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ABSTRACT

Hepatitis A and B pose significant global health challenges, necessitating accurate predictive models for timely identification and intervention. This study proposes
an innovative approach by integrating Bidirectional Long Short Term Memory (BiLSTM) and Two-Dimensional Convolutional Neural Networks (Conv2D) to
enhance the precision of predictive models for hepatitis A and B. The research aims to bridge existing gaps in the literature by thoroughly investigating the synergies
between BiLSTM and Conv2D, with a focus on optimizing their combined impact on predictive performance. The research objectives encompass optimizing the
architectural integration of BiLSTM and Conv2D, exploring diverse hyperparameter tuning strategies, and assessing the model's efficacy in capturing spatial and
temporal dependencies within heterogeneous datasets. Additionally, emphasis is placed on enhancing the interpretability of model outputs, ensuring its practical
applicability in clinical settings. Conducting an extensive literature review reveals a scarcity of studies addressing the joint integration of BiLSTM and Conv2D for
hepatitis A and B prediction. The novelty of this research lies in addressing this gap and contributing insights into the optimal configuration of these architectures
for heightened predictive accuracy. The methodology section details the proposed approach, including a comprehensive discussion of its components, detailed
explanations of each aspect, and a thorough examination of any crucial algorithms or frameworks utilized. The research aligns with the imperative need for precise
hepatitis diagnosis, considering the high mortality rates associated with hepatitis-related complications. Employing a bidirectional long short-term memory and a
two-dimensional convolutional neural network model on the UCI hepatitis dataset, the study demonstrates promising results. Performance measures, including
accuracy (98.3%), precision (0.65), recall (0.95), and F1 score (0.69), underscore the effectiveness of the proposed model. Noteworthy is the innovative learning
strategy applied to the dataset before prediction, contributing to enhanced performance. While the model exhibits notable success, challenges persist in
differentiating overlapping hepatitis cells. Future research avenues include investigating issues related to cell overlap and uneven color distribution in pathological
data obtained through various staining methods. Techniques such as area thickness analysis and fractal diameter measurement will be vital for distinguishing
overlapping cells from single ones. This research contributes to advancing hepatitis disease prediction, providing a robust model with potential implications for
clinical applications. Future endeavors can address challenges related to cell overlap and color distribution, ensuring the continued refinement and applicability of
the proposed model in diverse medical settings.

Introduction

Hepatitis B virus HBV is a partially double helix DNA virus with a unique genomic structure and replication mechanism. Due to low reverse transcriptase
fidelity and rapid replication, a progeny virus genome in an infected cell may not be the same as the parental genome (Andino, & Domingo, 2015). . This
results in a viral ecosystem consisting of swarms of mutants, or “near-species”, which are populations of genetically diverse but closely related viral
variants (Caligiuri et al. events, 2016). Viral hepatitis is defined as "inflammation of the liver". The liver can become inflamed for many reasons, including
drinking too much alcohol, sustaining physical trauma, developing an inflammatory response, or reacting to bacteria or viruses. A, B, C, D and E are the
five most common hepatitis viruses. Hepatitis virus can cause fibrosis, cirrhosis, liver failure and even liver cancer. Your liver's ability to function is
impaired, making it harder for your body to filter out toxins (Spearman C.W, hepb.org/blog/). Although hepatitis A and B both affect the liver, the two
viruses are very different. Hepatitis B is a blood-borne disease, transmitted mainly through direct blood-to-blood contact with an infected person. On the
other hand, hepatitis A can be transmitted by the fecal-oral route or by ingestion of contaminated food or drink. HBV infection is still a great public health
concern around the world. HBV infected about 257 million people and more than 350 million people lived with CHB (Tian et al, 2019). In general, know
that Seroclarance HBsAg is a significant precious marker when treating ECHB (Lee et al, 2014). By persistent patients with HBVinfed, HBSAG's annual
spontaneous serum ratio ranges from 0.45% to 2.38%, prove that Seroclarance HBsAg is a rare appearance (Wu et al, 2015 ). The previous search told
HBsAg seroclarance, whether spontaneous or caused by drugs, better prognosis, improved liver histology, lower liver cell carcinoma (HCC) and longer
longevity (Yarasuri et al, 2019). Therefore, HBsSAg serum clearance is an important target for better antiviral outcomes. Previous studies have found


http://www.ijrpr.com/
mailto:engineersharon79@gmail.com
https://doi.org/10.55248/gengpi.5.0124.0122

International Journal of Research Publication and Reviews, Vol 5, no 1, pp 763-781 January 2024 764

evidence of important viral variables and host characteristics of HBsAg serum clearance. Low blood HBsAg levels have been identified by researchers
as a major contributor to HBsAg serum clearance, either alone or in combination with low serum HBV DNA loading (Chong & Hao, 2019). In terms of
host attributes, one of the main determinants of HBsAg antibody seroconversion is age, trailed by gender, fatty liver, cirrhosis at baseline or during
follow-up, and baseline alanine aminotransferase (ALT) levels (Chu &Liew, 2010). In recent years, machine learning algorithms in healthcare have
received a lot of attention. It is effectively used as a powerful classification method for extracting useful information from high-dimensional, correlated,
non-linear, and imbalanced clinical datasets, enabling accurate diagnostic and predictive decisions (Austin et. al, 2013). However, the existing HBsAg
serum clearance prediction model with maximum power has not been identified. The utilization of deep learning in imaging has erupted in notoriety as
of late (LeCun, Bengio, Hinton, 2015). Convolutional neural networks (CNNs) have demonstrated to be a solid instrument for general object
identification, studying high-level image attributes, and improving image classification performance, (Li et al 2012). These accomplishments, utilizing
deep learning have provoked the interest of specialists in clinical image examination throughout the years (Wolberg, Street, Mangasarian, 2019).
Notwithstanding, the training of deep CNNs without any preparation is a troublesome undertaking, especially in the medical imaging field, since it
requires colossal medical imaging datasets with suitable human-outlined explanations, which has been proven tedious and laborious to acquire.
Nevertheless, an innovation known as "transfer learning" has emerged and is now being utilized in medical imaging analysis (Spanhol et al 2016).
Pretrained CNNs modeled with either a nonmedical picture dataset or a medical picture dataset from an alternate methodology are utilized to perform
clinical decision-making tasks with a restricted medical image dataset in these occasions. The output obtained from the network's layers can be utilized
as elements for an assortment of clinical exercises. Pretrained profound CNNs based on mammograms were utilized in crafted by Samala et al. for breast
mass lesion discovery on computerized breast tomosynthesis pictures. Huynh et al. utilized deep CNNs with transfer learning to group breast cancers on
computerized mammograms, with discoveries indicating comparable performance to current computer-aided diagnosis (CADX) approaches.

Statement of the Problem

Hepatitis A and B are viral infections affecting the liver, posing significant public health challenges worldwide. Early and accurate prediction of these
infections is crucial for effective preventive measures and timely medical interventions. Traditional prediction models often face limitations in capturing
complex patterns and dependencies within heterogeneous datasets, hindering their ability to provide accurate and timely predictions. The integration of
advanced deep learning techniques, specifically Bidirectional Long Short Term Memory (BiLSTM) and Two-Dimensional Convolutional Neural
Networks (Conv2D), offers a promising avenue for enhancing the predictive accuracy of hepatitis A and B models. However, there remains a gap in the
research regarding the optimal integration of these two architectures and their combined impact on predictive performance.

This study aims to address the following key issues:

Limited Integration Studies: There is a lack of comprehensive studies exploring the synergies between BiLSTM and Conv2D in the context of hepatitis
A and B prediction. Understanding how these architectures complement each other could lead to a more robust and accurate predictive model.

Feature Representation Challenges: Traditional models often struggle to effectively represent complex spatial and temporal patterns present in hepatitis
A and B datasets. Exploring how the combination of BiLSTM and Conv2D can capture both sequential and spatial dependencies is crucial for improving
feature representation and, consequently, prediction accuracy.

Optimal Hyperparameter Tuning: The integration of BiLSTM and Conv2D introduces a multitude of hyperparameters that need to be optimized for
optimal performance. Finding the optimal set of hyperparameters for the joint architecture remains an open challenge, and this study aims to contribute
insights into achieving this optimization.

Interpretable Model Outputs: The black-box nature of deep learning models often hinders their interpretability. This research seeks to enhance the
interpretability of the combined BiLSTM and Conv2D model outputs, providing valuable insights into the factors influencing hepatitis A and B
predictions.

By addressing these challenges, this study aims to advance the understanding of the application of deep learning techniques for hepatitis A and B
prediction and contribute towards the development of more accurate and interpretable predictive models in the domain of infectious disease epidemiology.

Research Objective

The goal of this research is to build Bidirectional Long Short Term Memory (BiLSTM) and Two-Dimensional Convolutional Neural Networks for
Hepatitis A and B Prediction (Conv2D). The objectives are as follows: To develop a method for detecting and predicting hepatitis A and B with the aid
of a Bidirectional Long Short Term Memory (BiLSTM) in conjunction with a Two-Dimensional Convolutional Neural Network (Conv2D).

Research question

1. How does the integration of Bidirectional Long Short Term Memory (BiLSTM) and Two-Dimensional Convolutional Neural Networks
(Conv2D) enhance the predictive accuracy of models for hepatitis A and B, and what are the specific contributions of each architecture in
capturing temporal and spatial dependencies within heterogeneous datasets?
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2. What is the impact of hyper parameter tuning on the performance of the joint BILSTM and Conv2D model for hepatitis A and B prediction,
and how can an optimal set of hyper parameters be identified to maximize predictive accuracy while ensuring computational efficiency?

Significant of research

This research will be limited to the examination and analysis of Hepatitis A and B risk assessment and prediction activities. Other elements of the domain
aren't taken into account. Hepatitis A and B are becoming more common over the world. In most rich and emerging countries, the rate of occurrence has
been steadily increasing. Hepatitis A and B-related mortality are also on the rise, in addition to the rising incidence. Around 7.6 million individuals died
worldwide from Hepatitis A and B in 2008, with about 70% of these deaths happening in underdeveloped nations (Tian et al, 2019). Every year, more
than 250,000 new cases of Hepatitis A and B are projected to be detected in Nigeria, with up to 10,000 Nigerians dying from Hepatitis A and B-related
causes (FBS). These assessments or estimates may not mirror the genuine picture since they are regularly hinged on hospital- generated data, which
overlooks the many cases that are not present in medical clinics, those oversaw by traditional medication specialists, and the various instances of
misdiagnosis in our various neighborhood hospitals. As of 2015, the United States had roughly 230,000 new instances of hepatitis A and B each year. In
the United States, this sort of Hepatitis A and B causes around 40,000 deaths every year. As a result, providing a mechanism for assessing and forecasting
this risk would be extremely beneficial to the general public, particularly Nigeria as a country. Machine learning algorithms will undoubtedly provide us
with access to the available processing power of recent advances in computing technology, as well as the artificial intelligence with which to appropriately
utilize this computing power for solving beneficial problems such as Hepatitis A and B.

Literature Review

Hepatitis is an ailment wherein the liver tissue becomes swollen. Hepatitis causes yellow staining of the skin and whites of the eyes (jaundice), as well
as lack of appetite, regurgitation, exhaustion, stomach and abdominal agony, and in certain people or creatures, diarrhea (WHO, 2016). Hepatitis is
declared acute assuming it clears up in a half year or chronic or persistent assuming it endures longer than that (Vos et al, 2016). Intense hepatitis can
disappear all alone, progress to persistent hepatitis, or lead to acute liver failure (once in a while). Cirrhosis, liver failure, and liver cancer are generally
potential results of persistent or chronic hepatitis (Khalimi and Burman, 2019). Hepatitis A, B, C, D, and E are the most predominant viruses that cause
hepatitis. Weighty liquor ingestion, a few medications, poisons, different contaminations, immune system diseases, and non-alcoholic steatohepatitis,
(NASH) are among different reasons. Hepatitis A and E are essentially sent by corrupted food and water. Hepatitis B is essentially transmitted through
sexual contact, yet it can likewise be given from mother to youngster during pregnancy or labor, and it can likewise be passed on through tainted blood
(Manns et al, 2019). Hepatitis C is commonly spread by tainted blood, which can happen when intravenous medication clients share needles. Just people
who have proactively been contaminated with hepatitis B can get hepatitis D. Inoculation against hepatitis A, B, and D is conceivable. Persistent viral
hepatitis can be treated with prescribed drugs. Aside from those with infections that limit their average life span, antiviral prescriptions are exhorted for
all individuals with persistent hepatitis C. (Thurz et al, 2018). Despite the fact that there is no particular treatment for NASH, it is suggested that patients
participate in actual physical work, consume a nutritious eating regimen, and get more fit. Prescription to suppress the immune system might be utilized
to treat immune system hepatitis. In both intense and constant liver failure, a liver transplant might be plausible (Lawrence, 2015). Hepatitis A tainted
around 114 million individuals worldwide in 2015, persistent hepatitis B contaminated roughly 343 million individuals, and persistent hepatitis C infected
roughly 142 million individuals. NASH contaminates approximately 11 million individuals in the United States, while alcoholic hepatitis affects around
5 million. Hepatitis causes in excess of 1,000,000 fatalities every year, the vast majority of which are brought about by liver scarring or malignancy.

Data Mining

As per Manjunath et al., (2010) and Kimball R. (2000), the utilization of choice emotionally supportive mechanisms is a method that effectively utilizes
information to more readily handle, operate, and improve the assessment of educational institutions. Dependent on the attribute and availability of the
fundamental data, an answer like that could handle various issues by refining data from any mix of student records management systems. Mining
information from an information store can be an immediately accessible and productive system for decision makers. Manjunath et al. (2010) found that
an information store is a problem engaged, unified, stable, and time-variant assortment of information used to help the executives decisions. In light of
this perspective, Jiawei et al., (2000) depicted the engineering of an ordinary information mining system as displayed in Figure 2.1.

1  Database, data stores, or other information warehouse. This is a database, one or a variety of data sets, information stores, spreadsheets,
or different kinds of data warehouses. Techniques, for example, Data cleansing and information integration can be applied to the data.

2  Database or data warehouse server. A user's data mining requirements determine whether the database server or the data warehouse server
is responsible for retrieving the necessary data.

3 Knowledge base. Domain knowledge can be used to guide research or to measure whether patterns discovered are useful. Concept hierarchies
can be used, for example, to organize attributes at different levels of abstraction. In addition, user confidence, which is used for judging the
attractiveness of a model based on its unexpectedness, can also be calculated. Furthermore, domain knowledge can also refer to additional
boundaries or thresholds of interest, as well as metadata (e.g., description of data from multiple heterogeneous sources).
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Data mining engine. The characterization, association analysis, classification, analysis, and deviation analysis module is an important
component of a data mining system.

Pattern evaluation module. Often, this component uses interestingness measures and works with the data mining modules to extract
interesting data. It has access to the knowledge base storing the interestingness thresholds. Depending on the architecture of the data extraction
method, the sample evaluation module can additionally be integrated with the extraction module. To limit mining to only interestingness
patterns, we recommend pushing the evaluation of pattern interestingness as deep as possible into the data mining process.

Graphical user interface. In this module users are able to specify queries or data mining tasks in order to interact with the data mining system,
providing information to help them focus on their research and operations activities. This module uses intermediate data mining to determine
what's worth investigating. With this component, users can also browse databases and database programs, evaluate mined patterns, and view
patterns in a variety of ways.
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Figure 1: Architecture of a typical data mining system. (Jiawei et. al., 2000)

Among the procedures utilized in information, mining are database technology, statistics, machine learning, elite performance computing, pattern
recognition, neural networks, data representation, data recovery, image and signal handling, and information analysis Geographic data.

Figure 2.2 illustrates the general data mining process as described by Zarki (2003). It includes the steps below, some of which are optional depending on
the situation in question:

1

Grasp the application domain: To appreciate user-requested data mining results, you must first understand scope. To increase your chances of
success, you need to content and use all the information you have before.

Collect and construct the target dataset: Data mining relies on the availability of relevant data that reflects the variety, order, and underlying
structure of the problem. Therefore, it is essential to collect a data set that includes all conceivable scenarios relevant to the topic under study
(Jiawei et al., 2000).

Clean up and change the objective dataset: Raw information has numerous blunders and irregularities, like noise, exceptions or outliers, and
missing qualities. Copying information records to build a non-repetitive dataset is a significant piece of this cycle (Troyanskaya et al., 2001).

Select elements, limit dimensions: Even after information has been cleaned of copies, irregularities, missing qualities, and so forth, there can
in any case be noise inconsequential to the subject being studied. These noisy elements can prompt disarray in later phases of information
investigation, as well as the creation of irrelative rules and connections and expanded computational expenses. Therefore, it is very reasonable
to perform dimensional reduction or feature selection stage to distinguish useful attributes from irrelevant attributes (Jiawei et al., 2000).
Fisher's criteria, Wilcoxon's rank sum test, principal components analysis, entropy analysis, and other statistical or heuristic techniques are
commonly used to perform this stage.

Data mining algorithms can be used to examine data, such as association rule discovery, sequence mining, classification tree induction,
clustering, etc.
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6. Patterns for interpretation, evaluation, and visualization: Check output to interpret and evaluate extracted patterns, rules, and patterns. New
perspectives on the situation can only be analyzed through this process of interpretation and evaluation.

Machine Learning

The scientific investigation of statistical models and algorithms that are used by computer systems to achieve undertakings coherently without utilizing
express guidelines, rather depending on patterns and deduction, is Machine Learning (ML). It is considered a subset of artificial intelligence. Machine
learning algorithms manufacture a mathematical model of test information, known as “training data," to deliver estimates or decisions without being
explicitly modified to do thusly (Koza, 1996). Machine Learning techniques are utilized in applications, for example, email separating, network intrusion
discovery, and computer vision, where fostering an algorithm with explicit guidelines for task completion is not feasible. Machine Learning is nearly
connected with computational statistics, which is focused on forecasting or foretelling with the aid of computers. The study of mathematical optimization
helps the discipline of machine learning by giving devices, hypothesis, and application domains. Information mining is a subfield of machine learning
that spotlights on unaided learning for exploratory information analysis (Friedman, 1998). When used to tackle business issues, machine learning is
additionally alluded to as prescient analytics.
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Figure 2. Machine learning breakdown (towarddatascience.com)

Machine Learning is a branch of computer science that uses a statistical technique to enable computers to “learn” from data. (For example, consistently
improve proficiency on a certain activity) without being explicitly coded (Sarah et al 2017). Arthur Samuel coined the phrase “machine learning" in 1959.
Samuel (1988). Machine learning evolved from the study of pattern recognition and computational learning theory in artificial intelligence, and it entails
the innovative work of calculations that can gain from and anticipate information (Ron, 1998) - such calculations avoid adhering to rigorously static
program guidelines by settling on information driven expectations or choices (Dickson, 2017) by developing a Machine learning is used in a variety of
computing tasks where planning and programming unambiguous algorithms with excellent execution is difficult or impossible; examples include email
sifting, detection of network intruders or malicious insiders attempting an information breach, optical character recognition (OCR), learning to rank, and
computer vision. (He and Garcia 2019). Computational statistics, which focuses on making predictions utilizing computers, are very nearly related
(frequently duplicated) to machine learning. It is very intimately related to mathematical optimization and gives equipments, hypothesis, and application
domains to the field. Machine Learning and data mining are regularly befuddled (Aswathy, Jagannath, 2017), however the later subfield centers on
exploratory data examination and analysis and is called unsupervised machine learning. You can likewise utilize unsupervised machine learning to learn
and construct basic behavioral profiles for various entities. It very well may be utilized to distinguish related oddities (Tillmann, 2015).

Machine learning is a method for creating complex models and algorithms that are appropriate for forecast in the field of data analysis. For business use,
this is referred to as predictive analytics. By studying past relationships and data trends, these analytical models permit specialists, information researchers,
data scientists, engineers, and experts to "produce reliable and reproducible decisions and results” and unravel "hidden insights" (Bostrom, 2011).
Clustering is a non-hierarchical approach for moving data points across clusters until similar item clusters emerge or a desired set is obtained. Assumptions
regarding the data set are made by clustering algorithms. If that assumption is correct, the cluster will be good. However, satisfying all assumptions is a
simple task. It may be helpful to use a combination of different clustering methods as well as altering input parameters. Association rule mining is a
technique for identifying common patterns among various variables in a dataset. When compared to other classification methods, associative classification
usually provides a better classification. Developing a model for assessing and accurately preduicting Hepatitis B in individuals who are at risk is the
primary goal of this study. The bidirectional last short term (BiLSTM) and two-dimensional convolutional neural network will be used in this study
(Conv2D). Medical diagnosis is still considered an art, despite all of the standardization attempts, because it involves knowledge in dealing with
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ambiguity, which is not present in today's computing gear. Artificial intelligence is a relatively recent technique in computer science, despite the fact that
the notion is not new. Seroclearance of the hepatitis B surface antigen (HBsAg) after treatment is linked to a better prediction in patients with chronic
hepatitis B. (CHB). We still have a lot of work to do to figure out how to forecast HBsAg seroclearance reliably and efficiently using available clinical
data. Previous studies that developed prediction models, on the other hand, relied mostly on long-term tracking of a few key variables and standard
statistical approaches, which could lead to estimates that are skewed owing to the potential for collinearity in high-dimensional medical information.
While Hepatitis A is not as deadly as Hepatitis B, it is similarly significant and, due to its route of transmission, is quite easy to get. In this paper, we
present an active learning-based technique (AL) for training deep neural networks for hepatitis A and B classification.

History of Machine Learning

In 1959, Arthur Samuel invented the term "machine learning"”. In a more formal explanation of the algorithms explored in the machine learning field,
Tom M. Mitchell stated:

"A computer program is said to learn from experience E with respect to a particular class of tasks T and a particular performance measure P if the
program improves its performance at those tasks P as measured by E." Mitchell, T. (1997).

As opposed to portraying the subject in analytical terms, this meaning of machine learning tasks gives a very basic level functional depiction. This is in
accordance with Alan Turing's methodology in his paper "Computing Machinery and Intelligence," which replaces the inquiry “Can machines think?"
with "Can machines do what we (as thinking creatures) can accomplish?"* (Harnad 2008). The various properties that could be held by a reasoning
machine, as well as the different ramifications in creating one, are introduced in Turing's proposition. A Support vector machine is a kind of directed
learning model that parts data into areas portrayed by a linear boundary. Here, the linear boundary isolates the black and white contrasting circle. Machine
learning occupations are isolated into general classes. In controlled or supervised learning, the algorithm develops a numerical model from a lot of data
that consolidates the two information sources and expected outcomes. For example, suppose the goal is to conclude whether an image contains a specific
item, then, the training information for the controlled learning system will include pictures with and without the item (the input) and each image will have
a name (the output) showing whether it contained the item. In various cases, the input may be confined to unequivocal reactions or just somewhat
available. Semi-controlled learning procedure makes numerical models from inadequate training information, where some example inputs are unlabeled.
Supervised learning techniques incorporate classification and regression algorithms. Whenever the results are restricted to a little arrangement of values,
classification techniques are applied. An incoming email will serve as the input to an email sifting classification algorithm and the folder’s name to
classify the mail will serve as the output. The output of a spam email recognition algorithm would be a declaration of "spam" or *not spam," depicted by
the Boolean qualities true and false. Regression algorithms obtain their name from the way that their results are continuous, meaning they can be any
value within a range. Temperature, length, and item cost are generally instances of continuous qualities.

The system makes a mathematical model from an informational set that incorporates just data sources or inputs and no ideal or desired output marks for
unaided learning. Unaided learning procedures are utilized to investigate the structure of information, for example, bunching or grouping of data points.
Unaided learning, similar to feature learning, can find patterns in information and can sort the inputs into different categories. The process of scaling
down the number of "features”, or inputs, in a set of data is referred to as dimensionality reduction. The choice inputs for which training labels are acquired
are optimized by active learning algorithms. This enhancement is achieved by obtaining access to desire outputs (training labels) for a definite amount of
inputs in view budget. When used collaboratively, they can be given to a human client for labeling. In autonomous vehicles or while sorting out some
way to play a game against a human adversary, Reinforcement learning algorithms are used, and they receive feedback as positive or negative support in
an evolving environment (Bishop, 2006). Topic Modeling is a kind of Machine learning methodology wherein a computer program is given a cluster of
natural language texts and asked to find other compositions or documents that pertains to related topics. Machine learning strategies may be used in
density estimation problems, to acquire the imperceptible probability density function. Meta learning algorithms gain proficiency with their own inductive
bias taking into account previous happenings. In developmental robotics, robot learning algorithms produce their own sequence of learning experience,
for the most part insinuated as an instructive arrangement or educational program, to learn new limits over the long haul through autonomous investigation
and social communication with people. Active learning, maturation, motor synergies, and imitation, are the means through which these robots are guided.

Artificial Neural Network

An artificial neural network is a combination of interrelated nodes that works almost the same way as the brain's immense collection of neurons. Each
circular node portrays an artificial neuron, and the link between the input of another artificial neuron and the output of one artificial neuron is portrayed
by each arrow. Artificial neural Network (ANNS), otherwise called connectionist systems, are computational systems in view of natural neural networks
detected in animal brains (Scott, 2010). The neural network is a system that permits different machine learning algorithms to team up and investigate
intricate data inputs. It isn't, all by itself, an algorithm. Such frameworks "learn" to tackle undertakings by looking at samples, as often as possible with
practically no task explicit instructions being programmed. An artificial neural network (ANN) is a model that is based on a network of linked units or
nodes known as “artificial neurons," which are roughly modeled after neurons in the human brain. Every link, like synapses in the human brain, may
transfer data or a "signal," beginning with one artificial neuron and progressing to the next. When an artificial neuron receives a signal, it can decode it
before sending it on to other artificial neurons. In ordinary ANN implementations, the signal at a link between artificial neurons is a real number, and the
output of each artificial neuron is generated by some non-linear function of the sum of its inputs. "Edges" refer to the connections between artificial
neurons. The weight of artificial neurons and edges is regularly modified as learning progresses. The weight affects signal strength at a link by expanding
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or contracting it. Artificial neurons may have a baseline that prevents signal transmission until the entire signal exceeds the baseline. Artificial neuron
layers are frequently used. Various layers may make distinct adjustments to their feedback bits. Signals are guided from the first (input layer) to the final
(output layer), maybe many times. The basic goal of the ANN technique was to approach problems in the same manner that a human mind would.
However, after a while, the attention shifted to certain tasks, resulting in biological abnormalities. Computer vision, voice recognition, machine
interpretation, social network sorting, board and video games, and clinical diagnostics are all examples of how artificial neural networks have been
employed. Deep learning is comprised of a few secret layers in an artificial neural network. This strategy endeavors to reenact how the human brain
processes light and sound into vision and hearing. Deep learning has been utilized effectively in many aspects, including computer vision and speech
recognition (Honglak, 1995).

Support vector machines.

Support vector networks, or SVMs, are supervised learning techniques used for categorization and regression. A model that predicts whether a new case
falls into one of the two categories given a progression of training scenarios that are labeled as having a place with one of the two classifications is
assembled by an SVM training strategy (Cortes, 1995). Platt scaling, for example, is a probabilistic technique to employing SVM in a probabilistic
classification environment, yet an SVM training algorithm is a non-probabilistic, paired, linear classifier. The kernel technique enables SVMs to perform
both non-linear and linear characterisation by verifiably interpreting their inputs into high-dimensional feature spaces.

Bayesian networks

This is a simple straightforward Bayesian network. Whether or not the sprinklers are turned on is influenced by the rain, and both the rain and sprinklers
affect how moist the grass is. A Bayesian network, otherwise called a belief network or a directed non-cyclic graphical model, is a probabilistic graphical
model that portrays a bunch of irregular factors and their contingent independence utilizing a directed acyclic chart (DAG). A Bayesian network, for
instance, may be utilized to show the probability relationship among ailments and symptoms. In view of side effects, the network might be utilized to
decide the probability of specific diseases being present. There are productive induction and learning algorithms. Dynamic Bayesian networks are
Bayesian networks that model variable arrangements like voice signals or protein successions. Influence diagrams are Bayesian network generalization
that might depict and tackle decision issues under uncertainty.

Genetic algorithms

A Genetic algorithm (GA) is a search algorithm and heuristic instrument that recreates natural selection by creating new genotypes through techniques
such as mutation and crossover with expectations of uncovering ideal solutions to a specific issue. Genetic algorithms were utilized in machine learning
during the 1980s and 1990s (Zhang, 2011). Conversely, machine learning algorithms have been utilized to enhance the performance of genetic and
evolutionary algorithms.

Empirical Review

Works Related to Breast Cancer Classification

Classification is one of the most significant and critical jobs in machine learning and data mining. A lot of research has been done on various medical
datasets utilizing data mining and machine learning to categorize Hepatitis A and B. Many of them have a high level of precision in categorization.
Bandyopadhyay et al (2020) suggested an automated system that distinguishes patients with hepatitis syndromes in their work A Voting Ensemble
Approach for Hepatitis Disease Detection. They subsequently developed an automated method based on a multi-phased classification technique. Several
classifiers, including the Support Vector Machine, Multi-layer Perceptron, naive Bayes, k-Nearest Neighbor, and Decision Tree, were utilized in the early
phase. Ada Boost, Gradient Boost, and Random Forest were employed as phase-2 classifiers. These implemented classifiers were analyzed and compared
in terms of prediction performance. They created a voting-based ensemble technique for the final phase classification, which uses the top two classifier
models from the first and second phase classifications, respectively. They argue that using the proposed classifier would increase prediction performance,
allowing patients with hepatitis to be properly identified.

Yarasuri, Indukuri, and Nair's paper "Prediction of Hepatitis Disease Using Machine Learning Technique™ (2019). They contrasted and compared several
machine learning technologies and neural networks. They used the accuracy rate and mean square error as performance measures. Machine Learning
(ML) methods such as Support Vector Machines (SVM), K Nearest Neighbor (KNN), and Artificial Neural Network (ANN) have been used to categorize
and predict Hepatitis disease. They performed a brief examination into the aforementioned problem based on illness diagnostic prediction accuracy. All
of the machine learning approaches were implemented and validated using the MATLAB program. Hepatitis Disease Prediction Oishi et al. advocated
using an Effective Deep Neural Network (2020). Their study objective was to build a Deep Neural Network model that could predict the illness with
accuracy. Their study was compared with activation functions to assure the best performance. The study made use of a standard dataset on hepatitis
infections gathered from 154 people in India. They claimed that their model's accuracy for predicting hepatitis was 92.3 percent, which they said was
higher than previous research or studies using other approaches.
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Julker et al (2021) employed a multi-model method in their work Prediction of Hepatitis Disease. Some of the approaches employed include K-Nearest
Neighbors, Naive Bayes, Support Vector Machine, Multi-Layer Perceptron, and Random Forest. They predicted hepatitis disease using a variety of data
mining techniques. In addition, they proposed a viable strategy for increasing the performance of their prediction models. They dealt with missing values
in their dataset by eliminating missing value observations. They were able to discover extraneous attributes by combining the info-gain feature selection
approach with ranker search. To calculate prediction accuracy on the hepatitis disease dataset, classification methods such as K-Nearest Neighbors (KNN),
Naive Bayes Support Vector Machine (SVM), Multi-Layer Perceptron (MLP), and Random Forest were utilized. They compared the classification
models' performance by assessing accuracy, precision, recall, F1-score, and ROC. They claimed that removing observations with missing values and
employing the info-gain feature selection technique in their prediction models improved their accuracy. Julker et al found that the Random Forest model
performed the best, with a classification accuracy of 92.41percent. Gowtham et al (2021) proposed a deep learning strategy to classifying Paddy disease.
Their research aimed to assist a large number of farmers, particularly those involved in paddy farming, in understanding and forecasting the illness that
would affect their crop. Their study demonstrated the accuracy of using deep neural networks to classify paddy leaf disease. On their dataset, they
employed pre-processing techniques such as data augmentation and the median filter to reduce over fitting and improve model performance and accuracy.

PinarYildirim created Filter Based Feature Selection Methods for Risk Prediction in Hepatitis Disease (2015). A comparison of filter-based feature
selection techniques was carried out using a well-known dataset (the hepatitis dataset), and four classification algorithms were used to test the performance
of the algorithms. Following the application of feature selection methods, they claimed that Nave Bayes and Decision Table classifiers outperformed the
others on the hepatitis dataset. According to them, the study indicated that feature selection techniques can improve the performance of learning
algorithms. However, they claimed that no single feature selection technique based on filters is the best. Consistency Subset, Info Gain Attribute Eval,
One-R Attribute Eval, and Relief Attribute Eval outperformed the others in general.

Mohamed et al. (2014) investigated the use of non-invasive liver fibrosis models to predict morbidity and mortality in chronic hepatitis C patients. They
investigated Compensated CHC patients for seven years. Using Hepascore, FIB-4, APRI, and liver biopsy data, a list of non-invasive indicators was
created. The Western Australian Data Linkage System was used to acquire follow-up morbidity and mortality data. The Kaplan—Meier approach was
used to examine the prognostic relevance of baseline noninvasive indicators and biopsies. A total of 406 persons (64 percent male, mean age 48 11 years)
were tracked for 2385 person-years, during which 22 (5.4 percent) died, 14 (3.4 percent) died from liver disease or required a liver transplant. Sixteen of
the participants had hepatic decompensation (3.9 percent). Hepascore and liver biopsy (P 0.005), but not APRI or FIB-4, predicted overall and liver-
related mortality and decompensation. A Hepascore greater than 0.5 was associated with an increased risk of overall mortality [HazardRatio
(95percentCl)6.7(2.6-17),P0.001],liver-relatedmortality[32.8 (4.3-250), P = 0.001], and future decompensation [11.8 (3.3-41), P 0.001], whereas a
Hepascore less than 0.5 was associated with a 99 percent chance of not dying from liver-related causes over 10. With an AUROC of 0.86 (95 percent CI
0.80-0.90) and 0.87 (0.79-0.96), Hepascore was as accurate as liver biopsy in predicting liver-related mortality.

Research Methodology
Research Design

The methodology utilized in carrying out the project will be talked about in this part of the research study. It will be partitioned into three areas: a discourse
on the proposed methodology and an overall discussion of its parts, point by point explanations of every aspect of the proposed methodology, including
any pivotal algorithms, diagrams, and a discussion of the assessment strategy of the proposed methodology. Hepatitis is one of the most common liver
illnesses in the world, accounting for the majority of new sickness cases and hepatitis-related mortality, making it a critical public health concern in
today's society, according to worldwide data. Early hepatitis identification can help improve a patient's chances of survival since it allows medical
providers to deliver focused therapy based on an accurate diagnosis. To minimize persons obtaining unnecessary drugs, hepatitis A and B should be
categorized more precisely. As a result, the purpose of this research is to offer a reliable diagnosis of hepatitis A and B, whether present or absent. Because
of its particular benefits in recognizing crucial characteristics from complicated hepatitis datasets, machine learning (ML) is generally recognized as the
technique of choice in hepatitis pattern categorization and forecast modeling. A methodology is proposed that will obtain the UCI hepatitis dataset, carry
out the required information preprocessing tasks on it in order to eliminate and data irregularities to prevent dimensionality thereby preventing model
over fitting, partition the purified dataset into testing dataset and training dataset, utilizing the training dataset to train the model, and afterward validate
the trained model utilizing the test dataset. The model will be built utilizing a two-dimensional convolutional neural networking conjunction with a
bidirectional long-short term memory encoder. The bidirectional long-short term memory will effectively become familiar with the dataset and the two-
dimensional convolutional neural network and will classify it into the suitable hepatitis A or B class.

The proposed methodology is shown in figure 3.1 below. The methodology is divided into three major parts namely:
1  Data gathering and preprocessing
2 Model plan, training and validation, and

3 Hepatitis discovery and assessment technique’
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Figure 3 Research Design

Data Collection and Preprocessing

The dataset utilized for the research activity coupled with the means through which the dataset will be processed to ensure its availability for usage in our
analysis, is amply discussed in this phase of the methodology. The hepatitis dataset from UCI Wisconsin is being used. The next section delves into the
dataset's intricacies.

Data Preprocessing

After we've discovered, extracted, and purified the material we'll need for our use case, the next step is to understand it. These processes are used to
preprocess the dataset. The first important problem is the enormous number of duplicated records in the Wisconsin (UCI Repository) dataset. We
determined that around 68 percent and 65 percent of the entries in the Wisconsin (UCI Repository) dataset train and test sets are duplicated. Because the
train set contains a large number of redundant records, learning algorithms will be biased toward more frequent records, preventing them from being
learnt. As a result, the purpose of this research is to offer a reliable diagnosis of hepatitis A and B, whether present or absent. Because of its particular
benefits in recognizing crucial characteristics from complicated hepatitis datasets, machine learning (ML) is generally recognized as the technique of
choice in hepatitis pattern categorization and forecast modeling. Many research projects employ random subsets of the train set as test sets, which are
how we got these statistics on both the train and test sets. As a result, they get a classification rate of roughly 98 percent utilizing fairly simple machine
learning algorithms. Even utilizing the test set will yield in a minimum classification rate of 86 percent, making it difficult to compare Hepatitis disease
detection algorithms because they all fall somewhere between 86 and 100 percent. We proposed a solution to the two problems mentioned in this study,
resulting in new train and test sets comprised of chosen records from the full data set. In the data set supplied, none of the aforementioned concerns occur.
Furthermore, the train and test sets have a sufficient number of records. This advantage allows the tests to be run on the complete collection rather than
just a small sample at random. We used active learning to help us preprocess the dataset so that the deep learning system could grasp it. This is crucial
since an accurate detection result requires a clean and non-redundant dataset in both the train and test sets. The objective of this part is to ensure that the
dataset is in a format that the machine learning algorithm can understand. We also want to avoid over fitting or under fitting the model with data, and we
want to reduce the dimensionality of the dataset so that each stated parameter contributes at least equally to the proposed model's prediction.

Model Design, Training and Validation

In the approach, the creation of the model follows the selection and cleaning of the dataset. The machine learning methods BiLSTM and 2dConv were
used. They're algorithms for supervised data processing. The model is explained further in the section that follows.

Auto encoders

A form of unsupervised artificial neural network that learns appropriate data coding strategies is an auto encoder. An auto encoder aims to train a network
to ignore signal "noise" in order to learn a representation (encoding) for a set of data, usually to reduce its dimensionality. Aside from the reduction
component of the autoencoder, it also learns the reconstructing component. This component aims to build a representation as close to the original input
as possible using the reduced encoding component, hence the name.
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An autoencoder learns to compress data from the input layer into a short code, which it then decompresses into data that is virtually identical to the
original data. As a result, the autoencoder is compelled to participate in dimensionality reduction activities such as learning to ignore noise.

Bi-Lstm-Crf

Another typical sequence concept is conditional random fields (CRF). They are a type of discriminative undirected probabilistic graphical model that
exhibits a single log-linear dispersion over structured outputs as a function of an input perception sequence. The model should predict the values of
arbitrary variables Y given conspicuous factors X, arbitrary variables Y, and an undirected organization G in which Y are connected by undirected edges
exhibiting conditions. CRF defines the conditional probability of a set of output values yY given a set of input values xX as the outcome of various
capacity on graph cliques.

p(ylx) = inses(y,x) ws (ysl XS)(Z)

Where Zx represents the overall output value normalization factor, S(y, X) represents the set of G cliques, and s(ys, xs) represents the clique potential on
clique s. Following that, in the Bi-LSTM-CRF model, a softmax across all conceivable tag sequences yields a probability for the sequence y. The following
is how the output sequence prediction is computed:

yx=argmaxyey o (X, y)(3)

Where o (X, y) is the score function defined as follows:

o(X,y) = Xiso Ayy1 + Xito Piy(4)

The score of a transition from the tag yi to yi+1 is denoted as Ayi,yi+1, where A is a matrix of transition scores. Pi,yi is the score of the ythi tag of the ith
word in a sentence, P is the Bi- LSTM network's score matrix, and n is the length of a phrase.

The Work Flow of the Proposed Model

We've finished putting together our model and are ready to present it to you. Although the BiLSTM layer has been shown to be successful for dealing
with temporal correlation, it has much too much redundancy with regards to spatial data. To resolve this issue, we propose an expansion of BiLSTM that
incorporates convolutional structures in both the input-to-state and state to-state transitions. By stacking a numerous Convolutional layers and building
an encoding-predictive structure utilizing the autoencoder, we might make a network model for hepatitis prediction as well as for more broad
spatiotemporal sequence predicting issues. BiLSTM's essential shortcoming in taking care of spatiotemporal information is the use of whole connections
in input-to-state and state to-state transitions when no topographical data is recorded. To address this trouble, we developed the BiLSTM and 2dCNN as
3D tensors with all inputs X1,...,Xt, cell outputs C1,...,Ct, hidden states H1,...,Ht, and gates,, as spatial dimensions (rows and columns). To easily
comprehend the inputs and states, we can show them as vectors on a spatial grid. The BiLSTM and 2dCNN utilize the inputs and past states a cell's local
neighbors to gauge its future state in the grid. A simple way to deal with do this is to involve a convolution operator in the state-to-state and input-to-state
transitions. The key equations for the BiLSTM and 2dCNN are as per the following:

ii =a(WOx, + UDn,_; +bD)

fi = U(W(f)xt +UPh,_, + b(f))

0r = s(W©@x, + UOh,_; +b©@)

u, = tanh(W@x, + UWh,_, + b®)

PYIX=Z= [ & o(Yerx)(D

x se S(y,x)
h; = optanh(c,)

Hepatitis predictions might be designed as a lineally isolated parametric function issue that can be solved using the traditional sequence-sequence learning
framework and the aforementioned equation in conjunction with the 2dCNN. To adequately replicate or simulate the spatiotemporal connections, the
concept of FC-LSTM is expanded to Bi-LSTM and 2d-CNN, which incorporate convolutional structures in both the input-to-state and state-to-state
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transitions. By stacking many Bi-LSTM and 2d-CNN layers and building an encoding-forecasting framework, an end-to-end trainable model for hepatitis
forecast may be obtained. We evaluate the Wisconsin hepatitis (UCI Repository) dataset, which might aid future research, particularly in developing
machine learning techniques for the problem. To build a BiLSTM network for sequence-to-label classification, we need to do the following:

1  Create a layer array with a sequence input layer, a BiLSTM layer, a fully connected layer, a softmax layer, and a classification output layer.
2 Make the sequence input layer the same size as the number of features in the input data.

3 Set the number of classes as the size of the completely connected layer. The length of the sequence does not need to be specified.

4 We select the number of hidden units and the output mode 'last' for the BiLSTM layer.

The output from the BiLSTM network is utilized to train the one-dimensional neural network to group sequence data. We might utilize the BiLSTM
organization cater for sequence data into a two-dimensional neural network and make forecasts in light of the sequence data's discrete time steps. The
training data is then stacked from the BiLSTM output. Suppose that XTrain is an array variable. XTrain is a cell array that possesses N 32-dimensional
sequences. The 32 features are denoted by Y, which is a category vector of labels. XTrain passages are matrices with 32 rows(one for each feature) and
a variation of columns(one column for each time step). The two-dimensional convolutional neural network can then be posses the capabilities to access
and classify the data to make a prognosis.

Data Analysis

Implementation and Evaluation Experiment Analysis

This portion of this article dives into the details of the tests that were carried out. We present the results of the analyses and emphasize the work's prediction
technique.

Data and Parameters

The UCI hepatitis dataset was used to train the BiLSTM and 2d-CNN hepatitis classification models. The dataset used in this work is freely available to
the public. Table 1 displays a sampling of the dataset:

Table 1 Sample Dataset

Category Age [Sex JALB |ALP |JALT |AST [BIL |[CHE |CHOL |CREA|GGT PRO T
0=Blood Donor 32 m 385 (25 [7.7 22.1 |15 6.93 3.23 106 [12.1 69
0=Blood Donor 32 m 385 [70.3 |18 24.7 3.9 11.17 }4.8 74 15.6 76.5
0=Blood Donor 32 m 1469 (747 362 [526 6.1 8.84 5.2 86 33.2 79.3

0=Blood Donor 32 m 432 52 306 226 189 [7.33 @474 80 33.8 75.7

0=Blood Donor 32 m [39.2 [741 326 [248 9.6 9.15 @432 76 29.9 68.7

Source: Author 2023

As displayed in the third chapter of this study, a BiLSTM and 2-dimensional convolutional neural network architecture is utilized in the prediction of the
existence of either Hepatits A or B. The design comprises of 2 networks which are: an autoencoder network, in conjunction with a multilayer perceptron
network. The network feature selector is operated by the autoencoder, which as aforementioned in the third chapter of this study, is a BiLSTM coupled
with a carry forward attribute to aid in treating feature in the time series component of the dataset. A multi-facet perceptron network handles classification
and forecast. The autoencoder is the primary or original component of the article design. An autoencoder is a sort of unassisted network that extricates
non-linear properties from input data. An autoencoder possesses three layers: an input layer, a secret layer that utilizes the sigmoid activation function,
and an output layer. The autoencoder is setup so that the output layer endeavors to match the input layer as intently as achievable. The secret layer
produces a non-linear compressed portrayal of the input layer because of the sigmoid activation function. The thought behind this change is that the
information will be more compressed (i.e., less inclined to over-approximation) and that a few intriguing non-linear associations might be found, maybe
expanding the clarification of the output variable. The autoencoder's hidden layer's non-linear compressed portrayal of the initial input is directly
associated with a Multilayer perceptron, for example the BiLSTM is directly associated with the convolutional neural network. This convolutional
network is responsible for making forecasts in our problem by utilizing the new issue portrayal as an input. To accomplish the reason for this research
study, a few prerequisites for executing the proposed arrangement should be tended to.

We examined the age distribution of the dataset and this is shown in a histogram shown in figure 5
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Figure 7 depicts a heat map of the dataset's correlations to highlight how they affect the prediction's outcome.
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Heat map of correlation of parameters

Every cell in the correlation matrix typifies a 'correlation coefficient' between the two factors that symbolize the cell's row and column. A connection
coefficient is reffered to as a number that demonstrates how solid a relationship exists between two factors. There are various correlation coefficients to
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take into account. Pearson's coefficient p (condensed as (rho)) is the most broadly used. It's evaluated by obtaining the quotient of the covariance between
two factors and the product of the two factors' standard deviations.

Formula for correlation coefficient between two variables
Where COV(X, Y) is described as the "expected value of the product of X and Y's deviations from their particular means."
. The value of p ranges from -1 to+1.

= Values around +1 suggest that X and Y have a strong positive relationship, whereas values near -1 indicate that X and Y have a strong negative
relationship.

Ll Values close to 0 indicate that there is no link between X and Y.
There appear to be some relationships in Biomarker levels, as seen by the heat map.
Optimizing the proposed network architecture

The autoencoder and neural network were implemented in a variety of network designs with varied settings. Trainings and tests were carried
simultaneously on a cluster that possessed 34 nodes. Originally, various value criterion or guideline combinations were looked into in order to locate the
optimum potential architecture configuration. Specifically, a grid search was run for the following set of parameters listed in Table 2

Table2 Parameter \Values

IAutoencoder E

BiLSTM-CRF Hidden neurons [11, 13, 19, 23, 29, 35, 40, 45]
Learning rate [0.1,0.3,0.9]

Corruption level [0.1, 0.3, 0.9]

Iterations [33, 100, 300, 1000, 3000, 5000, 9000]
2dCNN Hidden layers [10, 13, 19,34]
Learning rate [0.1, 0.3, 0.9]

Momentum factor ~ [[0.1, 0.3, 0.9]

Iterations [33, 100, 300, 1000, 3000, 5000, 9000]

Source: Author 2023

We discovered that the following setup for the autoencoder was the best after conducting the tests: 5000 training cycles, 34 hidden neurons, 0.9 learning
rate, 0.1 corruption level The best result was achieved with the following values for the 2dCNN configuration: 19 hidden layers, 0.3 learning rate, 0.9
momentum factor, and 1000 training iterations. Figure 4.8 depicts the model's whole set of parameters, both trainable and non-trainable, as well as its
forms.

Layer (typea) Output Shape Param #
denzenet201 (Model)  (Nena, 7. 7. 128 18321084
global_ average pooling2d_1 ( (None, 1020) e
dropout_1 (Dropout) (None, 1020) @
batch_normalization_1 (Batch (None, 1920) - 7686
dense_1 (Dense) ____________ (None, 2> 3842
e i R s
Tralinable params: 18,100,610

Non-trainable params 232,896

Figure 8 the baseline of the model
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In this demonstration, 70% of the samples were utilized for training and 30% of the samples were used for testing. Steps were taken to ensure that the
individuals (Patients) that were selected for training were not reused during testing so as to generalize the task of classification and perform satisfactorily
when testing new patients.

Source: Author 2023

The training dataset's loss function is shown in Figure 4.9. Both row-wise and column-wise evaluations were used in our experiments. This is done to
supplement the training and test datasets, which must be degraded in order for the dataset to be processed efficiently. We used three alternative approaches
for row-wise classification:

STEP 1: We converted the input samples to a vector, which dramatically reduced the amount of information in the samples.
STEP 2: For each sample, multiple data augmentation techniques were used to alter the dataset, resulting in 20 different augmented samples.

STEP 3: To generate a parameter database for training and testing the model, 200 random columns were retrieved. To get the results, we employed a
procedure in which the final class was decided based on the class with the most parameters nominated. The parameter labels are assumed to be of the
same class as the original set of parameters.

0.8

— loss
val_ loss

I

o7

0.6

0.5

o4

o=

0.2

O.1

0.0 25 5.0 7.5 10.0 125 15.0 17.5

Figure 9 loss function of the training dataset

The accuracy value for the model on the test dataset is shown in Figure 4.10. We used a variety of data augmentation techniques in each dataset, including
40-degree sequential rotation, 0.2- factor width shift, 0.2-factor height shift, 0.2-factor shear, 0.2-factor zooming, horizontal flipping, and vertical flipping.
In the first experiment, we used the stochastic gradient descent (SGD) optimization function to train the proposed model. We set the momentum to 0.9,
and the decay is determined using the trial's starting rate of learning and amount of epochs. We tried for three trials, using 500 epochs each time. The rate
of learning reduces by a factor of 10 after 500 epochs.

Figure 10 accuracy prediction of the test dataset

The most common metric for evaluating model performance is the accuracy.

10
o o o (&

Source: Author 2023
Confusion matrix for the predictions

The proposed model's confusion matrix is shown in Figure 4.11. With regards to misclassification, the Confusion Matrix is an essential measure to
consider. The examples in an anticipated class are depicted by the rows of the matrix, while the occurrences in a genuine class are depicted by the columns.
The diagonals show which classes have been effectively classified. The Key Performance Indicators (KPIs) that were used to evaluate the system. KPls
which are listed below, are ascertained with the aid of the confusion network
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Predicted class

Class =Yes Class = No

Actual Class Class = Yes True Positive

Class = Mo

Figure 9 confusion matrix

The perceptions that were accurately predicted and henceforth depicted in green are valid or true positives negatives. Since we aim to diminish misleading
or false positives and negatives to the least, they're set apart in red. These articulations are somewhat puzzling. So we should go through each phase
individually and ensure we comprehend it well.

Valid Positives (TP) - These are actually expected positive characteristics, showing that the value of the real class is 'yes," very much like the value of
the expected class.

Valid Negatives (TN)- These are unequivocally anticipated negative characteristics, inferring that the value of the real class is 'no’ and the worth of the
predicted class is also 'no.'

Values that occur when the actual and predicted classes do not match are known as False positives and negatives.
False Positives (FP)- This happens once the genuine class is "no" but the normal class is "yes."

False Negatives (FN)- This happens once the genuine class is "yes," yet the projected class is "no."

Our model's Accuracy, Precision, Recall, and F1 score can all be evaluated once these four parameters are known.

Accuracy - The most essential and direct performance statistic is accuracy, which is only the proportion of foreseen observations that have been accurately
forecasted to total observations. It's a far and wide misperception that more exactness equates to a superior model; nevertheless, this is quite true if the
dataset is symmetric, and that implies that false positives negatives have essentially identical values. The formula for evaluating accuracy is as per the
following:

Accuracy = (TP+TN) / (TP+FP+FN+TN)

Precision- The proportion of accurately anticipated positive perceptions to total anticipated positive perceptions is known as precision. This matrix
attempts to resolve the issue of the number of true positives are actually positive and by how much. The following is the formula:

Precision = TP / (TP+FP)

Recall (Sensitivity) - The proportion of precisely anticipated positive perceptions to the total perceptions in the real class is known as review. The
equation can be located beneath.

Recall = TP / (TP+FN)

F1 score - The weighted average of Precision and Recall is known as the F1 Score. Therefore, this score considers both false positives and negatives.
Albeit not as easily comprehend when compared to accuracy, F1 is regularly more valuable than precision, especially when the class distribution is
uneven. At the point when the cost of false positives and negatives are equivalent, accuracy functions best. On the off chance that the costs of both false
positives and false negatives are unique, looking at both Precision and Recall is ideal. The recipe is given below:

F1 Score = 2*(Recall * Precision) / (Recall + Precision)
Table 4 shows the results of the Precision, F-Score, and Recall tests:

Table 4 result of Precision, F - Score and Recall for the proposed solution

Accuracy Precision Recall F1 score ROC-AUC

98.3%] | 0.65 0.95 0.77 0.692

Source: Author 2023

The best results for each model execution are recorded in the table above. This includes the main, second, third, fourth, and last runs.
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Summary of findings

Seroclearance of HBsAg sometime been respected to be a huge indicator of CHB prognosis. Numerous past examinations on significant subjects have
exhibited that applying machine learning algorithms to foresee sickness status or results with clinical datasets is acquiring expanding awareness in the
clinical and health arena. In this paper, we proposed a functioning learning method on the hepatitis dataset utilizing a bidirectional long short term memory
and a two-dimentional convolutional neural network model. The trials were carried out on the UCI hepatitis dataset utilizing the proposed model, and the
outcomes were surveyed utilizing an assortment of performance measures. The performance of the proposed procedure was assessed utilizing data level,
patient level, row based, and column based investigation. Numerous boundaries were considered in this execution, including class, age, sex, steroid,
antivirals, tiredness, malaise, anorexia,, liver big, liver firm, spleen palpable, spiders, ascites, varices, bilirubin, alk phosphate, sgot, albumin, protime,
and histology

Conclusion and Recommendation

The proposed model worked well, with an accuracy of 98.3 percent, precision of 0.65, recall of 0.95, and an F1 score of 0.69. The fact that we adopted a
new strategy of learning the dataset before conducting the prediction was largely responsible for the boost in performance. It shows that if a model
comprehends a problem domain before doing any type of classification, it will perform better than if it is introduced to a new problem domain. This is a
type of transfer learning where a model actively learns the dataset before passing it on to another model for categorization. The model's enhanced
performance could be due to a variety of variables. It's worth noting that the model was only tested on the UCI dataset and not on any others, and the
accuracy reported is only dependent on this fact.

This research has enhanced hepatitis disease prediction, but there will be a difficulty when it comes to overlapping hepatitis cells. It will be fascinating
to see if it can tell the difference between overlapping hepatitis cells and single hepatitis cells. In the future, this paper recommend looking into issues
such cell overlap and uneven color distribution in hepatitis pathological data obtained using various staining methods. Area thickness analysis employing
a known overlapping dataset with well-defined perimeter and fractal diameter will be required to distinguish overlapping cells from single ones. The
thickness and color distribution analyses will also present important issues that will be need to be addressed in future research.
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