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I. INTRODUCTION 

Liver diseases include cirrhosis and fatty liver disease, hepatocellular carcinoma, and are the scourge of millions of 

individuals across the globe and the major causes of morbidity and mortality [1]. The liver has more than 500 essential functions, 

such as detoxification, protein production, and the production of biochemicals required in digestion. Liver diseases require early 

identification and proper diagnosis to intervene in time and provide an excellent prognosis to the patient [2]. 

Conventional diagnostic tools for liver diseases are biochemical tests, radiographs, and histopathology. Nevertheless, 

many problems are associated with these methods, including being subjective with respect to interpretation, expensive, intrusive 

and unpredictable with respect to diagnostic accuracy [3]. The advent of artificial intelligence (AI) and especially deep learning has 

presented opportunities in automated and precise prediction of liver diseases. 

Deep learning, which is one branch of machine learning based on the construction and functionality of the human brain, 

has achieved impressive success in several medical imaging and diagnostic processes [4]. Deep learning models are especially 

effective in tasks of complex medical diagnosis, unlike traditional machine learning methods, which need manual feature 

engineering. Deep learning models can automatically extract hierarchical representations out of the raw data [5]. 

The goal of this review paper is to give a broad insight into deep learning methods used in predicting liver diseases. 

Differing neural network architectures, datasets, preprocessing techniques, and measures of evaluation are examined in recent 

research. Moreover, we talk about the difficulties and the perspectives of the process in this dynamically developing sphere. 

 

II. DEEP LEARNING FUNDAMENTALS 

2.1 Artificial Neural Networks 

Deep learning is based on Artificial Neural Networks (ANNs). An ANN is composed of linked nodes (neurons) arranged in 

layers: an input layer, one or more hidden layers, and an output layer. Both links between neurons have a weight associated to it, 

which is adjusted when training using backpropagation [6].CNNs are dedicated neural networks that are mostly used to process 

grid-like data, like images. They make use of convolutional layers, which apply filters to identify spatial features, pooling layers, 

which are used to decrease the dimensions, and fully connected layers, which are used to classify [7]. Medical image analysis has 

also been widely applied using CNNs, such as the diagnosis of liver disease based on CT scans, MRI scans, and ultrasound. 

 

2.2 Recurrent Neural Networks (RNNs) and LSTM. 

RNNs are created to process sequential data through the use of an internal state, which preserves data from the past time steps. Long 

Short-Term Memory (LSTM) networks are a type of RNNs that alleviates the issue of vanishing gradient and has the ability to learn 

long-term dependencies [8]. These architectures prove to be especially handy when studying the temporal patterns in patient health 

records and laboratory test results over time. 
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III. DEEP LEARNING IN PREDICTING LIVER DISEASE: LITERATURE REVIEW 

3.1 CNN-Based Medical Imaging 

Convolutional Neural Network has been rapidly used to predict liver diseases in terms of medical imaging data. According 

to Kumar et al. (2020), A deep CNN model that has been trained to detect liver cirrhosis in CT images demonstrated a 94.7% 

accuracy rate [9]. They used the transfer learning technique using trained architectures such as VGG16 and ResNet50, proving the 

suitability of using the knowledge already available in the medical images analysis. 

Zhang and Wang (2021) suggested an ensemble CNN model composed of a combination of architectures that detects 

hepatocellular carcinoma in MRI images [10]. Their method showed a higher level of performance of 96.2% accuracy, 95.8% 

sensitivity and 96.5% specificity compared to the performance of individual CNN models and conventional machine learning 

algorithms. 

 

3.2 Hybrid Deep Learning Models 

Choi et al. (2022) created a CNN-LSTM hybrid architecture to predict liver disease progression based on the imaging data 

and time-based clinical data [11]. The model made its predictions with 91.3% accuracy in forecasting disease progression of a 12-

month period showing the usefulness of the combination of spatial and temporal information. 

Rahman et al. (2023) suggested a multi-modal deep learning platform, which integrated clinical results, laboratory results, 

and ultrasound photos in its total evaluation of liver disease [12]. They used a separate CNN branch to process images and dense 

neural networks to process tabular data, where they combined them at the decision level, which resulted in 93.8 percent accuracy 

with various liver disease types. 

 

3.3 Transfer Learning and Pre-trained Model. 

Transfer learning has become a potent method of dealing with the limitations of medical data. Li et al. (2021), transfer 

learning and efficientnet are used to classify fatty liver disease using ultrasound images [13]. Using transfer learning on a limited 

set of medical imaging data (2,500 images) to fine-tune pre-trained models resulted in an accuracy of 92.4 percent, and showed 

that transfer learning can provide medical use with low-resource results. 

 

3.4 Advanced Architectures and Mechanisms of Attention. 

Deep learning models have been combined with attention mechanisms as an effort to boost interpretability and 

performance. The attention-based CNN created by Wang et al. (2024) to classify liver lesions enabled focus on important images, 

which enhanced the accuracy of the models (95.1%), as well as their clinical interpretability [14]. The attention maps also gave 

information on what features the model found to be of utmost importance in diagnosis. 

Transformer-based models which were originally designed to process natural language have more recently been applied 

in medical imaging. 

 

IV. DATA AND PREPROCESSING METHODOLOGIES 

4.1 Commonly Used Datasets 

A number of public and private datasets have been applied in the studies of liver disease prediction. The Indian Liver 

Patient Dataset of the UCI machine learning repository includes 583 patient records that have 10 attributes (age, gender, and other 

biochemical indicators). The dataset of the LiTS (Liver Tumour Segmentation) challenge contains CT liver tumor scans to be used 

in segmentation and classification problems. Also, institutional data of hospitals and medical centres have been employed, but they 

are not always publicly accessible because of privacy issues. 

 

4.2 Preprocessing and Augmentation of Data. 

Deep learning models heavily rely on the performance of preprocessing. In the case of medical images, the preprocessing is 

usually related to resizing, intensity normalization, noise reduction and contrast enhancement. 

The most common data augmentation methods that have been implemented to artificially increase the size of training sets and 

enhance model generalization include rotation, flipping, scaling, and elastic deformation. More sophisticated augmentation 

techniques to produce synthetic medical imagery to be used as training. 

 

V.PERFORMANCE MEASURES AND REVIEW 

The prediction of liver disease with deep learning models are usually measured in the context of several terms such as 

accuracy, sensitivity (recall), specificity, precision, F1-score, and Area Under the ROC Curve (AUC-ROC). Precision is in itself 

misleading in situations of unbalanced data, and sensitivity and specificity are desired especially in medical conditions where false 

positives and false negatives are both of clinical importance. 

To achieve quality performance evaluation, cross-validation methods are mostly used, especially the k-fold cross-

validation. Also, it is essential to externally validate models on other datasets of other institutions to test the generalizability of the 

model and its applicability to clinical scenarios. 

 

VI.CHALLENGES AND LIMITATIONS 

In general, data quality will be evaluated based on its accessibility and relevancy to the research and its overall usefulness to 

the intended analysis.1 Data Availability and Quality Data protection will be assessed in terms of its availability and its 
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applicability to the research and its general usefulness to the intended analysis. 

The main problem with the use of deep learning in liver disease prediction is the general scarcity of large, well-labeled 

medical data. Because of privacy and annotation expenses and the expertise necessary to label these images. Also, the quality of 

data, including the lack of consistency in the imaging protocol, the absence of values, and errors in measurements, can greatly 

influence the model. 

 

6.1 Class Imbalance 

Medical records are often severely class-imbalanced, with the number of healthy individuals or widespread illnesses far 

exceeding the number of rare ones. This imbalance may skew deep learning models to predict majority classes, thus leading to low 

performance on minority classes, which can prove to be clinically significant. Several methods, such as resampling, cost-sensitive 

learning, and focal loss, have been introduced to overcome this problem. 

6.2 Interpretability and Explainability 

Trying to interpret deep learning models leads to the criticism of being black boxes since they lack interpretability. In clinical 

practice, doctors must learn the reasons why a model should predict certain things in order to rely on and use these tools 

successfully. The attention mechanisms, Gradient Weighted Class Activation Mapping, and SHAP values have been researched 

to increase the level of model interpretability. 

 

6.3 Clinical Approval and Regulatory Approval 

Deep learning systems present impressive results in the research context; it is necessary to carefully validate, certify, and 

incorporate these systems into the current healthcare processes to apply them to clinical practice. Moving from a research prototype 

to an approved clinical tool is a complicated and demanding process. 

 

Future Directions 

Once more, there are a number of potential avenues in future studies. Deep learning in liver disease prediction. Use of 

federated learning methods would also allow the possibility of training using medical data. Distributed and protecting patient 

privacy. Concurrent prediction of multiple tasks related to the liver may be used in multi-task learning frameworks, which would 

have a better overall model performance and clinical utility. Also, there is a possibility that integration of multi-omics data 

(genomics, proteomics, metabolomics) with imaging data and clinical data using deep learning will allow more comprehensive 

and personal disease prediction. 

Learning and self-supervised learning methods have potential to solve the limited labeled data problem. The graph neural 

networks may be considered in the modeling of intricate interactions between clinical characteristics, imaging results, and clinical 

outcomes. Last but not the least, ongoing studies on explainable AI with particular focus on use in the medical field would be 

essential to the clinical adoption. 

 

VII.CONCLUSION 

Deep learning has become a potent predictive tool for liver disease, showing huge potential in enhancing diagnostic 

accuracy, cost-reduction, and early intervention. The review has looked at different deep learning architectures, datasets, and 

approaches that are used in recent studies. 

Implementing deep learning models into clinical practice would demand the combination of AI researchers, healthcare 

professionals, regulatory authorities, and healthcare organizations. With the area continuing to develop, we expect deep learning 

to become a more significant factor in the diagnosis and management of liver diseases and, ultimately, lead to better patient 

outcomes and care delivery. 
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