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Abstract 
 

The liver is one of the largest organs in the human body and it performs more than 500 functions 

in the human body. It also supports most of the organs, which are vital for our survival. Liver 

disease is a major health challenge nationally and globally. Generally, liver diseases are detected 

too late and raise the complexity of treatment. Early diagnosis is essential for preventing serious 

damage to the liver and for decreasing healthcare costs. However, the accuracy of the conventional 

diagnostic techniques for early prediction of liver disease is currently not at a satisfactory level. 

Due to the unavailability of enough specialist doctors and the high healthcare cost, people in third-

world countries like Bangladesh remain away from regular health checkups, and therefore, like 

other serious diseases, liver disease is not detected early. Predictive models can serve a promising 

role in detecting liver disease, primarily before going to a doctor. In recent years, machine learning 

(ML)/deep learning (DL) models have become a promising technique for improving the diagnosis 

of human diseases, including liver disease. Therefore, we developed a deep learning-based method 

for early prediction of liver disease using demographic and clinical data downloaded from 

Kaggle.com. Several DL models including convolutional neural networks-long short-term memory 

(CNN-LSTM), long short-term memory (LSTM), gated recurrent units (GRU), categorical 

boosting (CatBoost), and deep neural network (DNN) were trained and among these models 

LSTM was selected as the best model based on the evaluation metrics like accuracy, precision, 

recall (sensitivity), specificity, F1-Score, receiver operating characteristic (ROC) curve, and area 

under curve (AUC). The prediction accuracy of LSTM was 99% with excellent discrimination 

(ROC-AUC 0.9991) and feature interpretability. The highest contribution in liver disease was 

confirmed by the key predictors Alkaline Phosphotase, SGPT Alamine Aminotransferase, and 

SGOT Aspartate Aminotransferase. 
 

Keywords: Liver disease, Deep learning, Prediction of liver disease, Key predictors of liver 

disease. 
 

AMS Classification: 62P10, 68T09. 
 

1. Introduction 
 

 

Liver disease is a condition affecting liver function, including hepatitis, fatty liver, cirrhosis, and 

liver cancer. It is a major health challenge worldwide, with about two million deaths annually and 
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4% of all deaths (1 out of every 25 deaths worldwide) (Bray et al., 2018). In Asia, the prevalence 

of non-alcoholic fatty liver disease (NAFLD) has risen to 33.9% in 2012-17 (Wong et al., 2021). 

With no exception in Bangladesh, hepatitis, fatty liver disease, cirrhosis, and liver cancer have all 

grown more widespread in the country. The general people of Bangladesh are highly unaware of 

liver disease, whereas about 45 million (33.86%) people are affected by NAFLD (Alam et al., 

2023). One major challenge to deal with liver disease is that it is often asymptomatic in the early 

stages. Generally, this disease is often diagnosed at advanced stages, making its treatment more 

complex. Therefore, it is crucial to detect liver disease at an early stage to increase the survival rate 

of the patients. 
 

Poor awareness, high cost of diagnosis, and poor access to regular health checkups also complicate 

early diagnosis of liver disease in Bangladesh and other low-resource nations. Moreover, risk 

factors, including alcohol consumption, age, sex, and metabolic disorders, are well-established and 

are likely to lead to the progression and development of liver disease (Becker et al., 1996). Clinical 

findings, such as bilirubin analysis, liver enzymes, albumin, total proteins, and the A/G ratio, are 

typically used to make a diagnosis. However, early-stage abnormalities may be mild and can easily 

go undetected during regular screening, thereby missing the opportunity to be diagnosed on time. 

All these difficulties highlight the necessity to develop better strategies that could help to diagnose 

high-risk people in the initial stages of the disease before it enters an acute phase. 
 

Besides the presence of a larger population with a higher incidence of liver disease, there exist 

several healthcare hurdles to early detection in Bangladesh and other low-resource countries. Lack 

of top-notch doctors, high diagnostic expenses, and poor routine physical examination are factors 

that leave several patients without any diagnosis in severe cases. Moreover, the prevalence of liver 

disease has increased due to common risk factors of unhealthy diet, obesity, metabolic syndrome, 

alcohol abuse, viral hepatitis, and poor awareness among the population. Bilirubin, transaminases, 

albumin, and A/G ratio are commonly used as clinical indicators that can be used to diagnose the 

disease, although at the early stages, they are mild and can be easily missed during the screening 

process. The above gaps indicate the necessity of creating more reliable means that could be used 

in supporting early clinical decision-making and allow the identification of high-risk people before 

the disease develops. 
 

People in third-world nations like Bangladesh avoid routine health examinations due to a lack of 

specialist physicians and the high expense of healthcare; as a result, liver disease is not detected 

early, like other major illnesses. Machine learning (ML) or deep learning (DL) techniques can 

offer an effective approach to identify early-stage liver disease by reducing the dependency on 

costly medical devices, and can be a reliable support to local people (Ganie et al., 2024). Several 

previous studies used ML methods to identify risk factors of liver disease and to predict the 

disease, and ML methods achieved significant success in liver disease diagnosis and prediction 

(Acharya et al., 2012; Nahar and Ara, 2018; Naik and Samant, 2016). Techniques like Random 

Forest, Support Vector Machines (SVM), and k-nearest neighborhood (KNN) are particularly 

effective, often reaching high accuracy in predicting liver disease using clinical data, and can 

achieve up to (90 – 95)% accuracy in distinguishing liver disease cases based on indicators like 

liver enzymes, age, and BMI (Arbain and Balakrishnan, 2019; Hashem et al., 2020). Despite recent 

advancements, there is a significant gap in understanding the interplay of various risk factors and 

their contribution to liver disease progression.  
 

 

Several studies use traditional ML models like Adaboost, LogitBoost, Bagging, Random Forest, 

and KNN to predict and investigate the risk factors of liver disease. The study (Nahar et al., 2019) 
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scored a height accuracy of 71.5% using the LogitBoost model. Another study explored the 

effectiveness of fibrosis markers in diagnosing chronic alcoholic liver disease. Using primary data, 

one study (Wong et al., 2021) investigated alcoholic hepatitis. However, this study claimed that 

there may be bias due to the study being done in a secondary care center. Similar to this study, 

several researchers investigated the link between current alcohol intake and the future risk of 

alcohol-related liver disease in both men and women. The participation was from a hospital that 

may introduce bias.  The Poisson regression model (Naveau et al., 2005) was used to analyze the 

risk factors. This study might use ML/DL models to evaluate risk factors more precisely. Another 

study tried to use models like RF, SVM, KNN, and Multilayer Perceptron (MLP) (Becker et al., 

1996) using the Indian Liver Patient Dataset. However, the results were promising so far, but were 

not quite satisfactory. Advanced ML/DL models can be used to investigate the risk factors of liver 

disease precisely. 
 

Another study (Vijayarani and Dhayanand, 2015) used NB and SVM to predict liver disease and 

evaluated the model performance using accuracy and execution time. The highest accuracy 

obtained from the SVM was 79.66%. However, it required more execution cost. The study lacked 

an in-depth analysis of feature selection, data variability, and preprocessing effects. Moreover, it 

did not show the lower execution cost with higher accuracy scores. DL models can be used to get 

higher accuracy with a minimum execution cost. 
 

Using the ILPD data, another study (Nahar and Ara, 2018) used J48, LMT, RF, and other 

traditional ML models and got a height accuracy of 70.67%. This study had limitations, including 

analysis of feature selection, minor class performance, and long-term disease progression. The 

study (Kotronen et al., 2009) aimed to predict NAFLD using multivariate regression models and to 

uncover the risk factors related to NAFLD. New techniques, like DL models, can be used to assess 

risk factors and predict liver disease more robustly. 
 

Using several traditional models, another study (Dritsas and Trigka, 2023) used techniques like 

SMOTE and feature ranking to predict liver disease. The voting classifier achieved the highest 

accuracy of 80.1% and an AUC of 88.4%. The study (Mohaimenul Islam et al., 2018) used Taipei 

Medical University Hospital patients' data to identify prognostic factors for fatty liver disease 

(FLD). This study used logistic regression to achieve 76.3% accuracy, and significant clinical 

differences were found between FLD and non-FLD patients. The LASSO feature selection method 

was used to identify important attributes for liver disease prediction using various machine 

learning models, including LR, DT, RF, SVM, KNN, AdaBoost, LDA, and Gradient Boosting 

(Afrin et al., 2021). This study found DT as the best model with an accuracy of 94.30%.  
 

Artificial intelligence, particularly DL methods, is used in hepatology for the diagnosis and 

management of various liver diseases. The study (Nam et al., 2022) highlighted the potential 

application of AI to improve diagnostic accuracy and predict disease progression. It achieved 

promising results, such as an AUC of 0.98 for classifying hepatocyte ballooning and C-indices up 

to 0.73 for predicting NASH progression. However, this study did not use a traditional clinical test 

dataset for early diagnosis of liver disease. Early diagnosis using a clinical dataset helps to identify 

the severity of liver disease as well as to predict its risk factors. Therefore, more studies employing 

robust ML/DL methods are required to develop reliable predictive models for early detection of 

liver disease and to implement them in clinical settings. 
 

Here, we developed an improved DL model for the early detection of liver disease using 

demographic as well as clinical data downloaded from Kaggle.com. Several DL models, including 
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convolutional neural networks-long short-term memory (CNN-LSTM), long short-term memory 

(LSTM), gated recurrent units (GRU), categorical boosting (CatBoost), and deep neural network 

(DNN), were trained, and among these models, LSTM was selected as the best model with an 

accuracy of 99%. The key predictors of liver disease were Alkaline Phosphatase, SGPT Alamine 

Aminotransferase, and SGOT Aspartate Aminotransferase. 

 

2. Methodology 
2.1 Data Description 
 

The Indian Liver Disease Patient Dataset was collected for this study, which is available publicly 

at Kaggle (Liver Disease Patient Dataset 30K Train Data, n.d.). The dataset included patients' age, 

gender, Total Bilirubin, Direct Bilirubin, Alkaline Phosphatase, SGPT, SGOT, Total Proteins, 

ALB Albumin, and A/G ratio–a total of 10 variables. Besides, an outcome variable ‘Result’, which 

contained the labelled data of liver disease patients and non-liver disease patients. The number of 

duplicate records detected and eliminated was 14,302. Once these duplicates had been removed, 

there was a total of 16,389 records that contained unique information out of 30,691. 
 

2.2 Data Processing 
 

Before starting data analysis, several preprocessing steps were carried out, including handling 

missing values and duplicates. Primarily, the missing values were checked and removed if 

detected. After that, duplicate cases were also removed before analysis. Then, the dataset was 

standardized to ensure all features were on the same scale to improve model performance and to 

reduce the possibility of overfitting. 
 

2.3 Feature Selection 
 

As we developed the DL model, the feature selection was automatic within the DL model. 

Therefore, the DL models inherently performed the feature selection process. 
 

2.4 Model Training and Validation 
 

The dataset was randomly divided into training and testing subsets to evaluate model performance. 

A stratified split was applied to maintain class balance, allocating 80% of the data for training and 

20% for testing. This approach ensured that the model was trained on the majority of the data, 

while the testing set was reserved for performance evaluation. 
 

2.5 Deep Learning Models 
 

CNN-LSTM: CNN-LSTM (Yildiz et al., 2023), a hybrid model, is the integration of 

Convolutional Neural Networks (CNN) and Long Short-Term Memory (LSTM) to detect both the 

spatial and time dependencies. CNN derives hierarchical, and LSTM derives sequential patterns, 

which allows them to perform well overall in a single model. 
 

LSTM: Long Short-Term Memory (LSTM) (Hochreiter and Schmidhuber, 1997) network, which 

is a type of Recurrent Neural Networks (RNNs), is created to resolve vanishing and exploding 

gradient issues with conventional RNNs. LSTM retains or discards information using gated cell 

structures, which are basically selective in capturing long-term dependencies in sequential data. 
 

GRU: The Gated Recurrent Unit (GRU) (Lecun et al., 2015) is a variant of the RNN that is 

designed to mitigate the vanishing gradient issue. Besides, it enhances the modelling efficiency of 

long-term relationships in sequential data. 
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CatBoost: CatBoost (Categorical Boosting) (Dorogush et al., n.d.) is a modern gradient boosting 

algorithm, which can directly operate on categorical variables without processing them on a large 

scale. CatBoost is based on oblivious (symmetric) decision trees, and it is more effective at 

generalizing, minimizing overfitting, and training in parallel. 
 

DNN: A Deep Neural Network (DNN)(Yi et al., 2017) is an artificial neural network that contains 

several hidden layers in between the input and output layers. With these layers, the model can 

learn hierarchical data representations, with each neuron in the model doing a linear 

transformation, then a non-linear activation to recognize more complex relationships than the 

traditional approaches. 
 

2.6 Evaluation Metrics 
 

Among several DL models, the best one was selected by the following evaluation metrics.  

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
 

𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁
 

𝐹1 − 𝑚𝑒𝑎𝑠𝑢𝑟𝑒 =
2 ∗ 𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 ∗ 𝑠𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦

𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑠𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦
 

 

Here, TP, TN, FP, and FN were the number of true positives, true negatives, false positives, and 

false negatives, respectively.  
 

ROC curve and AUC were also used to test the model's performance. The ROC curve plotted the 

true positive rate (sensitivity) against the false positive rate (1 - specificity), and the AUC was the 

area of the ROC curve. Higher AUC values indicated a better-performing model. 
 

3. Results 
3.1 Descriptive Statistics 
 

There was a total of 16,389 patient records in the dataset, with a mean age of 43.77 and a range of 

4-90 years. The Total Bilirubin and Direct Bilirubin values were 3.36 ± 6.21 mg/dL and 1.53 

±2.89 mg/dL, respectively, with a very high maximum (75.0 mg/dL and 19.7 mg/dL), representing 

extreme cholestatic or hepatocellular damage in some patients. The Alkaline Phosphatase value 

was 290.83 ± 240.95 IU/L (max: 2110 IU/L), whereas transaminases (Sgpt and Sgot) 

demonstrated very high variability (means: 80.15 and 111.37 IU/L; maxima: 2000 and 4929 IU/L, 

respectively). The average Total Proteins and Albumin were 6.49 g/dL and 3.14 g/dL, respectively, 

whereas the average A/G Ratio was 0.95 g/dL. 
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Table 1: Descriptive statistics of the study variables.  

 

3.2 Correlation Analysis 
 

The correlation heatmap (Figure 1) depicted that there was a positive correlation between Total 

Bilirubin and Direct Bilirubin (r = 0.90), as well as the liver enzymes SGPT and SGOT (r = 0.78). 

There was also a strong relationship between Total Proteins and ALB Albumin (r = 0.78). The 

target variable (Result), Direct Bilirubin (r = -0.25), and Total Bilirubin (r = -0.23), had the highest 

correlation, and the remaining measures (ALB Albumin r = 0.16; A/G Ratio r = 0.16) were 

observed to have moderate, positive correlations. Negligible correlations were observed between 

age and gender, and disease status. 
 

 
Figure 1: Correlation Analysis among Attributes. 

Attributes Count Mean Std Min 25% 50% 75% Max 

Age of the patient 16389 43.77052 16.52949 4 32 45 55 90 

Total Bilirubin 16389 3.360431 6.208708 0.4 0.8 1 2.7 75 

Direct Bilirubin 16389 1.530429 2.894558 0.1 0.2 0.3 1.3 19.7 

Alkaline Phosphatase 16389 290.8268 240.946 63 175 209 298 2110 

SGPT Alamine 

Aminotransferase 

16389 80.14729 180.0102 10 23 35 62 2000 

SGOT Aspartate 

Aminotransferase 

16389 111.3676 280.666 10 25 42 88 4929 

Total Proteins 16389 6.487705 1.090549 2.7 5.8 6.6 7.2 9.6 

ALB Albumin 16389 3.136573 0.794006 0.9 2.6 3.1 3.8 5.5 

A/G Ratio: Albumin 

and Globulin Ratio 

16389 0.946612 0.323337 0.3 0.7 0.93 1.1 2.8 
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3.3 Model Performance Comparison 
 

The performance of the different models was summarized in Table 2, Figures 2, 3, and 4, both 

within the non-disease (Class 0) and the disease (Class 1) classes. The CNN-LSTM model 

performed well and was well-balanced in both classes, with class 1 and 0 having a precision of 

0.99 and 0.96, respectively. Along with a recall of 0.98 for both classes (0 and 1), it achieved an 

overall accuracy of 0.98. It scored 0.9960 in ROC-AUC, which was decent, however, not as much 

as LSTM and DNN. 
 

Table 2: Performance comparison of different DL models. 

Model Precision Recall F1-score Accuracy ROC-AUC 

 Class 1 Class 0 Class 1 Class 0 Class 1 Class 0   

CNN–

LSTM 

0.99 0.96 0.98 0.98 0.98 0.97 0.98 0.9960 

LSTM 0.99 0.99 1.00 0.99 1.00 0.99 0.99 0.9991 

GRU 0.94 0.88 0.95 0.85 0.95 0.86 0.92 0.9781 

CatBoost 0.93 0.99 1.00 0.81 1.00 0.89 0.94 0.9890 

DNN 0.97 0.99 1.00 0.92 1.00 0.95 0.97 0.9972 

 

The LSTM model achieved the best overall accuracy (0.99) and the highest recall for Class 1 

(1.00), as well as a higher recall for Class 0 (0.99), compared to the CNN-LSTM. The LSTM 

model achieved an ROC-AUC score of 0.9991, which was the highest among all models. The 

GRU model performed comparatively less well, especially in terms of precision for Class 0 (0.88), 

indicating more mistakes in predicting non-disease classes. However, the recall at Class 1 was 

good (1.00). The overall accuracy of GRU was 0.92. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 2: Comparison of different DL models (precision, recall, F1-score for class 1, and the 

overall accuracy). 
 

The CatBoost algorithm achieved a high precision of Class 0 (0.99), whereas the recall of Class 0 

was a little bit lower (0.81). It scored 0.9890 for ROC-AUC, indicating an incredibly good 

performance in discriminating between cases of the disease and non-disease. 
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The DNN model produced slightly lower scores than LSTM, especially in the class of disease 

(precision of 0.97). The overall accuracy of DNN was 0.97 with an ROC-AUC score of 0.9972. 
 

Comparing the evaluation metrics, we concluded LSTM as a better performer among different DL 

models.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 3: Comparison of different DL models (precision, recall, F1-score for class 0, and the 

ROC-AUC). 
 

Figure 4 shows the ROC curves for different deep learning models: CNN-LSTM, LSTM, GRU, 

DNN, and CatBoost. All the models performed very well as their curves were very close to 1. 

Here, the LSTM model achieved the highest AUC (0.999), followed closely by DNN (0.997) and 

CNN-LSTM (0.996). GRU (0.978) and CatBoost (0.989) were also good, but gained slightly lower 

values. Overall, all models were highly precise in predicting liver disease. However, LSTM 

showed the highest performance among these models.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 4: ROC Curve for different DL models. 
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3.4 Importance of Features 
 

The feature importance produced by the LSTM (Figure 5) indicated the significance of each 

predictor in classifying liver disease. The LSTM model maintained a baseline accuracy (indicated 

by the dashed orange line) of approximately 0.85 before permutating the feature importance. 

Features such as SGOT Aspartate Aminotransferase, SGPT (Alamine Aminotransferase), and 

Alkaline Phosphatase led to a more noticeable drop in accuracy when permuted. This highlighted 

their stronger influence on predictions. Therefore, these three features were the most contributing 

factors to liver disease. Besides, the A/G ratio, ALB (Albumin), Total Proteins, Direct Bilirubin, 

and Total Bilirubin also led to a moderate drop in accuracy when permutated. This suggested that 

these features were also contributors to liver disease. Demographic factors, such as gender, did not 

contribute significantly. However, the Age of the patients showed overlap in baseline, which 

implied dropping the feature age, increasing accuracy. Overall, these results suggested that the 

model relies more heavily on clinical and biochemical indicators than on demographic 

characteristics for accurate classification. 
 

 
Figure 5: Important factors (features) for predicting liver disease. 

4. Discussion 

This study showed that DL models can predict liver disease with much higher accuracy than most 

traditional ML methods used in earlier research. Several studies used traditional methods like RF, 

KNN, SVM, or Logistic Regression, with an accuracy between 70-80% (Cho et al., 2014; 

Dorogush et al., n.d.; Nahar and Ara, 2018). This study achieved 99% accuracy with LSTM, which 

consists of a balanced recall for both disease and non-disease cases. The CNN–LSTM model also 

performed strongly (98% accuracy), outperforming the 80.1% from voting classifiers (Acharya et 

al., 2012). These results suggested that deep learning can better capture complex clinical patterns. 

With a ROC–AUC of 0.9991, LSTM was able to match the top-performing conventional models, 

such as Decision Trees, with LASSO feature selection, without sacrificing class balance (Becker et 

al., 1996). 
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The key predictors, according to feature importance analysis, were Alkaline Phosphatase, SGPT 

Alamine Aminotransferase, and SGOT Aspartate Aminotransferase. In addition to being in line 

with clinical knowledge, this offered a clear ranking of predictors, something that was frequently 

absent from previous studies (Afrin et al., 2021; Dritsas and Trigka, 2023; Straw and Wu, 2022). 
 

These findings implied that, from a clinical standpoint, liver disease screening programs might 

give priority to a limited number of highly predictive biochemical tests, which would save costs 

without sacrificing accuracy. However, this analysis was restricted to a single dataset and might 

not account for variability at the population level. Future research should validate these models on 

multiple datasets, explore their integration into hospital decision-support systems, and assess the 

impact on early intervention outcomes. 
 

Despite the dataset’s imbalance, the high accuracy (~99%) is supported by additional metrics such 

as Precision, Recall, F1-score, and ROC-AUC, confirming that the performance is not merely due 

to class dominance. All models achieved balanced Precision–Recall results, with the LSTM 

attaining the highest ROC-AUC (0.9991), followed closely by DNN and CNN–LSTM, indicating 

strong discriminative ability. Cross-validation, 80% train and 20% test data, was used to minimize 

overfitting and data leakage. The consistently high F1-scores (0.95–1.00) across models further 

demonstrate that the proposed DL models, particularly LSTM and CNN–LSTM, generalize well 

for early liver disease prediction. 
 

5. Conclusion 
 

Liver disease represents a major global health concern, with its prevalence steadily increasing 

worldwide. Early prediction of liver disease is crucial, as it can decrease the serious damage to the 

liver as well as increase the survival rate. In this study, several deep learning models were used to 

assess the risk factors and to predict liver disease. Among different models, LSTM, CNN–LSTM, 

and DNN demonstrated better performance in liver disease classification. Among all, LSTM 

achieved the highest accuracy of 99% with excellent classification performance (ROC-AUC 

0.9991) and feature interpretability. Key predictors included Alkaline Phosphatase, SGPT Alamine 

Aminotransferase, and SGOT Aspartate Aminotransferase, confirming the highest contribution in 

liver disease. 
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