e-ISSN: 2319-8753 | p-ISSN: 2347-6710

International Journal of Innovative Research in
SCIENCE | ENGINEERING | TECHNOLOGY

INTERNATIONAL J[IIIRNAI.
OF INNOVATIVE RESEARBH

IN SCIENCE | ENGINEERING | TECHNOLOGY

Volume 13, Issue 10, October 2024

‘ ‘l.\TERNATIONAL
STANDARD
.\ SERIAL Impact Factor: 8.524

NUMBER
INDIA

O 9940572 462 (O 6381907 438 % jirset@agmail.com . WWW.ijirset.com



I

ﬂq?ﬁ International Journal of Innovative Research of
[FII:XJ=j Science, Engineering and Technology (IJIRSET)

Impact
Factor

8.524

|www.ijirset.com |A Monthly, Peer Reviewed & Referred Journal| e-ISSN: 2319-8753| p-ISSN: 2347-6710|

Volume 13, Issue 10, October 2024
|DOI: 10.15680/1JIRSET.2024.1310100|

Liver Cancer Unmasked-The Power of Al
in Early Detection: A Survey

Praveen Kumar K C, Dr. Thara D K, Neha S
Research Scholar, CIT, Gubbi, Tumkur, Karnataka, India
Research Supervisor, CIT, Gubbi, Tumkur, Karnataka, India
U.G. Student, Department of Information Science and Engineering, CIT, Gubbi, Tumkur, Karnataka, India

ABSTRACT: Predicting the progression of HCC is important because this is the most common form of liver cancer,
with high mortality rates and inefficient early detection methods. This study compares the performance of various
machine learning models, including k-Nearest Neighbors, Support Vector Machine (SVM), Stochastic Gradient
Descent (SGD), Neural Networks, Naive Bayes, Logistic Regression, and Light Gradient Boosting (LGB), in predicting
the development of HCC using a publicly available dataset. Pre-processing the data included handling missing values,
encoding the data, and feature scaling before running the models. Accuracy, Area under curve, Precision, Recall and F1
score evaluation measures are employed to analyze models. Hence, according to results obtained, Maximum accuracy
belongs to Artificial Neural Networks i.e., with accuracy being up to 89%. Similarly, In case of result, Recall and F1
scores shows its peak for Random Forest model. This study demonstrates the possibility of Al-based approaches to
helping diagnose liver cancer and has suggested Neural Networks and SVM as the robust models for the predictive
accuracy, supporting early diagnosis efforts for this critical disease.

KEYWORDS: Hepatocellular Carcinoma (HCC), Liver Cancer Diagnosis, Diagnostic Tool Development, Machine
Learning in Liver Cancer, Ordinal and Nominal Data, Predictive Accuracy in Cancer, Al-Based Medical Diagnosis,
Diagnostic Accuracy and Sensitivity.

L. INTRODUCTION

Liver cancer is one of the most aggressive cancers and has contributed to significant deaths in this world. It is said that it

will account for nearly 17 million new diagnoses by 2022. Due to its development of fewer early symptoms, liver cancer
is diagnosed when the condition is very advanced despite advancements in medical technology. Liver cancer is one of
the most frequent causes of death from cancer; its incidence is mostly due to cirrhosis, hepatitis, and metabolic disorders
caused by lifestyle habits such as alcoholism and diabetes. Liver disease is a responsible cause of approximately 2
million deaths worldwide annually with half due to complications resulting from cirrhosis while the rest are caused
majorly by hepatitis and carcinoma. The liver, serving as an organ whose core functions include detoxifying blood,
producing bile, protein synthesis, and storage of significant vitamins and minerals, can never be underestimated in
maintaining health in metabolic and hematologic terms. However, such a vital organ can cause a problem in finding this
cancer when it's treatable. These symptoms usually come at the last end, so weight loss and jaundice are commonly
diagnosed. It becomes really late by then. However, research on machine learning (ML) and artificial intelligence (AI)
shows much hope in increasing early detection accuracy. ML can be effectively applied for instance, by ELM on cancer
subtype classification using microarray datasets. Studies have already shown Zhang et al. For example, Wang et al.
recently enhanced the classification of tumors with newly introduced approaches of ML.

II. LITERATURE SURVEY
Literature survey provides an overview of key studies and advancements in the use of Al, particularly machine learning
(ML) and deep learning (DL) models, for liver cancer analysis. By focusing on the latest methodologies, datasets, and
models, this survey highlights progress, evaluates performance metrics, and discusses limitations across different Al

applications in liver cancer.

1. Gene Expression and Feature Selection Techniques:
Stokowy et al. proposed a computer-based approach using gene expression data to differentiate between benign and
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malignant thyroid nodules, which has influenced similar liver cancer studies. This approach highlighted the importance
of using biomarker-based feature selection, where genomic signatures are critical in distinguishing cancer types before
surgical intervention sechniques can be adapted for liver cancer by isolating specific liver cancer biomarkers for Al
based analysis. CNN model to analyze MRI scans, which improved accuracy in differentiating between benign and
malignant lesions. These studies show how CNN architectures can effectively capture spatial features critical for
accurate lesion identification, reducing reliance on manual interpretation and improving diagnostic consistency.

2. Extreme Learning Machine (ELM) in Cancer Classification:

Prognostic modelling is crucial for anticipating disease progression and planning personalized treatment regimens.
Zhang et al. explored the Extreme Learning Machine (ELM) for classifying various cancer types using microarray
datasets, demonstrating improved accuracy over standard SVM classifiers. For liver cancer, ELM can expedite the
processing of large genomic datasets, allowing for efficient training and high accuracy in model predictions.

3. Radiomics and Medig Techniques:

Advances in genomics have led to a growing interest in using Al for analysing high-throughput molecular data to
identify liver cancer biomarkers. Radiomics and medical imaging techniques have become vital in liver cancer
research, particularly in the detection and characterization of hepatocellular carcinoma (HCC) and other liver tumors.
Radiomics, in conjunction with advanced imaging modalities, enables the extraction of high-dimensional features from
medical images, facilitating early diagnosis, prediction of tumor behavior, and treatment planning. Below is a review of
key studies and advancements in radiomics and imaging for liver cancer detection.

4. Deep Learning Techniques in Liver Cancer Imaging:

Deep learning, particularly convolutional neural networks (CNNs), has shown remarkable success in analyzing
complex imaging data for liver cancer detection. Yasaka et al. (2018) demonstrated the use of CNNs in liver lesion
classification, achieving a high degree of accuracy in differentiating between malignant and benign tumors on CT and
MRI images. This study emphasized the value of CNNs in automating diagnostic tasks in radiology, where they reduce
the need for manual interpretation and can process large imaging datasets efficiently. CNN models have since been
widely adopted for liver tumor segmentation, classification, and lesion detection.
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Fig. 1 Al-powered medical imaging analysis
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III. METHODOLOGY

1. Data Collection and Preprocessing:

- Dataset: Gather CT, MRI, and ultrasound images focusing on liver scans from hospital databases or public
sources(e.g., The Cancer Imaging Archive, LiTS dataset).

- Annotation: Annotate the images to label regions that contain cancerous tissue.

- Image Preprocessing:

- Normalization: Standardize image intensity values to reduce variation.

- Resizing: Resize images for consistency, often needed for deep learning models.

- Data Augmentation: Apply transformations such as rotations, scaling, and flipping to increase data diversity and
help generalize the model.

Fig. 2 Liver MRI segmentation image

2.  Model Selection:

- Architecture Choice: Use convolutional neural networks (CNN) or a more advanced architecture like U-Net or Res
Net for feature extraction and segmentation.

- 3D Convolutional Networks (for CT scans): For 3D CT scans, 3D CNN architectures like 3D U-Net or V-Net can
capture the depth of volumetric data better than 2D CNNs.

- Hybrid Models: Integrate a combination of CNN with other methods like transformers or recurrent networks if
additional temporal or spatial analysis is needed.

3. Training the Model:

- Loss Function: Use a combination of Dice Coefficient and Cross-Entropy loss to penalize both class imbalance and
segmentation errors.

- Optimization: Use optimizers like Adam with a scheduled learning rate reduction to ensure convergence.

- Validation Strategy: Use K-Fold Cross-Validation to avoid overfitting and ensure robustness.

- Metrics: Track metrics such as accuracy, sensitivity, specificity, and Dice Score for model evaluation.

4. Model Testing and Evaluation:

- Test the model on an unseen test set to evaluate performance.

- Statistical Validation: Calculate ROC-AUC, F1 score, and precision-recall to assess model reliability.
- Comparative Analysis: Compare with baseline models to demonstrate improvements in performance.

5. Deployment and Clinical Integration:

- Develop a user-friendly interface for radiologists to use the model in a clinical setting.

- Real-Time Prediction: Use a lightweight version of the model or quantize it to make it suitable for real-time
inference in hospital systems.

6. Ethical and Regulatory Compliance:
- Bias and Fairness: Address any demographic biases in the dataset.

- Data Privacy: Follow healthcare regulations (e.g., HIPAA) to ensure patient data privacy.

IJIRSET©2024 | AnI1SO 9001:2008 Certified Journal | 17768


http://www.ijirset.com/

L\ |

ﬂqgé International Journal of Innovative Research of
nﬁ Science, Engineering and Technology (IJIRSET)

Impact
Factor

8.524

I

|www.ijirset.com |A Monthly, Peer Reviewed & Referred Journal| e-ISSN: 2319-8753| p-ISSN: 2347-6710|

Volume 13, Issue 10, October 2024
|DOI: 10.15680/1JIRSET.2024.1310100|

IV.EXPERIMENTAL RESULTS

1. Common Metrics in Liver Cancer Detection Al Models

- Accuracy: Percentage of correctly identified liver cancer cases.
- Sensitivity/Recall: Ability to correctly detect liver cancer cases.
- Specificity: Ability to correctly identify non-cancerous cases.

- Precision: Accuracy of positive predictions.

- F1 Score: Harmonic mean of precision and recall.

2. Steps in Experimental Workflow

- Data Collection: Using datasets like LITS (Liver Tumor Segmentation Challenge) or custom medical imaging data.

- Preprocessing: Includes techniques such as contrast enhancement, noise reduction, and segmentation.

- Model Selection: Different Al models, e.g., CNNs, RNNs, or hybrids for image-based analysis.

- Training & Validation: Splitting data into training, validation, and testing sets; usually with cross-validation.

- Evaluation: Analyzing results on test data, assessing using metrics above.

- Post-processing: Further refinement on predictions to reduce false positives/negatives. Experimental Results Format
Example

- Dataset: 500 CT scans from LITS dataset.

- Model: ResNet-50 CNN model with modifications.

- Results: Accuracy = 92%, Sensitivity = 85%, Specificity = 90%, Precision = 88%, F1 Score = 8§6%.

Diagram for Al-based Liver Cancer Detection Workflow Below is an outline for a diagram:

1. Data Input:

- Medical images (e.g., CT or MRI scans).
2. Preprocessing:

- Image enhancement and segmentation.
3. Model Training:

- Al Model (e.g., CNN or GAN).

- Training, validation, and testing steps.
4. Feature Extraction:

- Extracting tumor-specific features.
5. Classification:

- Categorizing as cancerous or non-cancerous.
6. Evaluation:

- Metrics like accuracy, sensitivity, etc.
7. Output:

- Prediction with confidence score.
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Fig.3. Diagram for Al-based Liver Cancer Detection Workflow (a) Al data inputs for medical images (b) Al-
based liver cell classification (¢) Al-driven liver treatment evaluation
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V. CONCLUSION

In conclusion, the integration of AI models for liver cancer detection offers significant advancements in early diagnosis,
accuracy, and patient outcomes. Al algorithms, particularly deep learning techniques, can effectively analyze complex
medical imaging and patient data to identify early signs of liver cancer with high precision. These models provide a
complementary tool for radiologists, enhancing diagnostic speed and reducing human error. Additionally, Al- driven
detection allows for personalized risk assessments and targeted treatment approaches, aligning with precision medicine
goals. However, the success of Al in liver cancer detection depends on continued research to improve model accuracy
and overcome challenges like data bias and model interpretability. Developing models with robust generalizability,
regulatory standards, and ethical considerations is crucial to ensure Al is reliable and widely accepted in clinical
settings. As the technology progresses, Al-based liver cancer detection has the potential to transform oncological
diagnostics, leading to earlier interventions, improved patient outcomes, and a reduction in healthcare costs.

Ultimately, the synergy between Al technology and clinical expertise holds the promise of revolutionizing liver cancer
care, ensuring timely and personalized treatment for patients. However, the integration of Al into clinical practice must
be approached thoughtfully. Ensuring the transparency of Al algorithms, addressing ethical considerations, and
maintaining robust validation across diverse patient populations are critical steps in building trust among healthcare
providers and patients alike. Additionally, the collaboration between Al developers and medical professionals will be
essential in creating user-friendly tools that fit seamlessly into existing workflows

Al-Based Liver Cancer Detection | .
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Fig. 4. Al-based liver cancer detection
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