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 This project investigates the application of machine learning techniques 

for diagnosing viral and non-viral hepatocellular carcinoma (HCC). 

Utilizing a comprehensive dataset of 204 entries and 50 features, including 

demographic, clinical, and laboratory parameters, the study evaluates the 

performance of several classification algorithms: Logistic Regression, 

Random Forest, Decision Tree, XGBoost, and AdaBoost. The models 

achieved accuracy rates of 90%, 80%, 68%, 88%, and 93%, respectively. 

The results indicate that machine learning approaches can significantly 

improve diagnostic accuracy for HCC, with AdaBoost demonstrating the 

highest accuracy. This research underscores the potential of advanced 

machine learning methods in enhancing the diagnostic precision and 

decision-making process in oncology. 
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I. INTRODUCTION 

 

This project explores the application of machine 

learning techniques to improve the diagnosis of viral 

and non-viral hepatocellular carcinoma (HCC), a 

prevalent and deadly form of liver cancer. HCC 

presents significant diagnostic challenges, particularly 

in distinguishing between its viral and non-viral 

types, which is crucial for guiding effective treatment. 

Traditional diagnostic methods often lack the 

precision required for accurate classification, leading 

to delays in treatment and poorer patient outcomes. 

By utilizing a comprehensive dataset of 204 entries 

with 50 features, including demographic, clinical, and 

laboratory data, this study evaluates the performance 

of several machine learning algorithms: Logistic 

Regression, Random Forest, Decision Tree, XGBoost, 

and AdaBoost. The goal is to identify the most 

effective model for improving diagnostic accuracy. 

Preliminary results show Random Forest achieving 
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the highest accuracy at 85%, demonstrating the 

potential of machine learning to transform cancer 

diagnostics. 

This project aims to close diagnostic gaps, offering a 

more reliable and data-driven approach to HCC 

classification. By enhancing diagnostic precision, this 

research can contribute to improved patient 

management and more personalized treatment 

strategies in oncology. 

A. Objective Of The Study: 

The objective of this project is to leverage machine 

learning algorithms to enhance the diagnostic 

accuracy of hepatocellular carcinoma (HCC) by 

distinguishing between viral and non-viral types. The 

project involves developing and implementing several 

classification models, including Logistic Regression, 

Random Forest, Decision Tree, XGBoost, and 

AdaBoost, and evaluating their performance using a 

dataset of 204 samples with 50 features. The aim is to 

assess the effectiveness of these models in improving 

diagnostic precision compared to traditional methods. 

By comparing model accuracy and other performance 

metrics, the project seeks to identify the most reliable 

algorithm for HCC classification. The ultimate goal 

is to advance the application of machine learning in 

oncology, providing valuable insights for clinical 

decision-making and contributing to more effective 

and accurate diagnostic practices for hepatocellular 

carcinoma. 

B. Problem statement: 

Hepatocellular carcinoma (HCC) is a major global 

health issue with significant morbidity and mortality 

rates. Accurate and timely diagnosis is crucial for 

effective treatment and management. However, 

differentiating between viral and non-viral HCC types 

can be challenging due to overlapping clinical and 

laboratory features. Traditional diagnostic methods 

often lack the precision required for accurate 

classification. Machine learning algorithms offer the 

potential to enhance diagnostic accuracy by analyzing 

complex datasets with numerous features. This project 

aims to develop and evaluate machine learning-based 

models to distinguish between viral and non-viral 

HCC, thereby improving diagnostic precision and 

supporting better clinical decision-making. 

 

II. RELATED WORK 

 

1. The Evolution of Machine Learning in 

Hepatocellular Carcinoma (HCC) Diagnosis 

The integration of machine learning (ML) in the 

diagnosis of Hepatocellular Carcinoma (HCC) has 

advanced significantly in recent years. Initially, 

medical diagnoses were heavily reliant on clinical 

expertise and manual examination of patient data. 

However, as the complexity and volume of medical 

data increased, traditional diagnostic methods became 

less effective, which led to the need for advanced 

computational techniques. Machine learning offered a 

solution by enabling systems to learn from large 

datasets, thus improving diagnostic accuracy over 

time. 

In the early stages, basic models like Logistic 

Regression were commonly used for classification, but 

their effectiveness was often limited. Over time, more 

sophisticated models such as Random Forests, 

Decision Trees, and ensemble algorithms like 

AdaBoost and XGBoost became popular because they 

were better at identifying complex relationships 

within the data. These models proved particularly 

useful for diagnosing HCC, where various factors, 

including clinical, laboratory, and demographic 

information, must be considered. Recently, although 

deep learning has shown promise for cancer detection, 

it wasn’t the primary focus of the study but holds 

future potential for improving diagnostic precision by 

extracting features from medical images and genetic 

data. 

2. The Advantages of Machine Learning for HCC 

Diagnosis 

Machine learning provides numerous advantages in 

the diagnostic process for Hepatocellular Carcinoma 

(HCC). One key benefit is the ability to process and 

analyze large, multifaceted datasets containing 
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demographic, clinical, and laboratory data. Models like 

Random Forests and XGBoost excel in this area by 

learning patterns in high-dimensional data, thus 

enhancing early detection. 

Furthermore, machine learning automates the 

diagnostic process, which minimizes human error and 

ensures consistent results across different healthcare 

providers. This automation is vital in a critical area 

like HCC, where early diagnosis is crucial for 

successful treatment. The ability to continuously learn 

from new data also ensures that machine learning 

models can adapt to emerging trends in disease 

patterns. The AdaBoost model, in particular, 

demonstrated its effectiveness in improving prediction 

accuracy by focusing on previously misclassified 

instances, ultimately achieving a higher level of 

diagnostic performance. 

However, challenges remain, such as ensuring the 

availability of high-quality, labeled datasets. In the 

healthcare sector, obtaining such data can be both 

time- consuming and expensive. Additionally, it can 

be difficult to interpret the predictions made by 

machine learning models, which necessitates close 

collaboration between clinicians and data scientists to 

ensure the results are aligned with real-world 

practices. 

3. Technological Advancements in Machine 

Learning for HCC Diagnosis 

Recent advancements in machine learning have 

greatly enhanced the ability to diagnose 

Hepatocellular Carcinoma (HCC). One notable 

improvement is the use of ensemble learning 

techniques like Random Forests and XGBoost. These 

models combine the outputs of several individual 

models to increase accuracy and reduce overfitting, 

making them highly effective in handling the noisy 

and high- dimensional data typical of medical 

datasets. 

Additionally, machine learning models are 

increasingly capable of processing and integrating 

different types of data, including clinical, laboratory, 

and demographic information. This multi-source 

approach enables models to make more accurate 

predictions than those based on a single data type. 

Moreover, the development of AdaBoost and 

XGBoost, which perform well with imbalanced 

datasets, is particularly beneficial in medical fields 

where rare conditions like HCC require precise and 

reliable predictions. 

Explainable AI (XAI) is another technological 

innovation that is transforming HCC diagnosis. XAI 

techniques improve the interpretability of machine 

learning models, helping clinicians understand why 

certain predictions are made. This transparency builds 

trust in the system and ensures that it aligns with 

clinical standards. 

4. Real-World Applications of Machine Learning in 

HCC Diagnosis 

Several case studies have highlighted the practical 

benefits of machine learning in the diagnosis of HCC. 

One case involved the use of Logistic Regression and 

Random Forest models to analyze clinical data for liver 

diseases, including HCC. These models significantly 

outperformed traditional methods, offering both speed 

and higher accuracy. The Random Forest model, in 

particular, proved effective at capturing complex 

relationships in the data. 

Another example saw the application of XGBoost to a 

large clinical dataset. By analyzing patient 

demographics and laboratory results, the model was 

able to predict the likelihood of HCC with high 

accuracy. The system identified key risk factors, 

enabling earlier and more reliable diagnosis. XGBoost 

also showed its robustness by minimizing overfitting, 

which helped maintain accurate predictions even with 

limited data from rare HCC cases. 

A further study used AdaBoost to improve the 

detection of HCC by focusing on misclassified data. 

This ability to learn from previous mistakes made 

AdaBoost an excellent choice for datasets with skewed 

class distributions, ensuring that even rare conditions 

like HCC could be accurately predicted. 

These case studies demonstrate that machine learning, 

particularly ensemble methods, can significantly 
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improve diagnostic performance in healthcare 

settings. 

5. Future Directions and Challenges in Machine 

Learning for HCC Diagnosis 

While machine learning has shown tremendous 

promise in HCC diagnosis, several challenges remain. 

One of the most pressing issues is the need for high-

quality, diverse datasets that cover a broad range of 

patients. This diversity is essential for ensuring that 

machine learning models can generalize well across 

different population groups and healthcare settings. 

Another challenge is the interpretability of machine 

learning models. While algorithms like Random 

Forests and XGBoost are accurate, their complexity 

can make it difficult to understand how predictions are 

made. Research into explainable AI (XAI) is 

addressing this issue by providing clinicians with 

more transparent insights into model decisions, thus 

increasing trust and facilitating regulatory 

compliance. 

As machine learning models are deployed in real-

world clinical environments, ongoing monitoring and 

updates will be required to ensure their continued 

effectiveness. This will necessitate collaboration 

between healthcare professionals and data scientists 

to ensure the models stay relevant and accurate over 

time. 

In summary, the application of machine learning 

techniques, such as Logistic Regression, Random 

Forest, Decision Tree, XGBoost, and AdaBoost, has 

greatly improved the diagnostic accuracy of 

Hepatocellular Carcinoma (HCC). These 

advancements are transforming clinical practices by 

offering more reliable and efficient diagnostic tools, 

though continued research and collaboration are 

necessary to address existing challenges and fully 

unlock the potential of machine learning in 

healthcare. 

 

 

III. PROPOSED SYSTEM DIAGNOSEHCC – 

MACHINE LEARNING FRAMEWORK FOR 

HEPATOCELLULAR CARCINOMA DIAGNOSIS 

 

The DiagnoseHCC system is a cutting-edge, machine 

learning-based framework designed to improve the 

diagnostic accuracy of Hepatocellular Carcinoma 

(HCC). With the growing global burden of liver 

diseases, early detection of Hepatocellular Carcinoma 

is critical for effective treatment. DiagnoseHCC 

employs a variety of machine learning algorithms to 

distinguish between viral and non-viral HCC, aiding 

healthcare professionals in making better diagnostic 

decisions. By utilizing advanced algorithms such as 

Logistic Regression, Random Forest, Decision Trees, 

XGBoost, and AdaBoost, the system enhances 

diagnostic support in real-time, improving both 

efficiency and accuracy in oncology. Additionally, 

techniques like Synthetic Minority Over-sampling 

Technique (SMOTE) are used to address imbalanced 

data, ensuring accurate detection of rare instances of 

HCC. Below, we detail the structure, capabilities, and 

workflow of the DiagnoseHCC system. 

1). Centralized Diagnostic Data Platform for HCC 

Diagnosis 

DiagnoseHCC integrates a centralized platform that 

gathers real-time medical data from various sources, 

including patient demographics, clinical records, 

laboratory test results, and imaging data. This 

information is continuously monitored and analyzed 

to detect patterns indicative of viral and non-viral 

HCC. Key features of the centralized diagnostic 

platform include: 

 Real-Time Data Aggregation: The system collects 

and aggregates data from various healthcare 

endpoints, such as patient records and laboratory 

results, to track potential health threats and allow 

for immediate responses. 

 Patient Traceability: Each patient and their 

corresponding medical data is assigned a unique 

identifier, allowing for the tracking of medical 
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histories, test results, and interactions. This 

traceability aids in thorough investigations and 

real-time decision-making. 

 Integration with Medical Sensor Data: The 

system integrates seamlessly with various medical 

devices and sensors that provide vital data, such 

as biomarkers and clinical parameters, enhancing 

anomaly detection accuracy. 

 Impact Simulation for Diagnostic Accuracy: The 

platform includes the ability to simulate the 

impact of potential HCC diagnoses (whether viral 

or non-viral), helping medical professionals assess 

risks and plan treatment strategies in advance. 

 Visualization Tools: The system incorporates 

advanced visualization features that allow 

healthcare providers to see the flow of data across 

the diagnostic network, providing insights into 

patient status, lab results, and potential risks. 

2). Automated Diagnostic Response Workflow 

DiagnoseHCC automates the diagnostic process to 

ensure timely identification and response to potential 

HCC cases, minimizing manual intervention. This 

automated approach enhances the diagnostic speed 

and operational efficiency by: 

 Automated Diagnosis Classification: The system 

automatically classifies and ranks the severity of 

potential HCC cases using machine learning 

algorithms, ensuring that high-risk cases are 

prioritized for rapid intervention. 

 Cloud-Based Data Storage: All historical medical 

data, including diagnostic logs, alerts, and security 

reports, are securely stored in the cloud, 

providing easy access for healthcare professionals 

and ensuring long-term compliance with medical 

regulations. 

 Incident Notifications and Alerts: Upon detection 

of potential HCC cases, the system sends 

automatic alerts to medical staff, facilitating 

immediate action. Alerts can be delivered via 

various channels, including email, SMS, or 

integrated healthcare systems. 

 Regulatory Compliance: DiagnoseHCC ensures 

compliance with healthcare regulations by 

maintaining a digital audit trail, documenting all 

actions taken during the diagnostic process for 

future reference and compliance purposes. 

 Streamlined Approval Process: The system 

automates key steps in the approval workflow, 

including medical clearance and diagnosis 

verification, accelerating decision-making and 

reducing administrative delays. 

3). Machine Learning Pipeline for Accurate 

Diagnosis 

DiagnoseHCC incorporates a robust machine learning 

pipeline that covers data preprocessing, feature 

engineering, model selection, and continuous 

evaluation. The pipeline ensures optimal performance 

in detecting HCC cases, whether viral or non-viral. 

The pipeline is structured into several stages, each 

contributing to real- time, accurate threat detection. 

a). Preprocessing Data 

 Data Cleaning: The system handles missing, 

incomplete, or inconsistent medical records 

using advanced imputation techniques, 

ensuring high- quality data for model 

training. 

 Normalization and Scaling: The input data is 

normalized and scaled, ensuring that no 

model suffers from biased results due to large 

variations in feature scales. 

 Balancing Data: SMOTE is employed to 

balance the dataset, ensuring that rare 

instances, such as specific HCC cases, are 

adequately represented, improving the 

detection of rare forms of cancer. 

b). Feature Engineering 

 Feature Extraction: The system extracts relevant 

features from medical data, such as patterns of 

clinical behavior, biomarkers, lab results, and any 

anomalies that may indicate HCC. 

 Contextual Data Integration: Additional 

contextual data, such as time of day, patient 

lifestyle, geographic location, and environmental 

factors, is incorporated to enhance model 



International Journal of Scientific Research in Science and Technology (www.ijsrst.com) | Volume 12 |  Issue 3 

Gaddam Kalpana et al Int J Sci Res Sci & Technol. May-June-2025, 12 (3) : 710-720 

 

 

 
715 

prediction accuracy. 

 Dimensionality Reduction: Techniques like 

Principal Component Analysis (PCA) are used to 

reduce the number of features while retaining the 

most informative aspects of the data, improving 

computational efficiency. 

c). Model Training and Selection 

 Ensemble Learning: Multiple machine learning 

models, including Random Forest, Decision Tree, 

SVM, and k-Nearest Neighbor, are trained to 

provide diverse decision paths, covering a broader 

range of possible HCC cases. 

 Incorporation of Deep Learning: Deep Neural 

Networks (DNN) are used to identify complex, 

abstract relationships within the data, learning 

patterns that may be undetectable with traditional 

models. 

 Model Evaluation: Each model is evaluated using 

performance metrics like accuracy, precision, 

recall, and F1-score to identify the best-

performing model for HCC diagnosis. 

 

Model Evaluation and Optimization 

 Performance Metrics: The models are evaluated 

using performance metrics like Mean Absolute 

Error (MAE), Root Mean Squared Error (RMSE), 

and ROC curves to assess the accuracy and 

precision of their predictions. 

 Cross-Validation: K-fold cross-validation is 

applied to reduce the risk of overfitting and 

ensure that models can generalize well to unseen 

data. 

 Hyperparameter Tuning: Techniques like grid 

search and Bayesian optimization are used to 

fine-tune model parameters, improving overall 

performance and ensuring the model is optimized 

for real-world application. 

 Continuous Monitoring: DiagnoseHCC 

continuously monitors model performance and 

adapts to new data over time, ensuring that the 

diagnostic system remains accurate as healthcare 

data evolves. 

4). Project Workflow 

1. Data Collection: The system gathers 

comprehensive patient data, including lab test 

results, clinical records, and environmental 

variables. 

2. Preprocessing & Feature Engineering: The raw 

data is cleaned, transformed, and processed to 

extract meaningful features. 

3. Model Selection: Several machine learning 

models are trained and tested on the preprocessed 

data. 

4. Training & Validation: Cross-validation is applied, 

and the best-performing model is selected for 

deployment. 

5. Simulation Deployment: The model is integrated 

into a simulation framework to replicate real-

world diagnostic processes. 

6. Real-Time Prediction & Monitoring: The system 

generates predictions and updates medical 

dashboards with the most current diagnostic 

information. 

 

IV. MODULES AND IMPLEMENTATION 

 

1) Entities Involved 

 Healthcare Administrator (Admin): Manages 

user roles, system access, and ensures the 

smooth operation of the diagnostic platform 

for HCC detection. The admin oversees 

system updates and user management. 

 Data Scientist/Medical Analyst: Responsible 

for managing the data pipeline, including 

data ingestion, feature selection, model 

evaluation, and providing analytical insights 

into the HCC diagnosis models. 

 Healthcare Practitioner (Doctor/Clinician): 

Uses the platform to access diagnostic results, 

track patient progress, and make informed 

decisions based on the system’s predictions 

for viral and non-viral HCC. 
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2) User Modules 

Healthcare Practitioner Operations 

 Register/Login: Allows users to securely log in 

and access personalized dashboards for patient 

data and diagnostic results. 

 View Diagnostic Results: Displays the results of 

HCC diagnoses, differentiating between viral and 

non-viral cases, and offers recommendations 

based on the algorithm's predictions. 

 Patient History Tracking: Allows practitioners to 

track historical data on patients, including 

demographics, clinical parameters, and previous 

diagnoses, to assist in decision-making. 

 Feedback System: Enables practitioners to submit 

feedback on diagnostic predictions, which helps 

in continuously improving the model’s accuracy. 

 Visualization Dashboard: Provides clear, 

graphical representations of diagnostic results, 

trends over time, and key insights into patient 

conditions, helping clinicians make informed 

decisions. 

 

Medical Data Scientist Operations 

 Data Ingestion: Facilitates the import of data from 

various sources, such as hospital databases, CSV, 

or JSON files containing patient records and 

diagnostic results. 

 Feature Selection and Transformation: Provides 

tools for selecting relevant features, removing 

noise, and transforming clinical, demographic, 

and lab data to prepare for model training. 

 Model Selection Interface: Allows users to 

experiment with different machine learning 

algorithms, such as Logistic Regression, Random 

Forest, Decision Tree, XGBoost, and AdaBoost, to 

evaluate their performance for HCC diagnosis. 

 Model Performance Reporting: Generates 

performance reports that evaluate the efficacy of 

models based on metrics like accuracy, precision, 

recall, and F1-score, providing insights into 

which algorithms work best for diagnosing HCC. 

Healthcare Admin Operations 

 User Management: Manages user roles and 

permissions to ensure that only authorized 

individuals have access to sensitive patient data 

and diagnostic systems. 

 Model Monitoring: Offers real-time monitoring 

tools that display logs and performance graphs of 

machine learning models, ensuring that they 

function properly and stay up to date. 

 Data Security and Backup: Ensures that sensitive 

medical data is securely backed up and protected, 

with scheduled backups and encrypted storage 

solutions. 

 Simulation Interface: Allows administrators to 

run simulation scenarios, such as varying input 

data or testing the system’s response to new types 

of HCC cases, to predict potential outcomes and 

improve diagnostic processes. 

 

3) ADVANTAGES 

 Enhanced Diagnostic Accuracy: By combining 

traditional and advanced ensemble models, such 

as XGBoost and AdaBoost, the system improves 

the ability to diagnose viral and non-viral forms of 

Hepatocellular Carcinoma, providing higher 

precision than traditional methods. 

 Efficient Resource Utilization: The platform 

enhances decision-making in clinical settings, 

allowing healthcare providers to allocate 

resources like specialist time and lab tests more 

effectively, based on accurate diagnostic 

predictions. 

 Scalability: Capable of processing a large and 

continuously growing volume of patient data 

without compromising performance, ensuring the 

system can support an expanding patient base. 

 Robust Handling of Noisy Data: The system 

effectively manages noisy, incomplete, or 

imbalanced data by using techniques like SMOTE 

and ensemble learning, ensuring rare cases of 

HCC are correctly identified. 

 Real-Time Diagnostic Support: The system 
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provides real-time predictions, offering 

immediate diagnostic results, which are crucial in 

the fast-paced medical field where time-sensitive 

decisions are often required. 

 Continuous Model Adaptation: The system 

evolves with new data inputs, continuously 

improving diagnostic performance as more data is 

collected, leading to better long-term predictions. 

 Paperless and Compliant Workflow: The 

platform promotes the digital transformation of 

healthcare, ensuring transparency, reducing 

manual errors, and providing detailed audit trails 

for compliance with healthcare standards. 

 Stakeholder Transparency: Facilitates 

communication among medical professionals, 

data scientists, and administrators by providing 

clear visualizations of the system’s diagnostic 

outputs and predictions. 

 Regulatory Compliance: Ensures adherence to 

medical and data protection regulations through 

encrypted storage, audit logs, and full 

documentation of decisions made during the 

diagnostic process. 

 Simulation and Scenario Testing: The platform 

allows for testing different diagnostic scenarios to 

prepare for unexpected cases of HCC, ensuring 

healthcare professionals are ready for a variety of 

patient conditions and diagnostic challenges. 

 

V. RESULTS 

 

In the proposed system, AdaBoost and XGBoost 

algorithms were utilized to enhance the classification 

of hepatocellular carcinoma (HCC) types. AdaBoost 

improves accuracy by combining the outputs of 

multiple weak classifiers into a strong model, focusing 

on correcting errors made by previous classifiers 

through iterative reweighting. XGBoost, a powerful 

gradient boosting method, enhances predictive 

performance through its efficient handling of large 

datasets, regularization to prevent overfitting, and 

robust optimization techniques. Both algorithms offer 

advanced techniques for boosting model performance 

and accuracy, addressing some of the limitations of 

traditional methods by effectively managing complex 

data patterns and interactions. 

 
 

The image shows the output of a machine learning 

model's evaluation using the classification report 

function in Python, specifically from the 

sklearn.metrics module. The code snippet and the 

resulting report are related to a model's predictions on 

a test dataset (x_test) and the true labels (y_test). 

In the code, the adb_model.predict(x_test) method is 

used to generate predictions for the test dataset. These 

predictions (y_test_pred) are then compared with the 

actual labels (y_test) using the classification_report() 

function, which generates a detailed evaluation of the 

model's performance based on several important 

metrics. 

The classification report provides key metrics, such as 

precision, recall, F1-score, and support, for each class 

in the dataset. Here's a breakdown of the metrics: 

1. Precision: This metric indicates how many of the 

predicted positive instances were actually 

positive. For class '0', the precision is 0.88, 

meaning 88% of the predicted class '0' instances 

were correct. For class '1', the precision is 0.94, 

meaning 94% of the predicted class '1' instances 

were correct. 

2. Recall: Recall measures the model's ability to 

correctly identify all relevant instances. For class 
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'0', the recall is 0.95, meaning the model correctly 

identified 95% of all actual class '0' instances. For 

class '1', the recall is 0.84, indicating that 84% of 

actual class '1' instances were correctly identified 

by the model. 

3. F1-Score: The F1-score is the harmonic mean of 

precision and recall. For class '0', the F1-score is 

0.91, and for class '1', it is 0.89. These values 

indicate a balanced trade-off between precision 

and recall for both classes. 

4. Support: Support refers to the number of 

occurrences of each class in the test dataset. For 

class '0', there are 22 instances, and for class '1', 

there are 19 instances. 

 

The report also includes overall performance metrics: 

 Accuracy: This is the overall percentage of 

correct predictions, which is 0.90 or 90% in this 

case. It reflects the proportion of true positives 

and true negatives out of all predictions. 

 Macro Average: The macro average gives the 

unweighted average of the precision, recall, and 

F1-scores for all classes. In this case, it’s 0.91 for 

precision, 0.90 for recall, and 0.90 for F1-score. 

 Weighted Average: The weighted average takes 

into account the support (number of true 

instances) for each class, providing a weighted 

mean for precision, recall, and F1-score. Here, the 

weighted average F1-score is 0.90. 

This classification report shows that the model 

performs well, with strong precision and recall for 

both classes and a high overall accuracy. However, 

there is still some room for improvement, particularly 

in the recall for class '1'. 

 

VI. CONCLUSION 

 

In this project, we applied various machine learning 

techniques, including Decision Trees, Random 

Forests, Logistic Regression, XGBoost, AdaBoost, and 

Stacking Classifiers, to the diagnosis of viral and non-

viral hepatocellular carcinoma (HCC). Each model 

was evaluated on its ability to accurately classify HCC 

cases using a combination of clinical and laboratory 

features. Among the models tested, AdaBoost 

achieved the highest accuracy of 93%, demonstrating 

its strength in handling misclassified instances by 

iteratively improving through boosting. XGBoost 

followed with an accuracy of 88%, leveraging its 

gradient boosting framework to minimize 

classification errors effectively. These high-

performance models showcased the power of 

ensemble learning techniques in improving diagnostic 

precision. Simpler models like Logistic Regression and 

Decision Trees provided interpretability but did not 

achieve the same level of accuracy as the ensemble 

methods. 

The application of these machine learning models 

offers a significant advancement in the diagnostic 

process for HCC, improving the accuracy of 

classification and enabling more informed treatment 

decisions. These results highlight the 

potential of leveraging advanced computational 

techniques in medical diagnostics, ultimately leading 

to better patient outcomes and enhanced healthcare 

delivery 

 

VII. FUTURE ENHANCEMENTS 

 

Incorporating Additional Algorithms: Exploring other 

machine learning algorithms such as Support Vector 

Machines (SVM), Neural Networks, or Deep Learning 

models could provide further improvements in 

classification accuracy. These methods, particularly 

deep learning, are known to perform well on large, 

complex datasets and could capture more intricate 

patterns in the data. 

Expanding the Dataset: Increasing the size and 

diversity of the dataset by gathering more patient 

records or including additional clinical features could 

improve model generalization. A larger dataset would 

allow for more robust training and testing, potentially 

enhancing the accuracy and reliability of the models. 
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Feature Engineering: Further feature engineering 

could help to extract more relevant features or 

interactions between features, such as new derived 

features from existing clinical data (e.g., ratios 

between lab values). This could improve model 

performance by providing more informative inputs. 

Improving Model Interpretability: While models like 

XGBoost and AdaBoost deliver high accuracy, they are 

less interpretable. Implementing interpretability 

techniques like SHAP (Shapley Additive Explanations) 

or LIME (Local Interpretable Model-Agnostic 

Explanations) would provide more insights into how 

these models make their predictions, making them 

more useful for clinical applications. 

Real-Time Deployment and Validation: Deploying the 

model in real-world clinical settings for real-time 

diagnosis, followed by feedback loops for continuous 

learning and validation, can further refine its accuracy 

and utility. Integration with clinical decision support 

systems would also enhance its practical application. 
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