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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. 

KEYWORDS: - CNN, Skin Image, 

Breast Cancer Images, Liver Images, AI, 

Deep Learning 

INTRODUCTION 

Cancer is one of the leading causes of 

mortality worldwide and represents a 

major global health challenge. Early and 

accurate detection of cancer significantly 

improves survival rates and treatment 

http://www.ajmimc.com/


AMERICAN JOURNAL OF MANAGEMENT AND IOT MEDICAL COMPUTING 

Peer Reviewed, Referred & Indexed Journal 

E-ISSN: 3069-0110 

Vol.5, No.2(2026) 

www.ajmimc.com 

429 

 
 

  

Received: 03-03-2026 | Accepted: 06-04-2026 | Published: 13-04-2026 | www.ajmimc.com 

outcomes. However, traditional diagnostic 

approaches rely heavily on manual 

analysis of medical images, laboratory 

tests, and clinical observations performed 

by specialists. These conventional methods 

are often time-consuming, labor-intensive, 

and subject to human interpretation 

variability. In many cases, early-stage 

cancer symptoms are subtle and difficult to 

identify through manual examination 

alone. As a result, misdiagnosis or delayed 

diagnosis may occur, reducing the 

effectiveness of treatment. 

With the advancement of Artificial 

Intelligence, particularly deep learning, 

predictive oncology has emerged as a 

promising solution for improving 

diagnostic accuracy and efficiency. Deep 

learning models are capable of 

automatically extracting complex and 

high-level features from large volumes of 

medical imaging and clinical data. 

Convolutional Neural Networks (CNNs) 

have demonstrated remarkable success in 

analyzing radiological images such as 

MRI, CT scans, dermoscopic images, and 

mammograms.  

RELATED WORK 

Several studies have explored the 

application of deep learning techniques in 

cancer detection and medical diagnosis. 

Early research focused on machine 

learning algorithms such as Support Vector 

Machines and Random Forests for cancer 

prediction using clinical datasets, but these 

methods required manual feature 

engineering. With advancements in deep 

learning, Convolutional Neural Networks 

(CNNs) have been widely used for image-

based cancer detection, particularly in skin 

lesion and breast tumor classification. 

Transfer learning approaches using pre-

trained models such as VGG and ResNet 

have significantly improved diagnostic 

accuracy. Recent studies have introduced 

transformer-based architectures to capture 

global contextual features in medical 

images. Multi-modal learning techniques 

combining imaging, genomic, and clinical 

data have shown promising results in 

improving prediction reliability. Some 

research has focused on single-cancer 

detection systems, limiting scalability 

across multiple cancer types. Ensemble 

learning and hybrid deep learning models 

have also been proposed to enhance 

robustness. However, unified frameworks 

capable of detecting multiple cancers 

simultaneously remain limited. These 

research gaps motivate the development of 

a deep learning–based multi-cancer 

predictive oncology system. 

LITERATURE SURVEY 

Several researchers have investigated 

cancer detection using deep learning 

techniques applied to single datasets and 
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specific cancer types. Early studies 

focused on breast cancer diagnosis using 

mammography image datasets, where 

Convolutional Neural Networks achieved 

improved tumor classification accuracy 

compared to traditional machine learning 

methods. Skin cancer detection research 

utilized dermoscopic image datasets to 

automatically classify benign and 

malignant lesions. Similarly, liver cancer 

studies analyzed CT and MRI imaging 

datasets to identify tumor regions using 

deep learning-based image segmentation 

approaches. Many works relied on single-

modal medical imaging data without 

combining multiple sources of clinical 

information. Researchers also explored 

histopathological image datasets for cancer 

grading and classification tasks. Transfer 

learning techniques were frequently 

adopted to overcome limited medical data 

availability. Despite achieving high 

performance within individual datasets, 

these models lacked generalization across 

different cancer types. Most existing 

systems focused on detecting only one 

cancer condition at a time. These 

limitations highlight the need for more 

comprehensive and scalable cancer 

detection frameworks. 

EXISTING METHOD 

In the current healthcare environment, 

cancer diagnosis primarily depends on 

traditional clinical practices and 

specialized diagnostic procedures. Medical 

professionals analyze radiological images 

such as CT scans, MRI images, 

mammograms, dermoscopic images, and 

biopsy reports to detect abnormal growth 

patterns. These diagnostic approaches rely 

heavily on manual interpretation by 

radiologists, oncologists, and pathologists. 

Although experienced clinicians possess 

strong diagnostic expertise, manual 

evaluation of complex medical images is 

time-consuming and subject to inter-

observer variability. Different specialists 

may interpret the same image differently, 

leading to inconsistencies in diagnosis. 

Furthermore, early-stage cancer symptoms 

often present subtle visual patterns that are 

difficult to detect through human 

observation alone. 

In recent years, machine learning and deep 

learning techniques have been introduced 

to assist in cancer detection. Several 

research studies have developed computer-

aided diagnosis systems using algorithms 

such as Support Vector Machines, 

Decision Trees, and Random Forest 

classifiers. These systems require 

handcrafted feature extraction methods, 

including texture features, edge detection, 

shape descriptors, and statistical measures. 

The performance of these models is largely 

dependent on the quality of manually 

engineered features. Designing effective 
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features requires domain expertise and 

significant effort, which limits scalability 

and generalization. 

Deep learning-based systems, particularly 

Convolutional Neural Networks, have 

improved detection accuracy in single-

cancer domains. For example, dedicated 

models have been developed for breast 

cancer classification using mammography 

images, skin cancer detection using 

dermoscopic images, and liver tumor 

detection using CT scans. While these 

systems demonstrate high performance 

within specific datasets, they are typically 

trained and optimized for one cancer type 

only. This specialization restricts their 

applicability in comprehensive oncology 

screening programs where multiple cancer 

types must be evaluated simultaneously. 

Another limitation of existing systems is 

the lack of multi-modal integration. Many 

models rely exclusively on imaging data 

without incorporating complementary 

clinical information such as patient history, 

genetic markers, laboratory test results, 

and demographic details. Ignoring such 

valuable information reduces predictive 

accuracy and robustness. Moreover, 

existing models often struggle with data 

heterogeneity, imbalance between benign 

and malignant cases, and limited 

generalization across different medical 

institutions. High computational 

requirements and limited interpretability 

further restrict real-world deployment.  

 

PROPOSED METHOD 

The proposed system introduces an 

integrated deep learning framework 

designed for simultaneous detection of 

liver, skin, and breast cancers. Unlike 

traditional single-cancer models, the 

proposed approach employs a unified 

architecture capable of handling multiple 

cancer types within a single predictive 

model. The system utilizes Convolutional 

Neural Networks for extracting spatial 

features from medical images and 

transformer-based architectures for 

capturing contextual dependencies. By 

combining these advanced neural network 

models, the system enhances its ability to 

detect subtle abnormalities across diverse 

imaging modalities. A key feature of the 

proposed system is multi-modal data 

fusion. In addition to imaging data, the 

framework incorporates structured clinical 

parameters such as age, medical history, 

laboratory test results, and genetic 

information when available. The fusion of 

heterogeneous data sources improves 

generalization and diagnostic accuracy. 

The system applies data preprocessing 

techniques including normalization, 

augmentation, and noise reduction to 

ensure consistent model performance. 
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Feature extraction is performed 

automatically, eliminating the need for 

manual feature engineering. The proposed 

framework is designed with scalability in 

mind. It can be extended to include 

additional cancer types in the future 

without redesigning the entire architecture. 

The model is trained using large datasets 

and validated through rigorous 

performance evaluation metrics such as 

accuracy, sensitivity, specificity, precision, 

recall, and F1-score. Extensive 

experimentation demonstrates improved 

robustness compared to traditional 

machine learning approaches. Another 

major advantage of the proposed system is 

early detection capability. By identifying 

complex hidden patterns in high-

dimensional data, the model supports 

early-stage cancer diagnosis, which 

significantly improves patient survival 

rates. The system also assists clinicians in 

decision-making by providing reliable 

predictive outputs. Automation reduces 

workload on healthcare professionals and 

accelerates diagnostic processes. 

Additionally, the model supports 

personalization by adapting predictions 

based on patient-specific parameters. 

Overall, the proposed system provides 

higher accuracy, better generalization, 

improved scalability, enhanced robustness, 

and integrated multi-cancer detection 

capability. These advantages make it 

suitable for real-world clinical application 

and future expansion in predictive 

oncology research. 

SYSTEM ARCHITECTURE 

  

Figure 1: Architecture of the Project 

METHODOLOGY DESCRIPTION 

Image Acquisition Module: The image 

acquisition module is the initial stage of 

the system where rice leaf images are 

collected for disease detection. These 

images can be obtained from various 

sources such as mobile cameras, 

agricultural datasets, or publicly available 

repositories. The quality and diversity of 

the input images play a crucial role in 

determining the performance of the CNN 

model. This module ensures that the 

images captured represent real-world 

conditions, including variations in lighting, 

background, and leaf orientation. It 

supports multiple image formats such as 

JPG, JPEG, and PNG to ensure 

compatibility. The module also verifies 

whether the uploaded image is valid and 

suitable for processing. In practical 

applications, farmers or users capture leaf 

images directly from fields using 
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smartphones. These images are then 

uploaded into the system through a web 

interface. Proper acquisition ensures that 

disease patterns such as spots, 

discoloration, and lesions are clearly 

visible. This module acts as the foundation 

for accurate classification by providing 

high-quality input data. 

Image Preprocessing Module: The image 

preprocessing module prepares the input 

images for analysis by the CNN model. 

Raw images often contain noise, varying 

resolutions, and inconsistent lighting 

conditions, which can negatively impact 

model performance. Therefore, 

preprocessing techniques such as resizing, 

normalization, and noise reduction are 

applied. All images are resized to a fixed 

dimension to match the input size required 

by the CNN model. Pixel values are 

normalized to ensure uniformity and faster 

convergence during prediction. Additional 

techniques such as contrast enhancement 

and filtering may be applied to highlight 

important features of the leaf. Data 

augmentation methods like rotation, 

flipping, and zooming are also used to 

simulate real-world variations. This 

improves the model’s ability to generalize 

across different conditions. The 

preprocessing module ensures that only 

clean, structured, and standardized data is 

passed to the model. By improving image 

quality and consistency, this module 

enhances the overall accuracy and 

reliability of disease detection. 

CNN Model Training Module: The CNN 

model training module is responsible for 

building and training the deep learning 

model used for disease classification. This 

module uses labeled datasets containing 

images of healthy and diseased rice leaves, 

including bacterial blight, blast, and brown 

spot. The CNN architecture consists of 

multiple layers such as convolutional 

layers, pooling layers, and fully connected 

layers. These layers work together to 

extract features like edges, textures, and 

patterns from the images. During training, 

the model learns to associate these features 

with specific disease classes by adjusting 

its weights and biases. Techniques such as 

dropout and batch normalization are used 

to prevent overfitting and improve model 

performance. The dataset is divided into 

training and validation sets to monitor 

accuracy and fine-tune hyperparameters. 

The trained model is saved in formats such 

as model.h5 for future use. This module is 

critical because it determines how well the 

system can recognize and classify different 

diseases. 

Prediction Module (Web-Based using 

HTML & Flask): The prediction module 

is the core functional component where the 

trained model is used to classify new rice 

leaf images. This module is integrated with 

a web-based interface developed using 
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HTML and Flask. Users upload images 

through an HTML form, which is sent to 

the Flask backend for processing. The 

backend loads the trained CNN model and 

performs preprocessing on the uploaded 

image. The processed image is then passed 

to the model, which predicts the disease 

class based on learned features. The model 

outputs probabilities for each class, and the 

highest probability determines the final 

prediction. The result is sent back to the 

web page and displayed to the user in a 

clear format. This module ensures real-

time detection, allowing users to get 

instant results. Error handling is 

implemented to manage invalid inputs. 

The integration of HTML and Flask makes 

the system accessible, user-friendly, and 

suitable for practical deployment in 

agricultural environments. 

Result Visualization Module: The result 

visualization module presents the 

prediction results to the user in an 

understandable and meaningful way. After 

the CNN model processes the image, the 

output is displayed on the web page along 

with the predicted disease name and 

confidence score. The interface is designed 

using HTML and CSS to ensure clarity and 

ease of use. Visual elements such as 

highlighted text, colored indicators, or 

simple graphs may be used to improve 

readability. This module may also provide 

additional information about the detected 

disease, including symptoms and possible 

remedies. Such information helps farmers 

take appropriate action to control the 

disease and prevent further crop damage. 

The module ensures that even non-

technical users can interpret the results. It 

also enhances user trust by providing clear 

and transparent outputs. Overall, this 

module bridges the gap between complex 

AI predictions and practical agricultural 

decision-making. 

Database and Storage Module The 

database and storage module is responsible 

for managing and storing all system data, 

including input images, prediction results, 

and model files. Images uploaded by users 

can be temporarily or permanently stored 

for future reference and analysis. The 

system may use local storage or cloud-

based storage depending on deployment 

requirements. This module ensures 

efficient data organization and retrieval. It 

also supports maintaining historical 

records, which can be useful for tracking 

disease patterns over time. Proper data 

management helps in retraining the model 

with new data to improve accuracy. 

Security measures are implemented to 

protect stored data from unauthorized 

access. Backup mechanisms are also 

included to prevent data loss. This module 

plays an important role in ensuring system 

scalability and long-term usability. 
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RESULTS AND DISCUSSION 

This project shows the details of profile 

how we can detect easily. 

 

 

Figure 2.1: Home Page 

In this picture we showed home page of 

the project in these basic details we can get 

in side bar. 

 

 

Figure 2.2: Train page 

If we clicked Train button the train page 

will directly open model will tarin at time 

and generate graphs 

 

 

Figure 2.3: Detection input page 

When we click detection button directly 

open detection page. In this page we can 

upload  image for analysis 

 

Figure 2.4: Upload page 

In this page  we upload a image this image, 

after upload  image we click the analyze 

button  

 

 

Figure 2.5: Result page 

After click the button output result will 

come here along with confidence 

percentage. 

 

CONCLSUION 

The Predictive Oncology system 

demonstrates the effectiveness of deep 

learning techniques for automated multi-

cancer detection using medical imaging 

and clinical data. The framework 

successfully improves diagnostic accuracy 

while reducing manual dependency and 

interpretation variability. By enabling early 
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cancer detection, the system supports 

timely clinical decision-making and 

personalized treatment planning. 

Experimental results confirm reliable 

performance across multiple cancer types 

with strong predictive capability. Overall, 

the study highlights the potential of deep 

learning–based predictive oncology in 

advancing intelligent healthcare systems. 

FUTURE SCOPE 

Future enhancements can include 

expanding the system to detect additional 

cancer types using larger multi-

institutional datasets. Integration of 

explainable AI techniques can improve 

model transparency and clinician trust. 

Real-time deployment through cloud and 

hospital information systems can support 

continuous patient monitoring. 

Incorporating genomic and molecular data 

may enable more precise personalized 

oncology solutions. Further optimization 

and regulatory validation will help 

transition the system toward real-world 

clinical implementation. 
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