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A B S T R A C T

Liver disease causes around two million deaths annually, accounting for 4% of global deaths. The use of algo
rithms for early disease prediction in large clinical datasets shows promise, but is often constrained by the 
complexity and variability of the data. Therefore, Semantic-Preserved Generative Adversarial Network optimized 
using Tyrannosaurus Optimization Algorithm for Liver Disorder Classification (SPGAN-TOA-LDC) is proposed in 
this paper. Input data is collected from Indian Liver Patient Dataset (ILPD). The gathered data is fed into pre
processing stage using Distributed Set-Membership Fusion Filtering (DSMFF) to remove data redundancy. Hiking 
Optimization Algorithm (HOA) is employed to select the optimal features from the dataset. The selected features 
are supplied to Semantic-Preserved Generative Adversarial Network (SPGAN) to classify the liver disorder as 
liver disease and non-liver disease. Generally, SPGAN does not show any adaption of maximization approaches 
for identify the optimal parameters to ensure precise categorization of liver disorders. Tyrannosaurus Optimi
zation Algorithm (TOA) is used for improving the weight parameters of SPGAN. The proposed SPGAN-TOA-LDC 
approach achieves 20.58%, 18.73% and 25.62% high accuracy, 24.58%, 28.73% and 15.62% high precision 
compared with existing techniques: CNN along machine learning models under Extra Trees Classifier with MRMR 
feature selection for liver disease identification on cloud (CNN-ILPD-LDC), Early identification of liver disease 
utilizing hybrid soft computing methods for optimum feature selection with categorization (DNN-ILPD-EDL), 
Liver disease patients prediction depending on integrated projection base statistical feature extraction and ma
chine learning approaches (KNN-ILPD-LDC) respectively.

1. Introduction

Nowadays, a million people suffer from liver disease every year. 
General liver problems include cirrhosis of the liver, hepatitis A, B, C, 
liver cancer. In 2017, liver cirrhosis claimed the lives of around 1.32 
million people worldwide with males making up 66.7 % of these deaths 
and women 33.3 %. Advances in cutting-edge treatment and leading a 
healthy lifestyle are lowering mortality (Terlapu et al., 2021). In this 
century, liver illness has been responsible for 3.5 % of deaths. The pri
mary causes of liver disease like excessive drug and alcohol use, obesity, 
diabetes. The liver is the most commonly affected organ because it is the 
longest organ in the body. Hepatitis, cirrhosis, fatty liver, liver cancer, 
chronic liver diseases are some types of liver illnesses (Varchagall and 
Adaguru Yogegowda, 2023). Amongst these, cirrhosis is the last stage 
deadly disease that decreases the survival rate of people (Shaheen et al., 
2023). Liver is the largest fleshy organ in human body that disposes of 

harmful chemicals, increases metabolism and detoxifies the body 
(Choubey et al., 2023). Purifying blood and facilitating its flow to other 
areas of the body is the primary function (Mathew et al., 2024). It 
produces proteins to help blood coagulation (Singh et al., 2021). The 
improved images created are used to differentiate malignant and normal 
liver using computer-aided diagnosis. A problem with several real-world 
datasets that include information on liver disease detection is class 
imbalance. K-Nearest Neighbour (KNN) classifier performs poorly on the 
unbalanced database, because they treat neighbours evenly. The fuzzy 
KNN’s weighted version addresses the problem of data imbalance by 
assigning a maximal weight to the neighbour of minority class data and a 
comparatively minimal weight to the neighbour of majority class data 
(Kumar and Thakur, 2021). Finding useful information in large medical 
datasets is a significant part of automated disease detection. Convolu
tional Neural Network (CNN) dependent method is employed for liver 
disease identification. The proficiency of CNN is compared with 
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traditional KNN, Naive Bayes (NB), Support Vector Machine (SVM). The 
ultrasound is the preferred modality because of its non-invasive, 
economical, and real-time imaging capabilities. The main objective is 
to predict liver illnesses utilizing modified fast region-dependent CNN 
based hybrid grasshopper tunicate swarm (Antony Asir Daniel and Jeha, 
2023). By using correction network module under encoder-decoder 
structure and an enhanced Cycle-Generative Adversarial Network 
(GAN) for higher quality liver clinical production that includes a new 
loss function (Raja et al., 2024), the superiority of the created liver 
clinical imageries is considerably enhanced, shows contrasting and clear 
features (Shaban, 2024). A unique anatomy preserving generative 
adversarial network (ApGAN) is developed for creating simulated 
intra-operative ultrasound (Sim-iUS) of the liver using exact configura
tion information from pMR (Chen et al., 2024). First, the bimodal fusion 
depending on low-rank factors is proposed with an emphasis on useful 
data for hepatic parenchyma (Chen et al., 2023). A multi-level GAN is 
presented to improve the computed tomographic (CT) scans (Khan et al., 
2023).

Many existing methods for manual liver disease classification are 
quite time-consuming and involve a tedious process that results in 
poorer accuracy and inter-expert variability (Dar et al., 2023). The use of 
automatic classification for heterogeneous diseases has expanded, which 
has a significant impact on the area of clinical medicine by relieving 
doctors of the laborious task of manually delineating diseases. The 
application of deep learning strategies can lessen the defines related to 
machine learning, show promise in resolving the limitations of con
ventional ML approaches to the categorization of liver disease. These 
shortcomings have motivated to do this work.

This study focuses on Semantic-Preserved GAN (SPGAN) for liver 
disorder classification, which preserves important semantic features and 
improves classification accuracy between liver disease and non-liver 
disease while GANs are widely used in various domains. HOA is used 
for optimal feature selection and lowering the dimensionality of dataset 
while focusing on the most useful characteristics. This method not only 
simplifies the model, but also improves its capacity to produce accurate 
classifications by utilizing the most important data attributes.

Major contributions of this research work are: 

• SPGAN optimized with TOA for liver disorder classification (SPGAN- 
TOA-LDC) is proposed.

• DSMFF approach is utilized in the preprocessing phase to remove 
data redundancy for ensuring that the classification dataset is clean 
and free of repeating information, hence enhancing the overall ac
curacy and efficiency of the method.

• HOA is utilized for optimal feature selection, which aids in finding 
the dataset most relevant features for liver disorder categorization. 
HOA improves the classification model’s performance by lowering 
dimensionality and focusing on most relevant information.

• SPGAN categorizes the liver problems into liver disease and non-liver 
disease groups. This uses the datasets semantic structure to ensure 
that relevant features are preserved, resulting in improved general
ization and classification performance.

• TOA enhance the weight parameters of the SPGAN. It improves the 
networks performance by fine-tuning the parameters for better 
classification accuracy, ensuring that SPGAN categorizes liver ill
nesses more precisely.

Continuing paper is organized as: section II defines literature survey, 
section III describes materials and procedures, section IV proves out
comes and discussion and section V gives conclusion.

2. Literature survey

Several researches were based on deep learning dependent liver 
diseases detection and classification; some of recent researches are 
revised below,

Amin et al., (2023) presented patients with chronic liver disease 
estimation using machine learning approaches for integrated projection- 
dependent statistical feature extraction. Maximum variation in the data, 
covariance among observed variables and linear consolidation of 
observed variables that maximises class separation were used by the 
system for creating an enhanced feature space. The data balancing was 
done to avert bias with overfitting. The statistical models manage 
missing values and outliers. It attains greater precision and lesser 
specificity.

Varchagall and Adaguru Yogegowda, (2023) presented early recog
nition of liver infections under hybrid soft computing methods for ideal 
feature selection with categorization. Liver illness was primary causes of 
death and challenging to diagnose in its early stages. Unambiguous 
verification of inherent and characteristic elements was critical for 
developing new models for identifying and removing risk. Create a 
modified whale search optimisation (MWSO) method for the best 
feature selection, which integrates features that might represent the 
scattered semantic backdrop and texture patterns in the data. It has low 
specificity and low ROC.

Lanjewar et al., (2023) presented CNN and machine learning 
methods for cloud-based liver infection detection utilizing Extra Trees 
Classifier with MRMR feature selection. Every year, almost two million 
individuals suffered from liver illness and hundreds of millions more 
suffer from chronic liver disease. Liver illness was a major global health 
burden. MRI visual evaluation and liver biopsy were used to identify the 
subjects. It was a tedious and time-consuming procedure. It has maximal 
sensitivity, but minimal f-score.

Krishnamurthy et al., (2021) introduced particle swarm optimization 
for the categorization of liver disease ultrasound imageries using mul
tiple level and multiple domain variables. Using ultrasound scans to 
classify liver illnesses presents a number of obstacles at every stage, 
starting with classification. When a broad subset of liver illnesses was 
used strong features and the best possible combinations of classification 
parameters were required to achieve a respectable level of classification 
accuracy. Using the particle swarm optimisation technique, an optimi
sation problem was formulated to minimise the fivefold cross validation 
error to categorize ten different kinds of disorders. It has high precision 
and less sensitivity.

Singh and Agarwal, (2023) introduced extreme learning machines 
for liver disease analysis and prediction. The human analysis was a 
laborious and time-consuming procedure and the development of a fully 
autonomous computer-assisted disease prediction model was a great 
assistance to medical practitioners. An automated mode for liver disease 
prediction using extreme learning machine classifier that uses the user’s 
biological traits was introduced. It has maximal precision, but more 
computation time.

Yasmin et al., (2023) presented designing of new feature union to 
predict liver illness patients: machine learning method. To remove 
duplicate information from the data, ML researchers frequently utilise 
feature selection and feature extraction algorithms separately. However, 
relying solely on one approach could not provide the expected perfor
mance or outcomes. The dataset of liver disease patients from India 
should was used when implementing the recommended technique to 
categorize liver disease utilizing machine learning classifiers. It has 
greater accuracy and lesser ROC.

Gupta et al., (2022) introduced liver disease prediction utilizing 
machine learning categorization techniques. The liver patient data 
collection obtained from UCI Repository was presented. Many patient 
records were available from hospital physicals. Information on liver 
patients has been taken from these records and utilised to treat their 
illnesses in the future. It attains high precision and less ROC.

3. Proposed Methodology

In this paper, SPGAN-TOA-LDC is proposed. The input images are 
taken from Indian Liver Patient Dataset (https://www.kaggle.com/data 
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sets/uciml/indian-liver-patient-records). The gathered images are pre- 
processed by using DSMFF. The SPGAN does not adapt any optimiza
tion techniques for determining optimal parameters to ensure the pre
cise categorization of liver disorders. So, TOA is proposed to enhance the 
SPGAN that classifies the liver disorder accurately. Fig. 1 represents 
block diagram of SPGAN-TOA-LDC method.

3.1. Dataset description

Indian Liver Patient Dataset (ILPD) (Wu et al., 2023) comprises 583 
patient records gathered from hospitals in North East Andhra Pradesh, 
India, as well as 416 liver illness, 167 non-liver illness cases. This 
database comprises 441 male together with 142 female patients, with 
any patient above 89 years old listed as 90 for standardization. It com
prises ten biochemical and demographic characteristics that are essen
tial for liver disease detection, including age, gender, total bilirubin, 
direct bilirubin, alkaline phosphatase, alanine aminotransferase, 
aspartate aminotransferase, total proteins, albumin, and the albumin- 
globulin ratio. The dataset column is goal variable, identifying pa
tients as liver disorder present or not. The patient class distribution bar 
diagram is represented in Fig. 2.

3.2. Preprocessing under distributed Set-Membership fusion filtering

DSMFF (Wu et al., 2023) is used to remove data redundancy in liver 
disease categorization, because it provides an efficient and robust 
technique to dealing with unclear and duplicated data in medical 
datasets. DSMFF operates on a set-membership foundation as opposed to 
traditional filtering approaches, such as Kalman filtering or Particle 
filtering which rely on probabilistic assumptions and have computa
tional inefficiencies while processing huge amounts of medical data. 
This makes it ideal for applications in which accurate probability dis
tributions are unavailable. Furthermore, classic data fusion techniques 
such as weighted averaging or Bayesian fusion fail to adjust dynamically 
to changes in redundant data, but DSMFF effectively manages such 
changes by applying real-time set-based restrictions. The set member
ship filter for the nonlinear distributed encoding–decoding system built 
for the nonlinear two-dimensional shift changing system expressed in 
Eq. (1), 

ŷm,s = ŷs|s− 1 + Qm,s (hm,s − Qm,sŷs|s− 1 ) (1) 

here ŷm,s denotes local estimate of m, s on sensor r, Qm,sŷs|s− 1 denotes filter 
parameters. DSMFF eliminates data redundancy by employing an 
adaptive constraint-based filtering process that compares each data 
point to a predetermined membership set before including it in the final 
dataset. It uses set-membership constraints to keep just the most relevant 
and non-redundant data points, ensuring that duplicate measurements 
are removed. The linearized formula is expressed in Eq. (2), 

Qm,s = L̂s|s− 1 ZE
m,s

(
Zm,s L̂s

1 − ∂m,s
+

Sm,s

∂m,s

)

(2) 

Nonlinear functions ∂m,s of Taylor series expansion formula are linear
ized. This is important in liver condition classification, when numerous 
data modalities tests yield overlapping data. By integrating these limi
tations into a distributed framework, DSMFF assures that data from 
different sources are fused appropriately while ensuring consistency and 
avoiding redundant information. The high order Lagrange remainders is 
given in Eq. (3), 

L̂m,s =
L̂s|s− 1

1 − ∂m,s

(

1 −
Qm,sZm,s

1 − ∂m,s

)

(3) 

Fig. 1. Block diagram of SPGAN-TOA-LDC method.

Fig. 2. Patients class distribution bar diagram.
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here L̂m,s implies Jacobian matrices, Qm,sZm,s signifies high orders 
Lagrange remainders. This not only increases the classification model’s 
computing efficiency, but also improves its accuracy and generaliz
ability by ensuring that training data is diverse and representative, 
rather than biased by duplicate. Ideal value of ∂m,s is expressed in Eq. (4), 

∂m, s =
̅̅̅̅̅
δn

√

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
δn +

̅̅̅̅sn
√√ (4) 

here δn and sn signifies maximum singular values of matrices ∂m, s. To 
identify s cluster using iteration lessens loss function. Node m removes 
ellipsoidal center data, wherein loss function is definite as sum of dis
tance error square. DSMFF is utilized to eliminate data redundancy 
formulated in Eq. (5), 

I (d, η) =
∑N

j=1
‖yj − ηs‖

2 (5) 

here yj signifies I sample, d, η represents centroid connected to cluster, N 
signifies count of ellipsoidal centers or shapes. The pre-processing 
output is given towards feature extraction procedure.

3.3. Feature selection using Hiking optimization Algorithm

Hiking Optimization Algorithm (HOA) (Oladejo et al., 2024) is dis
cussed for feature selection process. HOA was inspired by the hikers 
proficiencies who were trying to reach the top of mountains, hills or 
rocks. Hikers can consciously or unconsciously assess the steepness of 
the terrain when they are trekking. They stay away from really steep 
trails and terrain to keep up their walking or trekking pace. This can take 
longer to find the worldwide optimum that is akin to what happens to 
hikers during a trip. The approach is based on the idea of tackling 
optimisation problems by simulating the experience of hiking.

Step 1: Initialization
The population in HOA has to be initialized through creating a 

randomwise solutions collection. It can use the following matrix to 
indicate that each Hiking Optimization procedure is expressed in Eq. (6), 

D =

⎡

⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎣

D1
1 D2

1 ... ... Db
1

D1
2 D2

2 ... ... Db
2

... ... ... ... ...

... ... ... ... ...

D1
n D2

n ... ... Db
n

⎤

⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎦

(6) 

where D represents total hiker, n represents the amount of trails, and b is 
the execution decision variables.

Step 2: Random generation
Generate the input parameters at random from initialization. 

Optimal fitness value is selected depends on explicit hyperparameter 
situation.

Step 3: Fitness function
It creates random solution through initialization. The HOA approach 

is used to assess the fitness of all position vector that corresponds to 
every data. This is computed by Eq. (7), 

Fitness Function = Selecting [ optimal features ] (7) 

Step 4: Compute the Initial Hiking Velocity and Slope
Tobler’s Hiking Function (THF) accounts for route or terrain slope 

and steepness when calculating a hiker’s speed. It is exhibited in Eq. (8), 

ϑa,t = 6e− 3.5|la,t+0.05| (8) 

here, la,t is trail’s or terrain’s slope and ϑa,t implies hiker’s a velocity 
(km/h) at iteration or time t.

Step 5: Determine the absolute velocity of Hiker.
HOA takes advantage of both the collective social cognition of hikers 

and each hiker’s unique cognitive capacities. The lead hiker’s position, 
the hiker’s real position, the sweep factor and the beginning velocity 
ascertained by THF all contribute to update or real velocity of hiker. The 
hiker a’s current velocity is measured by Eq. (9), 

ϑa,t = ϑa,t− 1 + δa,t
(
λbest − ϛa,tλa,t

)
, (9) 

here the variable δa,t represents uniformly distributed count at interval 
[0, 1]; the current and beginning velocities of hiker a are indicated by 
ϑa,t and ϑa,t− 1, respectively. The lead hiker position denotes λbest , the 
hiker sweep factor (SF) denotes ϛa,t, which is located in [1, 3].

Step 6: Update the Hikers position
The SF follows the lead hiker’s path, listens to their signals, and 

ensures that the hiker not wander away from them. Consider the hiker’s 
velocity in (20), hiker a’s revised position λa,t+1 is articulated in Eq. (10), 

λa,t+1 = λa,t +Va,t (10) 

where upper bound ϕ2
b and lower bound ϕ1

b of the solutions, which 
dictate the initialisation of hiker locations λa,t.

Step 7: Termination
HOA is used for selecting the optimum feature, otherwise, step 3 

repeats iteratively until fulfil halting condition. The selected features 
like age, sex, total bilirubin, direct bilirubin, alanine amino transferase, 
total proteins and albumin-globulin ratio are supplied as input to the 
classification.

3.4. Liver disorder classification under Semantic-Preserved Generative 
adversarial Network

Liver disorder categorization using SPGAN (Li et al., 2023) is dis
cussed. Semantic-preserved GANs maintain the meaning and coherence 
of generated data, ensuring high-quality synthetic outputs. The SPGAN 
classifier generates its final predictions through the discriminator after 
modifying its final sigmoid into a softmax layer for liver disease and non- 
liver disease classification. During adversarial training SPGAN imple
ments semantic consistency loss to create synthetic samples that main
tain vital clinical patterns while addressing class imbalance issues. The 
semantically guided augmentation processes better than conventional 
methods, as it generates authentic and varied samples. And SPGAN 
achieves dual optimization by using adversarial training to match syn
thetic data distributions with real liver-disorder imagery and semantic 
preservation to maintain feature integrity. The dual optimization goal of 
SPGAN improves convergence speed and reduces false positive errors 
because standard methods lack any convergence criteria. Medical val
idity and semantic richness in generated samples by the SPGAN enables 
better model generalization and reduces overfitting compared to tradi
tional methods.

The knowledge transferability in actual and synthetic datasets for 
semantic feature preservation is given using Eq. (11), 

PGAN
(
F,G,CR,CE, JR,JE

)
= Tye∼YE[log CE(ye) ] (11) 

Apply a similar image-consistency constraint to inspire the preservation 
of the source content during the conversion process. Cycle consistency is 
enforced by reproducing the original sample by mapping it source to 
target and back to source in equation (12), 

Pimgf (F,G, JR, JE) = Tyr∼YR
[
‖Gimg(yr) − yr‖1

]
(12) 

where Pimgf stands for ℓ1 normal GNA-basis source-domain-target- 
domain picture translation deems 2 mentioned losses, it rising to bias. 
The imageries produced by the generator is nearer in distribution to the 
target specified in equation (13), 
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Prep
(
F,G, JR,JE

)
= Tyr ∼ YR[‖Fenc(ys) − Genc ] (13) 

The semantic constraints can be introduced during the training process 
in an elegant and efficient manner with this approach, which no need 
any pre-trained modes at the source domain is represented in equation 
(14), 

Psem(F, JR) = T(yr,xr)∼(YR, XR) [p(Fsem(yr), xr ) ] (14) 

here Psem implies cross-entropy loss function,yr implicates source 
domain label, Psem denotes probability. The entire loss function of 
SPGAN is labelled in equation (15), 

PSPGAN = PGAN

(
F,G,CR,

CE, JR, JE

)

+ γ1Ping
(
F,G, JR,JE

)
(15) 

where γ1 set to γ2 set to 1, γ3 is gradually large along the training epochs. 
The labeled translated image G and unlabeled target image JR; Ping 

symbolize selection indicator for randomly chosen half classes pixel in 
JR,; CE if the pixel, located at the JE, column belonging to the designated 
classes PGAN.

Fig. 3 depicts the SPGAN-DA framework, which consists of two major 
stages: (1) semantic-preserving source to target transformation, (2) class 
distribution arrangement for semantic segmentation. The first stage in
volves a Cycle GAN-like architecture that translates imageries from 
source to target domain, while maintaining semantic structures. This is 
accomplished using two generators: G : E→R The generator F encodes 
the source image using Fenc, extracts segmentation-related features via 
Fseg and reconstructs the translated target data through Fdec ensuring 
semantic preservation through semantic loss, adversarial loss as well as 
image consistency loss,G reconstructs the source data from target 
domain using enc and dec functions. In the second stage, the translated 
and mixed data are input into a semantic segmentation network for 
collaborative training, which aligns class distributions across domains. 
The segmentation network is trained with cross-entropy loss for labels 
and boundary (BD) loss for edges, resulting in accurate segmentation in 
the target domain while reducing domain shift. The general goal of 
creating data adaptation boundary improvement identified liver disease 
and non-liver illness based on the aforementioned factors is shown in Eq. 
(16), 

Ptotal = Pseg + γa. (Psrc a + Pmix a) (16) 

Let γa represents hyper-parameter for controlling the weight of bound
ary enhancement component. Finally, the SPGAN classified liver and 
non-liver disease. The SPGAN classifier considers artificial intelligence- 
dependent optimization method because of its pertinence. TOA is 
considered to optimize the SPGAN parameter P and Y and tune the 
weight with bias factor of SPGAN.

3.5. Optimization utilizing Tyrannosaurus optimization Algorithm

The weights parameter P and Y of SPGAN is enhanced by TOA (Sahu 
et al., 2023). The TOA improves SPGAN for liver disorder classification 
by utilizing an adaptive exploration–exploitation balance, resulting in 
diversified and high-quality feature learning while avoiding mode 
collapse. It efficiently optimizes hyperparameters, improves feature se
lection and handles skewed and noisy data, hence increasing model 
robustness. TOA’s parallel search algorithms speed convergence while 
lowering processing costs and increasing real-time applicability. Their 
enhanced global search capability allows it to avoid local minima, 
resulting in better generalization, higher classification accuracy and 
greater stability than traditional optimizers. Optimizing Tyrannosaur
usrex (T-Rex) hunting involves adjusting speed and success rate pa
rameters to assess their impact on prey capture. Prey can defend itself by 
making different speed escapes after the prey running speediness oper
ator is introduced. The estimation rate (ER) operator determines hunting 
success or failure. TOA solve these problems effectively.

3.5.1. Step-by-step process of TOA
The stepwise process is defined to optimize the image to determine 

the optimal share for the retrieval of image using TOA. TOA makes 
evenly distributing populace the optimization of lifetime dependability, 
implementation time and power consume from the task-scheduling 
scheme. The optimal solution is provoked by TOA and associated 
flowchart is depicted in Fig. 4.

Step 1: Initialization
A number of prey is generated randomly in the search space through 

the population-dependent technique known as TOA. Let Y represent the 
location or position of the prey, which is random wise generated in the 
search area between the higher and lower bounds shown in Eq. (17), 

Yj = sand (ml,dim) ∗ (va − pa)+ pa (17) 

here (ml,dim) is the prey location, m denotes dimension, pa denotes 

Fig. 3. Architecture diagram of Semantic-Preserved Generative Adversarial Network.
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count of populace, dim specifies dimension of search space, va specifies 
upper limit.

Step 2: Random generation
Create the input parameters randomly after initialization. Optimum 

fitness values are selected using clear hyperparameter circumstance.
Step 3: Fitness function evaluation
Random solution is generated from initialization. This is evaluated 

with parameter optimization to enhance weight parameter P and Y 
classifier by Eq. (18), 

fitness function = optimizing (P and Y) (18) 

Step 4: Hunting and chasing
T-Rex chases their prey like wolf, lion. T-Rex tries for hunting the 

target that is very close to it. A prey occasionally defends itself from 
predators or able to escape and it hunts at random in Eq. (19), 

Ynew =

{
ynew if rand() < Ts

Random else

}

(19) 

here Ts implies assessment of achieving the scattered prey. The prey 
begins to break apart as soon as the T-Rex begins hunting, and it chases 
the prey through update its location using Eq. (20), 

ynew = y+ rand ∗ rs ∗ (epos ∗ es − target ∗ ls) (20) 

where, es denotes success rate for hunting lies amongst [0.1,1]. If the 
hunt failed, the prey escaped, success rate is 0 and prey positioning is 
updated. The target is where located the prey in relation to the T-Rex.

Step 5: Exploitation to optimize P and Y.
The prey location, intended prey current location and prey past 

location plays a vital role in the selection process. The prey position 
becomes zero if the T-Rex does not hunt and it flees or defends from 
predators. This is recognized by analysing the fitness function is shown 
in Eq. (21), 

yq+1
j =

{
P < Y

target is zero (21) 

here P implies fitness function for the initial random prey location, Y 
implies fitness function to update prey position.

Step 6: Termination
The weight factor for generator P and Y of SPGAN is enhanced using 

TOA; else iterative repeat step 3 until the halting criteria Y = Y +1 is 
satisfied. Finally, SPGAN-TOA-LDC identifies liver disease and non-liver 
disease with better accuracy by decreasing computational time without 
error.

4. Result and discussion

The experimental outputs of the SPGAN-TOA-LDC technique are 
deliberated in this section. The SPGAN-TOA-LDC is simulated in Python 
utilizing workstation equipped with 11-GEN CPU, Intel Core i7 along 8 
GB RAM (Vishwanatha et al.,2023). The acquired results of the proposed 
SPGAN-TOA-LDC method is compared to the existing CNN-ILPD-LDC 
(Amin et al., 2023), DNN-ILPD-EDL (Varchagall and Adagur
uYogegowda, 2023), KNN-ILPD-LDC (Lanjewar et al., 2022). Table 1
tabulates the simulation parameter.

Fig. 4. Flowchart of TOA to optimize SPGAN parameter.
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4.1. Performance measures

Measurement of classification performance is necessary to determine 
whether the given classification algorithm operates satisfactorily or not. 
The following confusion matrixes are needed to evaluate the perfor
mance measures. 

• True Negative (TN): negative values accurately characterized as 
negative.

• True Positive (TP): positive values accurately characterized as 
positive.

• False Positive (FP): positive values inaccurately characterized as 
negative.

• False Negative (FN): negative values inaccurately characterized as 
positive

4.1.1. Accuracy
The ratio of correctly categorized cases to total cases in the database 

is calculated using Eq. (22), 

Accuracy =
(TP + TN)

(TP + FP + TN + FN)
(22) 

4.1.2. Precision
It computes true positive prediction rate relative to sum of true as 

well as false positive predictions by Eq. (23), 

Precision =
TP

(TP + FP)
(23) 

4.1.3Sensitivity
It scales the ratio of positive rates that are successfully classified 

through the prediction model using Eq. (24), 

sensitivity =
TPa

(TPa + FNT)
(24) 

4.1.3. F-score
It combines precision and recall in a single value and provide a 

balanced estimation using Eq. (25), 

F1 − Score = 2 ×
recall × precision
recall + precision

(25) 

4.1.4. Specificity
This is defined as true negative rate. It is the percentage of liver 

diseases correctly classified by the model using Eq. (26), 

Specificity =
TN

(FP + TN)
(26) 

4.1.5. ROC
ROC provides information about liver disorder in advanced IoT and 

is calculated through Eq. (27), 

ROC = 0.5 ×

(
TP

TP + FN
+

TN
TN + TP

)

(27) 

4.2. Performance analysis

Figs. 5-11 portrays performance analysis of SPGAN-TOA-LDC 
method. The effectiveness of the SPGAN-TOA-LDC is compared with 
existing methods.

Fig. 5 specifies accuracy evaluation. Accuracy is evaluating the 
presentation of SPGAN. The optimized SPGAN improves the model’s 
learning potential by maintaining important semantic properties while 
producing synthetic liver ailment data. It assures that the method 
accurately generalizes to previously unseen data, lowering misclassifi
cation rates and contributes to a high accuracy score. The proposed 
SPGAN-TOA-LDC achieves 20.58 %, 18.73 %, 25.62 %high accuracy for 
liver disease; 30.51 %, 27.96 %, 22.29 % high accuracy for non-liver 
disease compared with existing methods.

Fig. 6 depicts precision estimation. Precision is high because SPGAN- 
TOA successfully distinguishes between liver disorder and non-disorder 
cases. The feature selection and semantic preservation algorithms 
ensure that the classifier learns fine-grained details while reducing the 
amount of false positives. The proposed SPGAN-TOA-LDC achieves 
24.58 %, 28.73 %, 15.62 % greater precision for liver disease; 20.44 %, 
22.96 %, 24.29 % higher precision for non-liver disease compared with 
existing methods.

Fig. 7 represents sensitivity analysis. SPGAN-TOA has great sensi
tivity because it detects liver disorders effectively in complex or 
borderline cases. The GAN-based data augmentation aids in dealing with 
minority class difficulties, ensuring that the method is well-trained in a 
wide range of liver condition data. The proposed SPGAN-TOA-LDC 
approach achieves 26.78 %, 15.47 %, and 22.67 % greater sensitivity for 
liver disease; 22.73 %, 21.42 % and 19.79 % better accuracy for non- 
liver disease compared with existing methods.

Fig. 8 shows f-score analysis. This is high because precision and recall 
are evenly balanced. SPGAN provides high-quality synthetic samples 
that improve class distribution while avoiding data imbalance diffi
culties. The proposed SPGAN-TOA-LDC achieves 21.18 %, 23.72 %, 
17.67 % greater f-score for liver disease analysis; 20.68 %, 21.80 % and 
24.69 % greater f-score for non-liver disease than existing methods.

Fig. 9 depicts specificity analysis. The model’s high specificity stems 
from its ability to accurately remove healthy cases from being mis
classified as ill. This lowers the false positive rate and enhances speci
ficity. The proposed SPGAN-TOA-LDC method attains 20.58 %, 19.73 % 
and 23.62 %higher specificity for liver disease; 28.54 %, 27.77 % and 
15.29 % higher specificity for non-liver disease compared with existing 
methods.

Table 1 
Simulation Parameter.

Parameter Values

Learning Rate 0.0002
Batch Size 32
Number of Epoch 100
Loss Function Binary Cross-Entropy (BCE) + MSE Loss
Generator Layers 4 Conv Layers + BatchNorm + ReLU
Discriminator Layers 4 Conv Layers + LeakyReLU + Dropout
Population Size 50
Number of Iterations 100
Dropout Rate 0.5
Regularization L2 Regularization (λ = 0.0001 – 0.001)
Selection Mechanism Fitness-Based Selection
Crossover Probability 0.8
Convergence Criterion Threshold-Based Improvement

Fig. 5. Accuracy analysis.
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Fig. 10 shows ROC estimation. SPGAN boosts the techniques capa
bility to discriminate among liver disorder, non-disorder instances by 
creating realistic synthetic samples that improve decision bounds. As a 
result, the ROC is large, showing that the classifier performs well across 
a range of threshold values, assuring reliable classification performance. 
Thresholds for the ROC curve in the SPGAN optimized with the TOA are 
determined to balance sensitivity and specificity while maximizing the 
ROC. Cross-validation and domain-specific factors are used in the pro
cedure, with the goal of reducing false negatives in medical contexts. 
The proposed SPGAN-TOA-LDC achieves 32.30 %, 30.92 %, 27.37 % 
high ROC compared with existing methods.

Fig. 11 depicts computational time analysis. Computational time is 
reduced due to TOA’s efficient hyperparameter tuning and SPGAN’s 
ability to generate high-quality, representative synthetic data. The al
gorithm ensures that the model converges faster and with fewer itera
tions by eliminating redundant features and maximizing learning rates. 
Despite the intricacy of the model, the overall computational cost is 
acceptable, making the proposed method suitable for real-world appli
cations. The SPGAN-TOA-LDC attains 280 s, 250 s and 240 s less 

Fig. 6. Precision analysis.

Fig. 7. Sensitivity analysis.

Fig. 8. F-score analysis.

Fig. 9. Specificity analysis.

Fig. 10. ROC analysis.

Fig. 11. Computational time analysis.

Table 2 
Performance analysis of computational efficiency metrics.

Performance 
analysis

Methods

CNN- 
ILPD-LDC

DNN- 
ILPD-EDL

KNN- 
ILPD-LDC

SPGAN-TOA-LDC 
(proposed)

Memory 
consumption 
(GB)

5.4 4.3 4.8 3.2

Inference Time 
(ms)

23 34 20 12

Power consumption 
(Wh)

156 148 116 95
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computational time compared with existing models.
Table 2 shows the performance analysis of computational efficiency 

metrics. When compared to baseline approaches, the proposed SPGAN- 
TOA-LDC method outperforms them in terms of computational effi
ciency. It has the lowest memory consumption of 3.2 GB, considerably 
lowering resource utilization. The inference time of 12 ms is the fastest, 
allowing for real-time forecasts with minimal latency. Furthermore, 
power consumption of 95 Wh is the lowest, resulting in increased energy 
efficiency. These findings demonstrate the efficiency of optimization 
algorithms role in lowering computing costs while retaining good 
performance.

Table 3 compares the performance of proposed and existing methods 
and shows their 95 % confidence intervals for accuracy, precision, 
sensitivity, f-score, specificity. The confidence intervals show the range 
within which genuine performance numbers are predicted to fall with 
95 % certainty. The DNN-ILPD-EDL exhibited the best accuracy of 99.47 
% but somewhat worse precision and recall than others. KNN-ILPD-LDC 
provided balanced performance with high specificity of 98.20 %, 
whereas SPGAN-TOA-LDC performed competitively across all parame
ters. The tight confidence intervals of ± 0.09 indicate strong depend
ability and consistency for the stated performance results.

Table 4 compares classification performance across five dimensions 
as accuracy, precision, sensitivity and ROC. The accuracy stays high 
across all folds, with an average of 99.12 %, suggesting great overall 
performance. Precision of 98.32 % indicates less false positive rate, and 
sensitivity of 96.68 % demonstrates the method’s capacity to detect true 
positives. The ROC is 0.97, indicating excellent class discrimination. 
Variations between folds imply model robustness with occasional swings 
in Sensitivity, presumably due to data distribution variations. The model 
operates well and is highly reliable.

Table 5 presents a comparative analysis of four data augmentation 
methods evaluated on key metrics. SPGAN delivers the most effective 
results through its 15.2 FID score, 0.89 diversity level, 5.1 % false pos
itives and 50 epoch convergence speed. SPGAN outperforms both Syn
thetic Minority Over-sampling Technique (SMOTE) (Elreedy et al., 
2024) and Adaptive Synthetic Sampling (ADASYN) (Elshaboury et al., 
2024) since it creates semantically meaningful and realistic samples 
through its generation process. The performance of Vanilla GAN (Bisht 
et al., 2024) is moderate yet it does not achieve the semantic consistency 
that SPGAN provides. SPGAN delivers exceptional data augmentation 
through its ability to create meaningful clinical data which improves 
classification accuracy while minimizing errors and training time.

Table 6 presents the cross-dataset generalization performance of the 
proposed SPGAN–TOA–LDC model. The model displayed better gener
alization output when trained on ILPD data and evaluated on BUPA data 
resulting in 97.80 % accuracy and 0.98 AUC. The BUPA → ILPD eval
uation yielded 96.50 % accuracy with 0.97 AUC score. The technique 
demonstrated greater accuracy of 97.50 % when tested using ILPD → 
SPGAN synthetic data and the model demonstrates effective general
ization capabilities while preventing overfitting based on the results 

presented for both real and synthetic datasets. The ILPD self-test ach
ieved the best accuracy rate at 99.63 % which indicates optimal within- 
distribution performance.

4.3. Computational complexity analysis

Tyrannosaurus Optimization Algorithm like other metaheuristic 
optimization techniques has a computational complexity primarily 
influenced by a count of iterations I and population size M. The time 
complexity per iteration depends on the cost function evaluation and the 
search mechanism, typically requiring O(M.h(d)) operations, where h(d)
represents the complexity of evaluating the fitness functions, d is the 
dimensional search space. The proposed method follows a global 
exploration and local exploitation strategy, leading to an overall 
complexity of O(I.N.h(d)).

Fig. 12 portrays computational complexity evaluation. The graph 

Table 3 
Performance analysis of proposed SPGAN-TOA-LDC.

Performance 
metrics 

Methods

CNN- 
ILPD-LDC

DNN- 
ILPD-EDL

KNN- 
ILPD-LDC

SPGAN-TOA-LDC 
(proposed)

Accuracy (95 % 
CI)

99.14 ±
0.09

99.47 ±
0.09

99.38 ±
0.09

99.63 ± 0.09

Precision (95 % 
CI)

96.74 ±
0.09

96.17 ±
0.09

96.83 ±
0.09

96.97 ± 0.09

Sensitivity (95 % 
CI)

98.97 ±
0.09

96.69 ±
0.09

96.25 ±
0.09

96.43 ± 0.09

F-score (95 % CI) 98.69 ±
0.09

96.11 ±
0.09

98.25 ±
0.09

97.24 ± 0.09

Specificity (95 % 
CI)

97.30 ±
0.09

97.55 ±
0.09

98.20 ±
0.09

98.34 ± 0.09

Table 4 
K-fold validation results.

Fold Accuracy (%) Precision (%) Sensitivity (%) ROC

1 99.1 97.85 97.45 0.98
2 99.6 98.10 96.18 0.99
3 99.5 98.32 97.75 0.97
4 98.10 99.24 96.40 0.97
5 99.30 98.10 95.62 0.96
Average 99.12 98.32 96.68 0.97

Table 5 
Comparative Analysis of Augmentation Methods.

Augmentation 
Method

FID 
Score

Diversity 
Score

False Positives 
(%)

Epochs to 
Converge

Vanilla GAN 20.5 0.82 9.8 60
SMOTE 28.7 0.72 17.3 80
ADASYN 26.5 0.70 16.0 85
SPGAN (proposed) 15.2 0.89 5.1 50

Table 6 
Cross–Dataset Generalization Results.

Train → Test Accuracy Precision Sensitivity Specificity AUC

ILPD → BUPA 97.80 % 96.75 % 96.45 % 97.10 % 0.98
BUPA → ILPD 96.50 % 96.31 % 96.80 % 96.90 % 0.97
ILPD → SPGAN 

Synthetic
97.50 % 97.10 % 97.00 % 97.50 % 0.98

SPGAN Synthetic → 
ILPD

96.90 % 96.50 % 96.31 % 96.70 % 0.97

ILPD (self–test) 99.63 % 98.92 % 98.27 % 98.14 % 0.99

Fig. 12. Computational complexity analysis.
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analyzes the computational complexity under CPU processes along input 
size. The SPGAN-TOA-LDC achieves less time complexity, shows better 
proficiency than other models, this become gradually problematic as 
raises the input size. It proves the scalability of SPGAN-TOA-LDC.

4.4. GAN training dynamics

Fig. 13 shows Generator vs. Discriminator Loss Curve and it illus
trates the training dynamics of SPGAN by plotting generator and 
discriminator loss curves over 100 iterations and the combined plot 
shows that both discriminators loss and generators loss start from high 
initial values before reaching a stable plateau at iteration 40. The 
training process shows no sudden spikes or oscillations because both 
networks avoid mode collapse and gradient vanishing. The discrimi
nator achieves faster convergence than the generator because its loss 
values remain consistently lower than those of the generator which in
dicates its ability to detect real from synthetic samples. The steady 
decline of loss values during training demonstrates balanced adversarial 
training and validates the effectiveness of gradient clipping and batch 
normalization methods. The experimental results show that SPGAN 
maintains stable convergence together with semantic consistency 
throughout the process.

4.5. Ablation study

Table 7 shows the ablation study and importance of all components 
of SPGAN-TOA-LDC framework.

The ablation study examines the effects of several components on 
model performance. Removing DSMFF reduces accuracy of 96.56 % and 
sensitivity of 94.15 %, demonstrating its importance in feature extrac
tion. Excluding HOA significantly reduces sensitivity of 96.78 %, 
demonstrating its importance in optimization. Without TOA, sensitivity 
increases of 98.56 %, but accuracy decreases of 95.78 %, indicating that 
TOA helps balance performance. The proposed SPGAN-TOA-LDC model 
attains the greatest 99.16 % accuracy and 99.14 % F-score, demon
strating its ability to improve the efficacy of overall prediction.

4.6. Statistical analysis

Table 8 exhibits ANOVA to compute the performance variations mid- 
different approaches by analyzing the other models. The analysis ex
emplifies variations amongst between and within the models to 
accepting SPGAN-TOA-LDC effectiveness.

The ANOVA Table 8 assesses the statistical significance of differences 
in classification models for liver condition identification. The Sum of 
Squares (SS) quantifies the variation, with Between Groups SS of 450.23 
representing variance caused by different models and Within Groups SS 
of 920.45 showing individual differences within each model. The F- 
Value of 8.76 reflects the ratio of inter-group to intra-group variation, 
while the P-Value of 0.0021 validates statistical significance of P < 0.05, 
indicating that one model outperforms others. This validates the effi
ciency of the SPGAN, which is optimized with the TOA for liver disorder 
categorization.

4.7. Discussion

The proposed SPGAN-TOA-LDC offers a novel and cutting-edge 
method for the early liver diseases identification to address the urgent 
need for precise classification in healthcare. This model utilises a wide 
range of SPGAN and integrates them across the diagnostic techniques. 
The data preprocessing using DSMFF is used to remove redundant in
formation from the ILPD. In the feature extraction process, the Quater
nion offset linear canonical transform is used to extract important 
information from higher dimensions to lower dimensions. The experi
mental evaluation of the proposed SPGAN-TOA-LDC method demon
strates its superiority over existing techniques.

The HOA consistently selected four features that directly match 
clinically accepted hepatic dysfunction biomarkers including total bili
rubin, alanine aminotransferase (ALT), albumin–globulin ratio and 
alkaline phosphatase. The conjugation pathways become impaired 
when total bilirubin levels rise and ALT activity indicates hepatocellular 
damage. The albumin–globulin ratio demonstrates liver synthetic 
function and inflammatory state while elevated alkaline phosphatase 
indicates cholestasis. The selection of these features by HOA improves 
both model classification performance and maintains a connection to 
proven pathophysiological mechanisms which enhances clinical inter
pretability and practical application.

5. Conclusion

In this paper, SPGAN optimized with TOA for liver disorder classi
fication was implemented successfully. The SPGAN-TOA-LDC achieves 
79.68 %, 80.97 % and 76.36 % greater accuracy 30.10 %, 31.97 % and 
29.86 % greater sensitivity and 28.48 %, 31.40 % and 32.46 % greater 
ROC compared with existing models.
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Fig. 13. Generator vs. Discriminator Loss Curve.

Table 7 
Ablation Study.

Ablation Mode Accuracy 
(%)

Precision 
(%)

sensitivity 
(%)

F-score 
(%)

Without DSMFF 96.56 95.14 94.15 93.67
Without HOA 97.12 96.23 96.78 95.17
Without TOA 95.78 97.12 98.56 97.23
SPGAN-TOA-LDC 

(proposed)
99.16 98.92 99.27 99.14

Table 8 
ANOVA examination.

Source of Variation SS DF MS F-value P-value

Between Methods 450.23 2 225.12 8.76 0.0021
Within Methods 920.45 37 24.87 ​ ​
Total 1370.68 39 ​ ​ ​
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