along with ensemble machine learning techniques 
for Chronic Kidney Disease (CKD) prediction. The proposed architecture consists of a shared encoder that extracts hierarchical 
feature representations, followed by two parallel branches: a classification head and a segmentation decoder inspired by U-Net. 
For structured clinical data, ensemble models such as XGBoost, Random Forest, and Support Vector Machine (SVM) are 
employed with majority voting. Extensive experiments demonstrate that the proposed framework achieves superior performance 
in terms of accuracy, Dice coefficient, precision, recall, and F1-score compared to conventional single-task models. The system 
provides a scalable and clinically applicable solution for automated medical diagnosis. 
Keywords: Medical Image Analysis, Deep Learning, CNN, U-Net, Multi-Task Learning, CKD Prediction, XGBoost, Ensemble 
Learning. 
 

I. INTRODUCTION 
The rapid growth of digital healthcare systems has resulted in massive amounts of medical imaging and patient data. Modalities 
such as MRI, CT, and ultrasound are widely used for diagnosis but require expert interpretation, which is time-consuming and 
subjective. 
Deep learning has revolutionized this field by enabling automatic feature extraction and pattern recognition. CNNs, in particular, 
have shown remarkable success in: 
 Disease classification  
 Tumor detection  
 Organ segmentation  
 Lesion identification  
 
However, existing systems suffer from key limitations: 
1) Task isolation – classification and segmentation are trained separately  
2) Data modality separation – imaging and clinical data are not integrated  
3) Limited generalization in small medical datasets  
 
A. Motivation 
A unified system that jointly learns multiple tasks can: 
 Improve feature reuse  
 Reduce computational cost  
 Enhance diagnostic accuracy  
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B. Contributions 
This work contributes: 
 A unified CNN-based multi-task architecture  
 Integration of segmentation and classification in one framework  
 Ensemble-based CKD prediction module  
 Improved generalization using shared feature learning  
 

II. RELATED WORK 
A. CNN-Based Medical Imaging 
Ronneberger et al. introduced U-Net, which became a standard architecture for biomedical segmentation. It uses encoder-decoder 
structure with skip connections. 
 
B. Deep Residual Learning 
He et al. proposed ResNet, which addressed vanishing gradient problems using residual connections. 
 
C. Ensemble Learning 
Chen and Guestrin introduced XGBoost, which significantly improved structured data classification performance. 
 
D. Transfer Learning 
Pre-trained models like VGG and Inception have been widely adapted for medical imaging tasks. 
Research Gaps 
Despite progress: 
 Lack of unified multi-task frameworks  
 Poor integration of image + tabular data  
 Limited explainability in deep models  

III. PROPOSED METHODOLOGY 
A. System Overview 
The system consists of: 
1) CNN Encoder  
2) Classification Branch  
3) Segmentation Branch  
4) CKD Prediction Module  
 
B. Mathematical Formulation 
CNN Feature Extraction 
Let input image be X, CNN extracts feature map: 

 
Where: 

 Θ = learnable parameters  
 F = feature representation  

Classification Output 

 
Segmentation Output 
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Where: 
 S = pixel-wise segmentation mask  
 σ = sigmoid activation  

 
C. Loss Function 
Multi-task loss: 

 
Dice Loss: 

 
 
D. CKD Prediction Model 
Given dataset: 

 
Models used: 

 XGBoost  
 Random Forest  
 SVM  

Final prediction: 

 
E. Architecture Diagram 
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IV. DATASET DESCRIPTION 
A. Medical Dataset 
 MRI and CT scans  
 Multi-class labeled images  
 Pixel-level segmentation masks  

 
B. CKD Dataset 
 UCI Repository  
 500 patient records  
 24 attributes  

 
C. Classes 
 CKD  
 Non-CKD  
 

V. DATA PREPROCESSING 
A. Image Processing 
 Normalization  
 Gaussian noise removal  
 Rotation, flipping augmentation  
 Resizing to fixed dimensions  
 
B. Tabular Processing 
 Mean/mode imputation  
 PCA for dimensionality reduction  
 RFE for feature selection  
 

VI. CNN ARCHITECTURE 
A. Layers 
 Convolution (3×3 filters)  
 ReLU activation  
 Max pooling  
 Dropout regularization  
 
B. Encoder-Decoder Design 
 Encoder extracts semantic features  
 Decoder reconstructs segmentation mask  
 Skip connections preserve spatial information  
 
 

VII. EXPERIMENTAL SETUP 
1) Python  
2) Tensor Flow / Keras  
3) Scikit-learn  
4) Google Colab GPU  
5) 10-fold cross validation  
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VIII. RESULTS 
A. Classification 
 Accuracy: 98%  
 Precision: 97.8%  
 Recall: 97.5%  
 
B. Segmentation 
 Dice Score: 0.91  
 IoU: 0.89  
 
C. CKD Prediction 

Model Accuracy 

XGBoost 99.2% 

Random Forest 97.5% 

SVM 96.7% 

 
D. Overall Comparison 

Method Accuracy 

CNN (Single Task) 88% 

Proposed Multi-task CNN 98% 

Ensemble CKD Model 99.2% 
 

IX. DISCUSSION 
The proposed framework demonstrates: 
1) Advantages 
 Shared feature learning improves efficiency  
 Multi-task learning reduces redundancy  
 Ensemble models improve structured prediction  
 
2) Limitations 
 Small dataset size  
 Limited real hospital validation  
 High computational cost for training  
 

X. CONCLUSION 
This paper presents a unified multi-task deep learning framework combining CNN-based medical image analysis with ensemble 
learning for CKD prediction. The system improves classification accuracy, segmentation quality, and structured disease prediction 
simultaneously. Future improvements include transformer-based architectures, self-supervised learning, and real-time deployment in 
clinical environments. 
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