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Abstract: Since liver cancer is such an aggressive illness, improving patient outcomes requires early 

identification. This paper presents a novel detection technique that blends Extreme Gradient Boosting 

(XGBoost) with Convolutional Neural Networks (CNNs). Medical image complex feature extraction is a strong 

suit for CNNs, and XGBoost is a potent classifier that excels at processing high-dimensional data. The 

suggested hybrid model attempts to improve detection accuracy through integrating the deep feature 

extraction powers of CNNs with the effective classification of XGBoost. Based on experimental data, this CNN-

XGBoost model achieves a noteworthy detection accuracy of 95.2%, outperforming standalone CNN and 

XGBoost classifiers. With improved accuracy and dependability, this development makes a substantial 

contribution to computer-aided diagnostic systems. This strategy works by giving medical practitioners quick 

and accurate diagnostic tools.  

Keywords: Liver cancer, Early detection, Convolutional Neural Networks (CNN), Extreme Gradient 

Boosting (XGBoost), Machine learning, medical imaging, Hybrid models. 

 

 

1. Introduction 

 Liver cancer is one of the main causes of cancer- related death and continues to be a major 

global health concern. Improving patient survival rates requires early diagnosis and treatment, which 

highlights the importance of precise and effective diagnostic techniques. Despite the fact that liver 

cancer is frequently detected by medical imaging methods like MRI and CT scans, their manual 

interpretation can be laborious and prone to mistakes, especially when detecting tiny or 

inconspicuous lesions linked to early-stage cancer. Recent progress in artificial intelligence (AI), 

especially in advanced deep learning techniques has opened up innovative possibilities for improving 

medical image analysis. CNNs are highly efficient in capturing layered features from images, which 

makes them well-suited for medical applications. However, challenges such as reliance on large 

datasets and a risk of overfitting can sometimes hinder their performance in classification tasks. The 

Extreme Gradient Boosting (XGBoost) algorithm, which is known for its outstanding performance 

in classifying complex, high-dimensional datasets, is used in this study in conjunction with 

Convolutional Neural Networks ( CNNs ) for feature extraction. XGBoost is an excellent supplement 

to CNNs due to its durability in a variety of situations as well as its capacity to handle non-linear 

relationships. 

 The proposed hybrid approach leverages CNNs to extract meaningful features from medical 

images, which are then classified using XGBoost to achieve higher precision and reliability. This 

system aims to offer an effective computer-aided diagnostic tool for liver cancer detection. This 

approach is intended to support medical practitioners in the early identification and efficient 

treatment of liver cancer. 

 

2. Existing Methods 

 
  Imaging methods like computed tomography (CT) and magnetic resonance imaging (MRI) 

are the mainstay of conventional liver cancer detection. These images are usually manually analyzed 

by radiologists, which can be laborious and prone to human error, which could lead to inconsistent 

diagnoses. While automated systems have been introduced, they typically utilize either conventional 

image processing methods or individual machine learning models, such as XGBoost or single-layer 

neural networks. These systems often lack the robustness needed to handle the intricate features of 
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liver cancer in medical images effectively. Additionally, their accuracy levels are frequently 

inadequate for reliable clinical decision-making. This highlights an urgent need for advanced 

diagnostic approaches that can substantially improve accuracy and efficiency in liver cancer 

detection. 

 

3. Literature Survey 

 
  AI has recently been used extensively in a variety of applications [4,5,6,7,8], particularly 

in the medical field [9,10,11,12,13]. AI-based machine learning techniques and AI-based deep 

learning approaches are the two primary categories of AI approaches for liver cancer diagnosis. 

  Arajo et al. [3] propose a completely automated method for liver segmentation from CT 

data. There are four main phases in the proposed technique. These are procedures. The model tested 

the proposed method using the 131 CT LiTS database. On average, the findings showed a sensitivity 

of 95.45%, a specificity of 99.86%, a Dice coefficient of 95.64%, a volumetric overlap error of 

8.28%, a relative volume difference of 0.41%, and a Hausdorff distance of 26.60 mm. 

  Ashreetha, B. [1] proposes a more efficient way to separate liver and tumour from CT scans 

by combining Gabor Features (GF) with three distinct machine learning algorithms: Random Forest 

(RF), Support Vector Machine (SVM), and Deep Neural Net (DNN). Distinct slices of the same 

organ should not have distinct GF-generated texture data or any discrepancies. In the first, features 

are extracted at the pixel level using a variety of Gabor filters. Second, three different classifiers are 

used to erase the liver from an abdominal CT scan in order to accomplish liver segmentation. Lastly, 

tumour segmentation classifiers are applied to the segmented liver image. Pixel-wise segmentation 

issues have been effectively solved using all of the previously described classification approaches, 

and the Gabor filter is a good approximation to the human visual system (HVS) of perception.In 

order to cut down on the time and effort needed to identify liver cancer, Ayalew, Y.A., [2] focused 

primarily on using a deep learning technique to separate liver and tumour from stomach CT scan 

images. The main UNet architecture serves as the basis for the algorithm. A dropout layer and batch 

normalisation were added after each block along the shrinking route, and the number of filters 

utilised in each block was decreased in this study. The program's dice scores for liver subdivision, 

liver tumour segmentation, and abdominal CT scan image tumour division were 0.96, 0.74, and 0.63, 

respectively. While the total liver segmentation results improved by 0.01 percentage points, the liver 

results increased by 0.11 percentage points. 

  Das et al. [14] introduced a deep learning-based liver cancer detection method. They 

segmented the carcinoma using the Gaussian mixture model (GMM) and separated the liver from 

other bodily components using the watershed transform. They used a deep neural network as a 

classifier and achieved a classification accuracy of 99.38% after 200 epochs. Ghoniem [15] presented 

a deep learning-based bio- inspired method for liver cancer diagnostics. To extract liver lesions from 

CT scans, the author used a hybrid segmentation method that included elements of many models, 

including U- Net Network and artificial bee colony optimisation. Lastly, the author used a second 

hybrid approach with a 98.5% accuracy rate for feature extraction and classification. Dong et al. [16] 

introduced a deep learning approach for lesion segmentation and liver cancer diagnosis that uses 

hybridised full CNN. They integrated these characteristics with several slices and used multiple 

layers as feature extractors for feature extraction. They were able to identify cancer with an overall 

accuracy of 97.22%. A deep learning approach for identifying a liver tumour was described by 

Sureshkumar et al. [17].  

  A probabilistic neural network (PNN) for the diagnosis and detection of liver tumours is 

one of the deep techniques described in this article. When compared to other machine learning 

techniques, they discovered that the PNN approach increased overall accuracy with less features. A 

CNN-based multi-organ classification method for liver cancer was described by Kaur et al. [18] 

utilising 3D CT images.  

  In order to lower the high computational cost of deep learning, they devised this technique. 

They used data augmentation approaches and achieved 99.1% accuracy. 

 

 

4. Proposed Method 

 
 This study proposes an innovative approach for liver cancer detection by combining 

Convolutional Neural Networks (CNNs) with Extreme Gradient Boosting (XGBoost). To improve 

picture quality and variability, the method entails collecting CT and MRI scans from patients with 
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liver cancer and then applying pre-processing techniques such resizing, normalization, and data 

augmentation. To extract important features from images, a pre-trained CNN model—like VGG16—

is modified and improved. An XGBoost classifier then uses these extracted features to differentiate 

between cases that are malignant and those that are not. A hybrid model combines the advantages of 

Extreme Gradient Boosting (XGBoost) and Convolutional Neural Networks (CNNs) to increase the 

accuracy and dependability of liver cancer detection. The predictions from both models are 

combined in an integrated approach using a weighted averaging technique. 

 Metrics such as the area under the Receiver Operating Characteristic (AUC) curve, 

sensitivity, specificity, and accuracy are used to evaluate the performance of the hybrid system. With 

this method, CNNs may efficiently extract high-level features and identify complex patterns linked 

to many tissue types in medical imaging. This is enhanced by XGBoost, which manages high-

dimensional data efficiently and tackles issues such as imbalanced or small datasets. The hybrid 

model provides a reliable and accurate approach to early liver cancer diagnosis by integrating two 

cutting-edge methods, promoting better clinical results and patient care. This concept is consistent 

with ongoing research endeavors to improve diagnosis accuracy by combining machine learning and 

deep learning models. In order to forecast liver disease, for example, a hybrid XGBoost model with 

hyperparameter tweaking was proposed in a study that was published in the World Journal of 

Gastroenterology. This model showed better accuracy than conventional methods. By utilizing the 

complementing capabilities of CNNs and XGBoost, the suggested framework seeks to give medical 

practitioners a trustworthy instrument for the early identification of liver cancer, thereby improving 

patient outcomes. 

 

5. Working Methodology 

 
The project focuses on developing an effective liver cancer detection system by integrating 

Convolutional Neural Networks (CNN) and Extreme Gradient Boosting (XGBoost). This hybrid 

approach leverages the strengths of CNNs for feature extraction and XGBoosts for precise 

classification, resulting in a robust detection mechanism. Below is a comprehensive description of 

the system’s workflow: 

 

5.1. Dataset Collection and Labelling 

 

The first step involves gathering a reliable dataset comprising liver medical images such as 

MRI or CT scans. These images must be labelled as cancerous or non- cancerous, enabling 

supervised learning. Accurate labeling is essential for training the models to distinguish between 

the two classes effectively. 

 

5.2. Image Preprocessing 

 

Preprocessing images to improve their quality is crucial for the best possible model 

performance. The following actions are frequently taken: 

Noise Reduction: By using filters like a median blur, noise can be reduced in an image 

without affecting key structural elements. 

Resizing: Consistency with the input requirements of Convolutional Neural Networks 

(CNNs) is ensured by standardizing image dimensions. 

Normalization: By restricting pixel values to a range between 0 and 1, big values are kept 

from unduly impacting the model's learning process, resulting in steady training. These 

preprocessing methods are well known for their ability to effectively prepare pictures for analysis 

using CNN. 
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Figure 1. Preprocessing Models 

5.3. CNN for Feature Extraction 

 

From the pre-processed images, the CNN component extracts significant features. The 

components of its architecture include: 

Convolutional Layers: Convolutional layers use filters to examine photos and find 

significant elements like textures and edges. MaxPooling layers, which minimize the dimensionality 

of feature maps and maximize computing efficiency, come after them. 

The activation function (ReLU) sets negative values in the feature maps to zero, adding 

non-linearity to the model and allowing it to identify intricate patterns. 

Feature maps are compressed via pooling layers, which use techniques like MaxPooling to 

preserve the most important information while lowering processing overhead. 

In order to prepare the data for the final classification, fully connected dense layers examine 

complex correlations and patterns in the retrieved features. 

Using the Adam optimizer, the CNN is trained on labeled data. To enhance classification 

performance, weight adjustments are guided by the categorical cross-entropy loss function. 

 

Figure 2. CNN Feature Extraction 

 

5.4. Training the CNN 

 
CNN is able to identify photos by learning their attributes. By altering its weights to lessen 

the difference between expected and actual labeling, it consistently increases its accuracy in 

differentiating between cancerous and non-cancerous tissues. 

 
5.5. Testing and Model Evaluation 
 

A different test dataset with the metrics is used to assess the system's efficiency. 
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Figure 3.  Accuracy model for CNN 

 

5.6. Model Saving and Deployment 

 
Keras and joblib are two tools used to preserve the learned CNN and XGBoost models. By 

using these models for real-time predictions, radiologists and other medical professionals can more 

effectively diagnose liver cancer. 

 

6. CONCLUSION AND FUTURE WORK 

 
  We presented a new approach to the diagnosis of liver cancer by fusing Extreme Gradient 

Boosting (XGBoost) with Convolutional Neural Networks (CNN). This hybrid method overcomes 

the difficulties of conventional manual analysis of medical images while utilizing the advantages of 

both approaches to increase the detection process's accuracy and dependability. The CNN- XGBoost 

model achieved an impressive 95.2% detection accuracy, outperforming the CNN and XGBoost 

models separately, according to experimental results. 

 

  As part of the methodology, data was gathered from various sources, sophisticated pre-

processing techniques were applied, and pre-trained models were refined to guarantee thorough 

feature extraction and accurate classification. By effectively combining CNN for deep feature 

extraction and XGBoost for classification, the work demonstrates the promise of hybrid models in 

medical imaging and opens the door to more sophisticated computer- aided diagnostic systems. 

 

                                 
 

TABLE 1. Comparative Analysis of Liver Cancer Detection Models 

 

In support of initiatives to reduce the disease's death rate, the findings underscore the urgent 

need for improved early detection and diagnosis of liver cancer. In order to improve performance, 

future studies will look into other machine learning approaches, increase the dataset, and better refine 

the model. This study makes noteworthy contributions to the domains of medical imaging and cancer 

detection, marking a substantial step forward in the development of automated, dependable, and 

effective diagnostic tools. 
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