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Abstract

Liver diseases are a major global health concern, with conditions such as hepatitis, cirrhosis, and liver
cancer causing significant morbidity and mortality. Hepatic enzymes, such as alanine aminotransferase
(ALT), aspartate aminotransferase (AST), and alkaline phosphatase (ALP), are key biomarkers in the
diagnosis and monitoring of liver dysfunction. Traditional diagnostic methods, however, are often
limited by their dependence on invasive procedures and slow results. In recent years, machine learning
(ML) techniques have gained prominence in medical diagnostics, offering the potential for early
detection of liver disorders through predictive modeling of hepatic enzyme activity. This review
explores the application of ML models in predicting liver enzyme levels, focusing on their accuracy,
efficiency, and potential in clinical practice. We discuss various machine learning algorithms, including
decision trees, support vector machines, and neural networks, and their ability to process large datasets
derived from clinical, demographic, and biochemical parameters. The challenges in model
interpretability, data quality, and clinical integration are also highlighted. By leveraging patient data,
these models can assist in the early diagnosis of liver conditions, allowing for timely intervention and
improved patient outcomes. This review aims to assess the current state of ML-based predictive models
for hepatic enzyme activity, evaluate their clinical applicability, and propose future directions for
integrating these technologies into routine medical practice.

Keywords: Hepatic enzymes, liver disorders, machine learning, predictive models, early diagnosis,
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Introduction

The liver is essential for numerous physiological processes, including detoxification, protein
synthesis, and bile production. Hepatic enzymes, such as ALT, AST, and ALP, are crucial
biomarkers used to assess liver function and detect liver disorders. Elevated levels of these
enzymes are indicative of liver damage and are commonly used in clinical practice to
monitor conditions like hepatitis, cirrhosis, and liver cancer. However, traditional diagnostic
techniques often rely on invasive procedures, such as liver biopsy, and may not provide
timely results for early intervention. Consequently, the need for non-invasive, rapid
diagnostic tools has driven the exploration of machine learning (ML) models in predicting
hepatic enzyme activity for early diagnosis of liver disorders.

Machine learning has emerged as a powerful tool in medical diagnostics, with its ability to
analyze complex datasets and identify patterns that may be overlooked by traditional
methods. In the context of liver disease, ML algorithms can process a variety of data,
including demographic information, clinical history, and laboratory results, to predict
enzyme levels and the likelihood of liver disorders. Studies have shown that ML models,
such as decision trees and neural networks, can achieve high accuracy in predicting liver
enzyme activity, offering a promising alternative to conventional diagnostic methods [ 31,
Moreover, ML models can be trained on large datasets, improving their predictive power and
generalizability.

Despite the potential of ML models in liver disease diagnosis, several challenges remain.
Data quality, model interpretability, and integration into clinical practice are significant
barriers to the widespread adoption of these technologies. Additionally, the application of
ML in predicting hepatic enzyme activity is still in its early stages, with many studies
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focusing on specific liver conditions rather than providing a
comprehensive approach to liver health. The objective of
this review is to evaluate the current state of ML-based
predictive models for hepatic enzyme activity, identify gaps
in the research, and propose strategies for future
development.

The hypothesis driving this review is that machine learning
models, if properly optimized and integrated into clinical
settings, can significantly enhance early detection and
diagnosis of liver disorders, leading to better patient
outcomes and more efficient healthcare delivery.

Materials and Methods

Materials

The dataset used for training and evaluating the machine
learning (ML) models was sourced from publicly available
clinical records of patients diagnosed with various liver
disorders. The dataset comprises biochemical parameters,
including hepatic enzyme activity levels (e.g., ALT, AST,
ALP), patient demographics (age, gender), and medical
histories, which are crucial for identifying patterns in liver
diseases. The data was pre-processed to remove any
inconsistencies, missing values, or outliers, ensuring that
only high-quality, relevant data was included in the analysis.
Clinical records were anonymized to adhere to ethical
standards and ensure patient privacy. The data were divided
into training and test sets with an 80-20 split ratio. The
training set was used to develop predictive models, while
the test set was reserved for model evaluation and
validation. In total, 10,000 patient records were included in
the dataset, which provides a robust sample for training and
testing the predictive models 2 21,

Methods: For model development, several machine
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learning algorithms were employed, including decision
trees, support vector machines (SVM), and neural networks.
These models were chosen due to their proven effectiveness
in predictive analytics for medical data. The decision tree
model was constructed using the Gini index as the splitting
criterion, while the SVM model used a radial basis function
(RBF) kernel to classify liver enzyme levels. A deep
learning approach was also explored using a multi-layer
perceptron  (MLP) neural network, trained with
backpropagation. Hyperparameters for each model were
optimized using grid search, with cross-validation
performed to prevent overfitting and ensure model
generalizability. The performance of each model was
evaluated using standard metrics such as accuracy,
precision, recall, and the area under the receiver operating
characteristic (ROC) curve. Additionally, feature selection
techniques, including recursive feature elimination (RFE),
were applied to identify the most significant predictors of
liver enzyme activity * 5671, The models were implemented
using Python libraries, including scikit-learn and
TensorFlow. Statistical analysis was performed using R and
Python’s SciPy library to validate the predictive accuracy
and clinical relevance of the models & 9 101,

Results

The results of the machine learning models for predicting
hepatic enzyme activity are presented below. The analysis
was performed using several statistical tools, including
ANOVA, regression analysis, and t-tests, to evaluate the
significance of the predictive models. The key metrics used
for model evaluation include accuracy, precision, recall, and
the area under the receiver operating characteristic (ROC)
curve.

Table 1: Model Performance Comparison

Model Accuracy (%) Precision (%) Recall (%) F1 Score (%) AUC (%)
Decision Tree 85.2 83.7 86.1 84.9 89.5
Support Vector Machine (SVM) 87.4 86.0 88.2 87.1 91.2
Neural Network (MLP) 88.3 87.5 89.0 88.2 92.0

As shown in Table 1, the neural network (MLP) model
outperformed the other models in terms of accuracy,
precision, recall, and the area under the ROC curve (AUC).
The SVM model also demonstrated strong performance but
lagged slightly behind the MLP model. The decision tree

model, while still effective, had the lowest performance
across all metrics. The high AUC for the MLP model
suggests it is the most reliable model for predicting hepatic
enzyme activity, especially when distinguishing between
different liver disorders.
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Fig 1: ROC Curve Comparison for Predictive Models
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Interpretation

From the ROC curve presented in Figure 1, it is evident that
the MLP model has the highest AUC, followed by SVM and
decision tree models. The MLP model consistently
maintains a higher true positive rate (TPR) at lower false
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positive rates (FPR), indicating its superior ability to predict
liver disorders with greater accuracy. The decision tree
model, on the other hand, shows a larger gap between the
FPR and TPR, suggesting its lower efficacy in
distinguishing between the disease and non-disease classes.

Table 2: Statistical Significance of Predictive Features

Feature Mean Value (Disease) Mean Value (No Disease) p-value (t-test)
ALT (U/L) 120.5 30.2 0.001
AST (U/L) 85.4 20.3 0.003
ALP (U/L) 98.2 56.1 0.002
Age (years) 56.2 39.5 0.008

The t-test results presented in Table 2 show that all the
selected features, including hepatic enzymes (ALT, AST,
ALP) and age, are statistically significant in distinguishing
between patients with and without liver disorders.
Specifically, the p-values for ALT, AST, ALP, and age are

all less than the threshold of 0.05, indicating that these
variables significantly contribute to the prediction of liver
disease. The most prominent difference is observed in ALT
levels, where diseased patients exhibit a much higher mean
compared to those without liver disorders.
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Importance
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Fig 2: Feature Importance Using Decision Tree

Comprehensive Interpretation

The decision tree model, as shown in Figure 2, indicates that
ALT is the most important feature for predicting liver
disorders, followed by AST and ALP levels. The model
assigns a lower importance to age, although it is still
statistically significant as demonstrated in Table 2. The
decision tree's feature importance aligns with clinical
observations, where elevated ALT and AST levels are
indicative of liver dysfunction, and ALP is often used as a
marker for cholestasis or bile duct obstruction. These
insights confirm that hepatic enzyme activity is a crucial
component in predicting liver health, with ALT being the
most discriminative marker in this dataset.

Discussion
The results of the machine learning models used to predict
hepatic enzyme activity demonstrate that machine learning

can effectively assist in the early diagnosis of liver
disorders. As shown in Table 1, the neural network (MLP)
model outperformed the decision tree and support vector
machine (SVM) models in terms of accuracy, precision,
recall, F1 score, and AUC, highlighting its potential for
clinical applications in liver disease diagnostics. The
superior performance of MLP is consistent with previous
studies that emphasize the efficacy of deep learning models
in complex, high-dimensional data analysis, especially in
medical diagnostics -2,

The ROC curve in Figure 1 further supports these findings,
showing that the MLP model maintains the highest true
positive rate (TPR) with a lower false positive rate (FPR)
compared to other models. This suggests that the MLP
model is better at correctly identifying patients with liver
disorders while minimizing misclassifications, a critical
factor for early diagnosis and timely intervention. The
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decision tree, while useful, exhibited a higher false positive
rate and a larger gap between the FPR and TPR, which may
limit its reliability in certain clinical settings. These results
align with the research by Sharma et al. ¥, who found that
decision trees, though interpretable, may not perform as
robustly on medical data compared to more complex
algorithms like neural networks.

In Table 2, the statistical significance of hepatic enzyme
levels (ALT, AST, and ALP) and age demonstrates their
importance in distinguishing between diseased and non-
diseased populations. All these features showed significant
differences in mean values between the two groups, with p-
values well below the threshold of 0.05. This finding is
consistent with clinical observations, where ALT and AST
are widely regarded as key markers for liver damage, and
elevated levels are strongly correlated with various liver
disorders €1, Moreover, the inclusion of age as a predictive
factor supports the hypothesis that older age may increase

the risk of liver diseases, as demonstrated in similar studies
[7,8]

The feature importance results in Figure 2 highlight that
ALT is the most influential feature for predicting liver
disorders, with AST and ALP following in importance. This
finding supports the clinical understanding that ALT is
particularly sensitive to liver cell injury, which makes it an
essential biomarker for detecting liver diseases. These
results are consistent with the work of Gupta et al. ¥, who
noted that ALT levels provide crucial information about
hepatocellular damage, while AST and ALP are more
indicative of specific types of liver damage, such as
cholestasis and hepatocellular injury.

Despite the promising results, challenges remain in the
clinical implementation of these machine learning models.
One of the primary issues is the interpretability of the
models, particularly for the neural network, which can act as
a "black box." While the MLP model offers high accuracy,
understanding how it arrives at a specific diagnosis is
crucial in a clinical setting. This aligns with the concerns
raised by Lee et al. [ who stressed the need for
transparent and explainable Al models in healthcare to
ensure trust and accountability. Additionally, the integration
of these models into clinical workflows must address
concerns regarding data quality, model training on diverse
populations, and the validation of results in real-world
settings [+ 31,

Conclusion

This research demonstrates that machine learning,
particularly deep learning models such as neural networks,
can significantly enhance the predictive accuracy of hepatic
enzyme activity levels, thus improving the early diagnosis
of liver disorders. Among the models tested, the MLP model
consistently outperformed the decision tree and SVM
models in various evaluation metrics, including accuracy,
precision, recall, and the area under the ROC curve. The
high AUC and low false positive rate of the MLP model
suggest that it is highly effective in distinguishing between
patients with liver disorders and those without, making it a
valuable tool for early detection. Furthermore, statistical
analysis revealed that hepatic enzyme levels (ALT, AST,
and ALP) and patient age are significant predictors of liver
diseases, reinforcing the clinical relevance of these
biomarkers. The feature importance analysis further
confirmed that ALT plays a critical role in liver disorder
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prediction, followed by AST and ALP, which are crucial for
diagnosing different types of liver damage.

Despite these promising results, several challenges remain
in the implementation of machine learning models in
clinical settings. One major issue is the interpretability of
deep learning models, which can often operate as "black
boxes," making it difficult for clinicians to understand the
rationale behind predictions. Therefore, ensuring that these
models are transparent and explainable is essential for their
integration into healthcare systems. Additionally, further
research is needed to improve the quality of the data used to
train these models, particularly in diverse populations, as
well as to validate the models across different clinical
settings.

Practical recommendations based on this research include
the integration of machine learning models into routine
clinical practice to assist in the early diagnosis of liver
disorders, particularly in settings where traditional
diagnostic methods are limited. These models could be used
alongside traditional biomarkers to provide a more
comprehensive analysis of liver health. Moreover, further
development of user-friendly interfaces and explainable Al
tools would help clinicians adopt these models in their
decision-making processes. Training healthcare
professionals on how to interpret and use these tools
effectively will be essential in ensuring their successful
implementation. Finally, as the field of machine learning in
healthcare continues to evolve, continuous collaboration
between data scientists and medical practitioners will be
crucial to ensure that these models meet the clinical
standards necessary for improving patient care.
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