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Abstract- Predictive Oncology using deep learning enables automated multi-cancer detection by extracting 

complex patterns from high-dimensional clinical and imaging data. Traditional cancer diagnostics are limited by 

manual feature extraction and variability in interpretation. Deep learning techniques such as convolutional 

neural networks (CNNs) and transformer models have shown remarkable performance in single-cancer 

detection tasks. However, existing approaches are generally constrained to a specific cancer type, such as skin 

cancer, creating a need for scalable multi-cancer frameworks. This research proposes an integrated deep 

learning model for simultaneous detection of liver, skin, and breast cancers. The model incorporates multi-

modal data fusion to enhance generalization across varying cancer presentations. Extensive experiments 

demonstrate improved accuracy, sensitivity, and robustness compared to traditional methods. The proposed 

framework supports early detection, aiding clinical decision-making and personalized treatment planning. These 

results highlight the potential of deep learning-based predictive oncology for broad clinical application and real-

world deployment. 
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Introduction 

Cancer remains one of the leading causes of mortality worldwide, accounting for millions of deaths every year 

and posing a significant challenge to modern healthcare systems [1][2]. Early diagnosis is essential for 

increasing patient survival rates, reducing treatment costs, and improving the effectiveness of clinical 

interventions. Conventional diagnostic procedures rely heavily on radiologists and oncologists to manually 

interpret medical images such as mammograms, CT scans, MRI scans, histopathological slides, and 

dermoscopic images [3]. Although these approaches are clinically effective, they are often time-consuming, 

susceptible to inter-observer variability, and limited by the availability of experienced specialists [4]. As the 

number of cancer patients continues to rise globally, there is an increasing demand for intelligent automated 

diagnostic systems capable of assisting healthcare professionals with accurate and timely disease detection [5]. 

Recent developments in Artificial Intelligence (AI) and Deep Learning (DL) have significantly transformed 

medical image analysis by enabling automatic extraction of complex features directly from imaging data 

without requiring handcrafted feature engineering [6]. Convolutional Neural Networks (CNNs) have achieved 

remarkable success in various medical imaging applications, including breast cancer detection, skin lesion 

classification, liver tumor segmentation, and lung cancer diagnosis [7][8]. Furthermore, transformer-based 

architectures have recently demonstrated superior capability in capturing long-range contextual relationships 

within medical images, resulting in improved classification accuracy and robustness [9]. These advanced 

learning models reduce human dependency while improving consistency and scalability across different 

healthcare environments. 

Despite substantial progress in individual cancer detection systems, most existing deep learning models are 

designed to identify only a single type of cancer, limiting their applicability in comprehensive clinical screening 

programs [10]. In real-world healthcare settings, physicians frequently analyze multiple cancer types 

simultaneously using heterogeneous medical datasets collected from different imaging modalities and patient 
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records [11]. Therefore, developing a unified predictive oncology framework capable of detecting multiple 

cancers within a single architecture has become an important research direction. Integrating multimodal medical 

information, including clinical records, demographic information, laboratory reports, and imaging data, further 

enhances diagnostic reliability and improves decision-making performance [12]. 

The proposed Predictive Oncology framework introduces an integrated deep learning architecture for 

simultaneous detection of breast, liver, and skin cancers using medical images and structured clinical 

information. The framework combines CNN-based feature extraction with transformer-based contextual 

learning to improve classification accuracy and generalization across multiple cancer categories [13].  

LITerature Review 

The application of Artificial Intelligence (AI) and Deep Learning (DL) in predictive oncology has gained 

significant attention due to the increasing availability of medical imaging datasets and the growing demand for 

accurate computer-aided diagnosis systems [5][6]. Earlier cancer detection methods primarily relied on 

conventional machine learning algorithms such as Support Vector Machines (SVM), Decision Trees, Random 

Forests, and Artificial Neural Networks to classify tumors using handcrafted image features extracted from 

MRI, CT, mammography, and dermoscopic images [7]. Although these approaches achieved acceptable 

classification performance, they required extensive feature engineering and were highly dependent on expert 

knowledge, limiting their scalability and adaptability across diverse medical datasets [8]. 

The introduction of Convolutional Neural Networks (CNNs) revolutionized medical image analysis by 

automatically learning hierarchical image representations without manual feature extraction [9]. Several CNN 

architectures, including AlexNet, VGGNet, ResNet, DenseNet, and EfficientNet, have demonstrated excellent 

performance in detecting breast cancer, skin cancer, liver tumors, lung cancer, and brain tumors from medical 

images [10]. Transfer learning techniques further improved diagnostic accuracy by utilizing pretrained models 

trained on large-scale image datasets, reducing training time and improving convergence on limited medical 

datasets [11]. 

Recent developments in transformer-based architectures have significantly enhanced predictive oncology by 

capturing long-range spatial dependencies within medical images [12]. Vision Transformers (ViT), Swin 

Transformers, and hybrid CNN-transformer models have shown superior performance in identifying subtle 

pathological patterns that conventional CNNs occasionally fail to recognize [13]. Furthermore, multimodal 

learning approaches integrating medical images with electronic health records, laboratory reports, genomic 

information, and patient demographics have substantially improved diagnostic reliability and personalized 

cancer prediction [14]. 

Several researchers have also proposed ensemble learning techniques and attention-based deep learning 

frameworks to improve classification robustness and reduce false-positive predictions [15]. Explainable 

Artificial Intelligence (XAI) methods such as Grad-CAM, attention maps, and saliency visualization have 

enhanced clinical interpretability by highlighting suspicious image regions responsible for model predictions 

[16]. Despite these advancements, most existing systems remain limited to detecting a single cancer type and 

often lack efficient integration of multimodal clinical information. Consequently, there remains a strong need for 

scalable predictive oncology frameworks capable of simultaneously detecting multiple cancer types with 

improved accuracy, robustness, and real-world clinical applicability [17]. 

Table 1: Summary of Existing Sentiment Analysis Approaches 

Study 

Focus 

Techniques 

Used 

Key 

Contribution 
Limitations 

CNN-Based 

Cancer 

Detection 

CNN, Image 

Classification 

Automatic 

feature 

extraction 

with high 

Limited to 

single cancer 

type 
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accuracy 

Transfer 

Learning 

Models 

VGG16, 

ResNet, 

DenseNet 

Improved 

accuracy 

using 

pretrained 

networks 

Requires 

domain-

specific fine-

tuning 

Vision 

Transformer 

Models 

ViT, Swin 

Transformer 

Better global 

feature 

representation 

High 

computational 

complexity 

Ensemble 

Deep 

Learning 

CNN + 

Random 

Forest + 

XGBoost 

Improved 

robustness 

and 

prediction 

accuracy 

Increased 

training time 

Multimodal 

Cancer 

Detection 

Medical 

Images + 

Clinical Data 

Personalized 

diagnosis 

with 

improved 

reliability 

Complex 

multimodal 

data 

integration 

Existing System 

Existing predictive oncology systems primarily focus on detecting individual cancer types using conventional 

medical image analysis techniques and deep learning algorithms. Most frameworks analyze MRI scans, CT 

images, mammograms, dermoscopic images, or histopathological slides independently to identify cancerous 

abnormalities [8][10]. Although these systems have demonstrated promising diagnostic performance, they are 

generally designed for a single disease category and cannot efficiently support comprehensive multi-cancer 

diagnosis in clinical environments. 

A. Current Cancer Detection Approaches 

Modern cancer diagnosis systems employ deep learning architectures such as Convolutional Neural Networks 

(CNNs), ResNet, DenseNet, EfficientNet, and Vision Transformers for automatic tumor classification. These 

models learn discriminative visual features directly from medical images without requiring handcrafted feature 

extraction. Several studies have also adopted transfer learning and ensemble learning techniques to improve 

prediction accuracy, sensitivity, and robustness. However, most systems depend exclusively on imaging data 

while ignoring complementary patient information such as clinical history, laboratory reports, genetic 

biomarkers, and demographic characteristics, thereby limiting personalized diagnosis and overall predictive 

performance [11][14]. 

B. Identified Problems 

Current predictive oncology frameworks face several practical challenges, including limited generalization 

across multiple cancer types, high computational complexity, insufficient multimodal data integration, and 

reduced interpretability of deep learning predictions. Many systems require large annotated datasets and 

expensive computational resources for training, while variations in medical image quality, imaging devices, and 

institutional protocols often affect model robustness. Furthermore, the absence of unified architectures capable 

of simultaneously detecting breast, liver, and skin cancers restricts their applicability in real-world healthcare 

settings. 
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Table 2: Limitations of Existing Sentiment Analysis Systems 

Aspect Existing Systems 

Cancer Detection Mostly single-cancer diagnosis 

Prediction 

Method 

CNN, Transfer Learning, Vision 

Transformer 

Clinical Data 

Integration 
Limited or unavailable 

Scalability 
Difficult to extend for multiple 

cancers 

Computational 

Cost 
High for deep learning models 

Explainability Limited model transparency 

C. Problem Definition 

The primary challenge is the absence of an integrated predictive oncology framework capable of simultaneously 

detecting multiple cancer types using heterogeneous medical images and clinical information. Existing systems 

generally focus on individual diseases, resulting in increased computational requirements, multiple independent 

diagnostic models, inconsistent predictions, and reduced clinical efficiency. Furthermore, limited multimodal 

integration and poor generalization across healthcare institutions reduce the reliability of current automated 

cancer diagnosis systems. 

D. Motivation for the Proposed System 

The motivation behind the proposed predictive oncology framework is to develop a unified deep learning model 

capable of simultaneously detecting breast, liver, and skin cancers using multimodal medical data. By 

integrating CNN-based feature extraction, transformer-based contextual learning, advanced preprocessing, and 

multimodal data fusion, the proposed system aims to improve diagnostic accuracy, enhance clinical decision 

support, reduce manual interpretation, and facilitate early cancer detection for personalized treatment planning. 

This integrated framework is designed to provide scalable, robust, and reliable predictive oncology suitable for 

real-world healthcare deployment.  

IV. Proposed Methodology 

The proposed Predictive Oncology framework introduces an integrated deep learning architecture for the 

simultaneous detection of multiple cancer types, including breast cancer, liver cancer, and skin cancer, using 

medical imaging and clinical information. Unlike conventional systems that are designed for a single cancer 

type, the proposed framework employs a unified predictive model capable of analyzing heterogeneous medical 

datasets within a single platform. The methodology consists of sequential stages including user authentication, 

medical image acquisition, image preprocessing, feature extraction, deep learning-based cancer classification, 

multimodal clinical data fusion, prediction generation, and result visualization. This integrated approach 

improves diagnostic accuracy, scalability, and clinical decision support while reducing manual intervention and 

diagnostic variability [10], [15], [18]. 
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Figure 1: Block Diagram of the System 

A. Medical Image Acquisition 

The system acquires medical images from authenticated users through a secure web interface. The uploaded 

images include mammograms, CT scans, MRI scans, and dermoscopic images corresponding to breast, liver, 

and skin cancers. Each uploaded image is validated before preprocessing to ensure compatibility and image 

quality. 

Image Acquisition Representation 

I={I1,I2,I3,…,In} 

Where: 

• I = Collection of medical images  

• In = nth uploaded image  

B. Image Preprocessing 

Medical images undergo preprocessing operations including resizing, normalization, denoising, and contrast 

enhancement to improve prediction performance. 

Image Normalization Formula 

Inorm =
I − Imin

Imax − Imin
 

Where 

• Inorm= Normalized image  

• Imin = Minimum pixel intensity  

• Imax= Maximum pixel intensity  

C. Feature Extraction Using CNN 

The CNN automatically extracts discriminative spatial features from medical images through convolution and 

pooling operations. 

Convolution Operation 

 

Where 

• F(i,j) = Extracted feature map  

• I= Input image  
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• K = Convolution kernel  

ReLU Activation 

ReLU(x)=max(0,x) 

This activation function introduces non-linearity into the CNN model. 

D. Contextual Learning Using Vision Transformer 

The transformer captures long-range dependencies between image patches using the self-attention mechanism. 

Self-Attention Formula 

 

Where 

• Q = Query matrix  

• K = Key matrix  

• V = Value matrix  

• dk= Dimension of key vectors  

E. Multimodal Data Fusion 

Image features and structured clinical features are combined to generate a comprehensive patient representation. 

Feature Fusion Formula 

Ffusion=Fimage⊕Fclinical  

Where 

• Fimage  = CNN image features  

• Fclinical  

• ⊕ = Feature concatenation  

F. Multi-Cancer Prediction Module 

The fused feature vector is classified using the Softmax function. 

Softmax Classification 

 

Where 

• P(yi) = Probability of cancer class  

• zi = Output neuron value  

• N = Number of cancer classes  

Predicted Class 

y^=argmaxP(yi) 

Where 
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• y^ = Predicted cancer category  

G. Performance Evaluation 

Accuracy 

Accuracy =
𝑇𝑃 + 𝑇𝑁

TP + TN + FP + FN
 

Precision 

Precision =
𝑇𝑃

TP + FP
 

Recall (Sensitivity) 

Recall =
𝑇𝑃

TP + FN
 

Specificity 

𝑆𝑝𝑒𝑐𝑖𝑓𝑖𝑐𝑖𝑡𝑦 =
𝑇𝑁

TN + FP
 

F1-Score 

F1 =
2 × Precision × Recall

P𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙
 

H. Result Visualization 

The prediction confidence is displayed along with the diagnosed cancer class. 

Confidence Score 

Confidence=max(P(yi))×100% 

Where 

• P(yi)= Highest Softmax probability  

I. Algorithm: Predictive Oncology Procedure 

Input 

X={Medical Image, Clinical Data} 

Output 

Y={Cancer Class, Confidence} 

Algorithm Steps 

1. Read uploaded medical image.  

2. Resize image to CNN input size.  

3. Normalize pixel values.  

4. Apply data augmentation (training only).  

5. Extract spatial features using CNN.  

6. Learn global contextual features using Vision Transformer.  

7. Fuse image and clinical features.  

8. Perform Softmax classification.  
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9. Compute confidence score.  

10. Display predicted cancer type and probability.  

These formulas are appropriate for an IEEE paper and align with a CNN + Vision Transformer + multimodal 

predictive oncology framework. They are more suitable than generic placeholder equations and fit naturally 

within each methodology subsection. 

V.System Architecture 

The proposed Predictive Oncology system adopts a modular deep learning architecture designed to perform 

automated multi-cancer detection using medical images and clinical information. The architecture integrates 

image acquisition, preprocessing, feature extraction, multimodal data fusion, deep learning-based prediction, 

database management, and result visualization within a unified framework. Each module performs a specific 

task while communicating seamlessly with adjacent modules to provide accurate, reliable, and real-time cancer 

diagnosis. The system is implemented using a Flask-based web application. 

 

Figure 2: System Architecture 

1. User Authentication Module 

This module provides secure access to the predictive oncology platform through user registration, login, and 

session management. User credentials are securely stored using password hashing techniques, ensuring data 

privacy and preventing unauthorized access. Only authenticated users are permitted to upload medical images 

and access prediction services. 

2. Medical Image Acquisition Module 

The image acquisition module collects medical images uploaded by users through the web interface. The system 

accepts mammograms, CT scans, MRI scans, and dermoscopic images corresponding to breast, liver, and skin 

cancer diagnosis. Uploaded images are validated for format compatibility and image quality before entering the 

processing pipeline. 

Image Representation 

[ I={I_1,I_2,\ldots,I_n}] 

where (I_n) represents the nth uploaded medical image. 

3. Image Preprocessing Module 

This module prepares the uploaded images for deep learning analysis by performing resizing, normalization, 

noise removal, contrast enhancement, and pixel intensity standardization. Data augmentation techniques 

including image rotation, horizontal flipping, zooming, and brightness adjustment are applied during training to 

improve model robustness and reduce overfitting. 
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Normalization Formula 

[I_{norm}=\frac{I-I_{min}}{I_{max}-I_{min}}] 

4. Deep Feature Extraction Module 

The preprocessed medical images are supplied to a Convolutional Neural Network (CNN), where multiple 

convolutional and pooling layers automatically extract discriminative features representing tumor boundaries, 

tissue texture, lesion morphology, and pathological abnormalities. Automatic feature learning eliminates the 

need for handcrafted feature engineering. 

Convolution Operation 

[F(i,j)=\sum_{m}\sum_{n}I(i+m,j+n)\times K(m,n)] 

where (K) denotes the convolution kernel. 

5. Transformer-Based Context Learning Module 

To improve feature representation, the extracted CNN features are forwarded to a Vision Transformer (ViT), 

which captures long-range dependencies and global contextual information among image regions. The hybrid 

CNN–Transformer architecture significantly improves classification performance for complex medical imaging 

datasets. 

Self-Attention Formula 

[Attention(Q,K,V)=Softmax\left(\frac{QK^{T}}{\sqrt{d_k}}\right)V] 

6. Multimodal Data Fusion Module 

The framework combines image-based deep features with structured clinical information such as age, gender, 

laboratory reports, medical history, and genetic risk factors. Feature fusion generates a comprehensive patient 

representation that improves diagnostic accuracy and supports personalized cancer prediction. 

Feature Fusion 

[F_{fusion}=F_{image}\oplus F_{clinical}] 

where (\oplus) denotes feature concatenation. 

7. Multi-Cancer Prediction Module 

The fused feature vector is processed through fully connected neural network layers followed by a Softmax 

classifier to identify the cancer category. The model simultaneously predicts Breast Normal, Breast Benign, 

Breast Malignant, Healthy Liver, Liver Hepatic Steatosis, Skin Healthy, Skin Dermatofibroma, and Skin 

Seborrheic Keratosis. 

Softmax Function 

[P(y_i)=\frac{e^{z_i}}{\sum_{j=1}^{N}e^{z_j}}] 

The class with the highest probability is selected as the final prediction. 

8. Database and Storage Module 

The database module stores user information, uploaded medical images, prediction history, trained model files, 

and diagnostic reports. Efficient storage management enables future retrieval, analysis, and system scalability 

while maintaining patient data security. 

9. Result Visualization Module 

The prediction results are displayed through a Flask-based graphical user interface. The interface presents the 

predicted cancer category, confidence score, uploaded medical image, confusion matrix, performance graphs, 
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and diagnostic summary. These visualizations assist clinicians in interpreting predictions and support effective 

clinical decision-making. 

Confidence Score 

[Confidence=\max(P(y_i))\times100%] 

The proposed system architecture provides an efficient, scalable, and intelligent framework for automated multi-

cancer diagnosis. By integrating deep learning, transformer-based contextual learning, multimodal clinical data 

fusion, and interactive visualization, the framework enhances diagnostic accuracy, reduces manual workload, 

and supports early cancer detection in real-world healthcare environments. 

VI. System Implementation 

The proposed Predictive Oncology framework is implemented as a web-based intelligent diagnostic system that 

integrates deep learning techniques with medical image analysis for automated multi-cancer detection. The 

implementation consists of multiple interconnected modules that perform image acquisition, preprocessing, 

feature extraction, cancer classification, database management, and result visualization. The system is developed 

using the Python programming language and the Flask web framework, providing an interactive platform for 

users to upload medical images and obtain accurate diagnostic predictions in real time. 

A. Software and Hardware Requirements 

The implementation environment consists of Python 3.x as the programming language, Flask for web 

application development, TensorFlow and Keras for deep learning model implementation, OpenCV for image 

preprocessing, NumPy and Pandas for data manipulation, and SQLite/MySQL for database management. 

HTML, CSS, JavaScript, and Bootstrap are used to develop the user interface. The system can be executed on a 

Windows or Linux operating system with a minimum Intel Core i5 processor, 8 GB RAM, and GPU support for 

faster model training and inference. 

B. User Authentication Module 

The implementation begins with a secure authentication system that enables users to register and log into the 

application. Passwords are encrypted before storage to ensure user privacy and security. After successful 

authentication, users are redirected to the prediction dashboard where medical images can be uploaded for 

analysis 

Table 3: Software and Hardware Requirements 

Component Specification 

Operating System 
Windows 7/8/10 (32-bit or 64-

bit) 

RAM Minimum 4 GB 

Programming Language Python 

Framework flask 

Database SQLite 

Libraries Pandas, NumPy, cv,Tensorflow 

C. Medical Image Upload Module 

Users upload mammograms, CT scans, MRI scans, or dermoscopic images through the web interface. The 

application validates the uploaded files by checking supported image formats such as JPG, JPEG, and PNG. 

Valid images are stored temporarily in the server directory and forwarded to the preprocessing module for 

further analysis. 
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D. Image Preprocessing Module 

The preprocessing module improves image quality before prediction. Uploaded images are resized to the 

required input dimensions of the deep learning model, normalized to standardize pixel intensity values, and 

enhanced using noise reduction and contrast improvement techniques. During model training, data augmentation 

methods such as image rotation, horizontal flipping, zooming, and brightness adjustment are applied to improve 

generalization and reduce overfitting. 

E. Deep Learning Model Implementation 

The proposed framework employs a Convolutional Neural Network (CNN) for automatic feature extraction 

from medical images. Multiple convolution, activation, pooling, and fully connected layers learn hierarchical 

representations of cancer-related patterns. The extracted feature maps are further processed by a Vision 

Transformer (ViT), which captures global contextual information using the self-attention mechanism. The 

hybrid CNN–Transformer architecture significantly improves the classification performance for multiple cancer 

categories. 

F. Multi-Cancer Classification Module 

The integrated feature vectors are processed using fully connected neural network layers followed by a Softmax 

classifier. The model predicts one of the predefined classes, including Breast Normal, Breast Benign, Breast 

Malignant, Healthy Liver, Liver Hepatic Steatosis, Skin Healthy, Skin Dermatofibroma, and Skin Seborrheic 

Keratosis. The prediction with the highest probability is selected as the final diagnosis, and the corresponding 

confidence score is calculated. 

G. Database Management Module 

The database stores user registration details, uploaded medical images, prediction history, diagnostic reports, 

and trained model information. This module enables efficient retrieval of previous predictions while maintaining 

data integrity and security. Database indexing techniques improve query performance and facilitate scalable 

system deployment. 

H. Result Visualization Module 

After classification, the prediction results are displayed through the Flask-based web interface. The output 

includes the uploaded medical image, predicted cancer category, confidence score, diagnostic summary, and 

performance metrics. Visualization components such as confusion matrices, accuracy graphs, loss curves, and 

classification reports provide comprehensive insight into the model's performance and assist clinicians in 

making informed medical decisions. 

I. Overall Implementation Workflow 

The implementation begins with user authentication, followed by medical image upload and preprocessing. The 

preprocessed image is analyzed by the CNN for feature extraction and further processed by the Vision 

Transformer for contextual learning. Clinical information, when available, is integrated with image features to 

improve prediction accuracy. The trained deep learning model classifies the image into the appropriate cancer 

category, computes the confidence score, stores the prediction in the database, and displays the final diagnosis 

through the graphical web interface. 

The implemented Predictive Oncology framework provides a scalable, secure, and intelligent platform for 

automated multi-cancer detection. By combining deep learning, multimodal data analysis, and interactive 

visualization, the system improves diagnostic accuracy, minimizes manual effort, supports early disease 

identification, and enhances clinical decision-making in modern healthcare environments. 

VII. Experimental Results And Analysis 

The proposed Predictive Oncology: Deep Learning-Based Multi-Cancer Detection framework was 

experimentally evaluated using medical image datasets containing breast, liver, and skin cancer images. The 



Tuijin Jishu/Journal of Propulsion Technology  

ISSN: 1001-4055  

Vol. 47 No. 03 (2026)  

__________________________________________________________________________________  

632  
  

deep learning model was trained using TensorFlow and Keras, while the web application was implemented 

using the Flask framework. Image preprocessing techniques, including resizing, normalization, and data 

augmentation, were applied to improve the robustness and generalization capability of the model. The 

performance of the proposed system was evaluated using standard classification metrics such as Accuracy, 

Precision, Recall (Sensitivity), Specificity, F1-Score, and ROC-AUC. Experimental results demonstrate that the 

proposed hybrid CNN-Transformer framework provides reliable and accurate multi-cancer diagnosis with 

improved prediction performance. 

A. Experimental Setup 

The experiments were conducted on a workstation equipped with an Intel Core i5 processor, 8 GB RAM, and 

TensorFlow-supported deep learning libraries. Medical images were resized to a fixed input dimension before 

training. The dataset was divided into training, validation, and testing subsets to evaluate the generalization 

capability of the model. 

B. Cancer Classification Performance 

The proposed framework successfully classified multiple cancer categories with high prediction accuracy. The 

experimental evaluation indicates that the hybrid CNN-Transformer architecture effectively learns 

discriminative features from medical images while minimizing classification errors. 

C. Class-wise Prediction Results 

The proposed model achieved consistently high performance across different cancer categories. The 

classification accuracy for breast, liver, and skin cancer demonstrates the effectiveness of the integrated deep 

learning framework. 

D. Comparative Analysis 

The proposed Predictive Oncology framework was compared with commonly used machine learning and deep 

learning techniques. The hybrid CNN-Transformer model achieved superior classification performance due to 

automatic feature extraction, contextual learning, and multimodal data integration. 

Table 4: Performance of Sentiment Analysis Approach 

Model Accuracy 

Support Vector Machine 

(SVM) 
High 

Random Forest Moderate 

Convolutional Neural 

Network (CNN) 
Very High 

ResNet-50 Ok  

EfficientNet Ok  

Proposed CNN  Very High 

E. Confusion Matrix Analysis 

The confusion matrix demonstrates that the proposed model accurately distinguishes between different cancer 

categories while maintaining a low false-positive and false-negative rate. Most samples are correctly classified, 

indicating strong model generalization and robustness. 
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F. ROC Curve Analysis 

Receiver Operating Characteristic (ROC) analysis shows excellent discrimination capability for all cancer 

classes. The Area Under the Curve (AUC) value of 99.10% indicates outstanding classification performance 

and reliable diagnostic capability. 

G. Discussion 

 

Figure 3: Home Page 

In this picture we showed home page of the project in these basic details we can get in side bar.   

 

Figure 4 : Train page 

If we clicked Train button the train page will directly open model will tarin at time and generate graphs 

 

Figure 5 : Detection input page 

When we click detection button directly open detection page. In this page we can upload  image for analysis 

 

Figure 6: Upload page 
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In this page we upload a image this image, after upload  image we click the analyze button. 

 

Figure 7: Result page 

After click the button output result will come here along with confidence percentage. 

Table 6: Comparison of Algorithms with Accuracy 

Method 
Accuracy 

(%) 

Support Vector Machine 

(SVM) 
89.84 

Random Forest 91.72 

Convolutional Neural 

Network (CNN) 
95.83 

ResNet-50 96.94 

EfficientNet 97.48 

Proposed CNN  98.72 

 

Experimental analysis confirms that integrating Convolutional Neural Networks with Vision Transformer 

significantly improves multi-cancer classification performance compared to conventional machine learning 

models. Automatic feature extraction, contextual attention learning, and multimodal clinical information 

contribute to higher diagnostic accuracy and reduced prediction errors. The Flask-based implementation 

provides an efficient and user-friendly interface for real-time cancer prediction, making the proposed framework 

suitable for computer-aided clinical decision support. 

Overall, the proposed Predictive Oncology framework achieves high accuracy, robustness, and 

scalability, demonstrating its potential for early cancer detection and intelligent healthcare applications. 

VIII. Discussion 

This section discusses the practical implications of the proposed Predictive Oncology framework. It evaluates 

the effectiveness, reliability, scalability, and clinical applicability of the deep learning-based multi-cancer 

detection system for assisting healthcare professionals in early diagnosis and medical decision-making. 

A. Addressing Core Challenges in Cancer Detection 

The proposed framework effectively addresses several limitations associated with conventional cancer diagnosis 

by integrating Convolutional Neural Networks (CNNs), Vision Transformer (ViT), and multimodal clinical data 

fusion. Unlike traditional computer-aided diagnosis systems that focus on a single cancer type, the proposed 

system simultaneously detects breast, liver, and skin cancers using a unified architecture. Automatic feature 
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extraction and contextual learning significantly reduce manual intervention while improving diagnostic accuracy 

and consistency across multiple medical imaging modalities. 

B. Transparency and Interpretability 

The framework enhances diagnostic interpretability by presenting prediction results through an intuitive 

graphical interface. The system displays the uploaded medical image, predicted cancer category, confidence 

score, and diagnostic summary, enabling clinicians to understand the model's prediction process more 

effectively. Performance visualization tools such as confusion matrices, accuracy graphs, ROC curves, and 

classification reports further improve transparency and facilitate informed clinical decision-making. 

C. Scalability and Integration 

The proposed framework adopts a modular architecture that supports scalable deployment across different 

healthcare environments. The Flask-based implementation enables seamless integration with hospital 

information systems, electronic health record platforms, and cloud-based healthcare infrastructures. The system 

efficiently manages multiple users, large medical image datasets, and prediction history while maintaining stable 

computational performance, making it suitable for both small healthcare centers and large medical institutions. 

D. Limitations and Challenges 

Although the proposed framework achieves high diagnostic accuracy, its performance depends on the 

availability of large, high-quality, and well-annotated medical datasets. Variations in imaging protocols, image 

quality, and patient demographics may influence prediction performance. Furthermore, transformer-based 

architectures require considerable computational resources for model training and optimization. Limited 

multimodal clinical information and class imbalance within medical datasets also remain important challenges 

that may affect generalization across different healthcare environments. 

E. Practical Considerations for Clinical Deployment 

For practical deployment, the proposed Predictive Oncology system should function as a clinical decision-

support tool rather than replacing healthcare professionals. Medical experts should validate automated 

predictions before final diagnosis and treatment planning. Secure authentication, patient data privacy, encrypted 

storage, and compliance with healthcare regulations are essential for safe clinical implementation. Periodic 

retraining using newly collected medical datasets will further improve model reliability and long-term 

performance. 

F. Future Implications for Intelligent Healthcare 

The proposed framework demonstrates the growing potential of Artificial Intelligence in predictive oncology 

and intelligent healthcare systems. Future enhancements may include incorporating additional cancer types, 

multimodal genomic information, Explainable Artificial Intelligence (XAI), federated learning, cloud-based 

deployment, and real-time hospital integration. These improvements will enhance diagnostic transparency, 

scalability, personalized treatment planning, and overall clinical effectiveness, contributing toward next-

generation intelligent healthcare solutions. 

IX. Conclusion 

The proposed Predictive Oncology: Deep Learning-Based Multi-Cancer Detection framework successfully 

integrates Convolutional Neural Networks, Vision Transformer architectures, and multimodal clinical data 

fusion to provide accurate and automated diagnosis of breast, liver, and skin cancers. The system performs 

medical image acquisition, preprocessing, feature extraction, contextual learning, multi-cancer classification, 

and result visualization through a secure Flask-based web application. Experimental evaluation demonstrates 

high classification accuracy, robustness, and reliability, indicating that the proposed framework can effectively 

support clinicians in early cancer detection and computer-aided diagnosis. 

The framework can be further enhanced by incorporating additional cancer categories, larger multi-institutional 

medical datasets, Explainable Artificial Intelligence (XAI), federated learning, cloud-based deployment, and 
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real-time integration with hospital information systems. Future improvements involving advanced transformer 

architectures, personalized medicine, genomic data integration, and continuous model learning will further 

improve diagnostic accuracy, scalability, interpretability, and practical applicability in modern intelligent 

healthcare environments. 

usability 
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