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ABSTRACT 

In the living organism, almost entire cell functions are performed by protein-protein interactions. As 
experimental and computing technology advances, yet more Protein-Protein Interaction (PPI) data becomes 
processed, and PPI networks become denser. The traditional methods utilize the network structure to 
examine the protein structure. Still, it consumes more time and cost and creates computing complexity 
when the system has gene duplications and a complementary interface. This research uses gene expression 
patterns to introduce a deep artificial ecosystem for gene duplication counting and cancer cell prediction. 
The main objective of this research is to predict the MYC proteins influence level, which is in charge of 
controlling cell growth and death in gene expression of lung cancer. Small body parts are responsible for 
these protein interactions, which are crucial for understanding life's activities. To achieve the research 
objective, a similarity-based clustering approach is employed for gene duplication counting, and Artificial 
Ecosystem Optimizer based Minimal Gated Recurrent Unit network (AEOMGRU) network-based 
approach is introduced to predict the cancer gene patterns. The proposed models' efficiency is compared to 
recently develop bio-inspired optimizer deep neural network techniques such as GAANN, PSOANN, and 
classic GRU. The efficiency of the proposed classifier shows the highest concerning the performance 
metrics weight average accuracy ratio of 99.08%, average precision rate of 99.2%, least root mean square 
error of 0.2%, and least mean absolute error of 0.5%. 

Keywords: Protein-Protein interaction, MYC Protein structure, Clustering, Gene duplication counting, 
Lung cancer, Minimal GRU network 

1. INTRODUCTION 

Protein-protein interactions PPIs [1] are physical 
contacts of high specificity established between 
two are more protein molecules as an effect of 
biochemical reaction steered by interactions that 
include hydro bounding electrostatic forces and 
hydrophobic effect [2-3]. The PPIs play a 
significant role during the gene duplication 
process, and some of the influence of the protein 
to create disease in human beings MYC, 
FGFR1and ERBB2 [4-6]. Therefore, identifying  
 
the PPIs is important for understanding the 
mechanism of life activity. The below figure 1 
shows the structure [7] of MYC locus (top), gene 
(red line), and MYC protein organization 
(bottom).  It shows that a variety of proteins 

interacts and regulates the MYC protein's activity. 
The Protein produces 439 amino acids.  Gene 
duplication [8] is a key process that creates a new 
genetic organism during molecular development. The 
replication mechanism has been performed in many 
ways, such as the paralogs gene, orthologous gene, 
and d analog gene [9-10]. The paralogs [11] 
replicates genes within the same species. 
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Fig. 1 General Structure of MYC Protein Interaction 
 
In contrast, orthologous [12] replicates genes after 
the speciation event from the same parent gene. In 
analog replication, a gene with similar functions 
and characteristics and presents in different 
species is known as an analog gene [13].  The 
diagrammatical representation of this gene 
replication is shown in figure 2.  
 

 
Fig. 2 General Mechanism of Gene Duplication 

 
The replications of on cogenes [14] play a major 
role in the formative tithe of many cancers. In 
contrast, some abnormal proprotein applications 
counter many types of cancers, according to the 
earlier research [1he, MYC, CCND1, and ERBB2 
proteins are replicated 20%, the FGFR1 and 
FGFR2 are replicated 12% in breast cancer cells. 
The HRAS, KRAS, and MYB proteins are 
replicated 30%, 20, and 15-20% respectively in 
colorectal cancer cells. The CCNE, KRA, S, and 
MET proteins are replicated 15%, 10%, and 
1,0%, respectively, in gastric cancer [16-18]. The 
MYC, ERB,B2, and AKT2 proteins are replicated 
20-30%, 15-30%,and 12% in ovarian cancer. 
According to earlier studies, the MYC protein is 
identified as an influential protein to cause 

cancers like lung cancer, breast cancer, gastric 
cancer, ovarian cancer, and so on [19-21]. Deep 
neural networks are effective in various fields, and 
their use in computational biology is growing by the 
day [22]. Several studies have employed deep 
learning algorithms to predict PPI labels [23-25]. 
As a result of the background analysis, this research 
has primarily focused on the MYC protein's gene 
expression pattern duplication counting based MYC 
gene influence in lung cancer gene expression 
patterns identification and introducing a classification 
tool for predicting cancers causing gene expression 
patterns and a clustering tool for gene duplication 
counting. There are currently only two patterns for 
gene clustering that can be reset or updated, whereas 
this manuscript proposes three patterns. This study 
uses a deep artificial ecology network to quantify 
gene duplications and forecast cancer cells based on 
gene expression patterns. A similarity-based 
clustering methodology is used to count gene 
duplications in this framework. An Artificial 
Ecosystem Optimizer-based Minimal Gated 
Recurrent Unit network (AEOMGRU) network-
based technique is used to forecast cancer gene 
patterns. The main objective of this research is to 
predict the MYC proteins influence level, which 
oversees controlling cell growth and death in gene 
expression of lung cancer. Small body parts are 
responsible for these protein interactions, which are 
crucial for understanding life's activities. However, 
the advantage of AEOMGRU over existing methods 
is that the proposed method can model a collection of 
more efficient records and each pattern can be 
assumed to be dependent on previous ones. 
The research paper has been organized in the 
following manner; section 1 describes the general 
introduction of the problem definition, section 2 
details on the related research works, section 3 brief 
about the methodologies used for gene duplication 
counting and predicting cancers causing gene 
expression patterns, section 4 summarizes the 
evaluation results and discussions of the proposed 
approach. Finally, section 5 confers the conclusion of 
the research findings. 
 
2. RELATED WORKS 

The related research part discussed the earlier 
research on gene duplication problems, protein-
protection problems, cancer protein identification 
problems and was utilized to support this research. 
Lai et al. developed a silicon docking approach to 
predict protein-protein interaction among 16 
BdMAPKs and 86 BdPP2C2s in B. Furthermore, the 
prediction accuracy of the approach is investigated 
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with docking site 3D protein structures. It reveals 
that the docking site also predicts 96 pair 
imparities two proteins and the. The fancy of the 
prediction approach is also evaluated with a 
staring database, which obtained a less false 
positive rate. Jiang et al. created a framework to 
predict patterns of repeated gene evaluation in 
duplicate genes. It analyzes genomes of 90 
different eukaryotes and predicts the number of 
protein families' significant functional 
differentiation during gene duplication. 
Moreover, it can attribute about 6% of recurrent 
sequence evaluation between Paralogs. Dunk and 
Snel constructed a duplicate gene D, gene lossL, 
and horizontal gene transfer T-based DTL 
framework to count the evolution history of a 
gene family.  It came to randomly produce 
histories for a specified size of two dissimilar 
species, the rooted caterpillar and complete binary 
tree. It can also compute the range of exponential 
growth she numbers of histories of random 
species trees size do 25. The evaluation results 
prove that the horizontal gene transfers in a 
dramatic increase in the amount of history. 
Chauve and Ponty presented mathematical 
models for genomic duplication problems. It 
provides ANN algorithmic ANN approach to 
solve the minimum episode ME clustering 
problem. It also combines the first linear time and 
space algorithm for the ME clustering problem at 
any interval. It is also generalized to allow every 
evolution scenario. Paszeka and Gorecki 
introduces a technique to predict the disruption of 
specific protein interactions in cancer patients 
using somatic mutation data and protein 
interaction networks. It uses a smoothing 
approach to score for edge nodes in the 
interaction network, which is used to qualify the 
proximity of each edge to somatic mutation in 
individual samples. Ruffalo and Bar-Joseph 
developed a tool to predict interacting prologs 
between the two protein families, maximizing the 
detectable co-evolutionary signals. Furthermore, 
this approach is generalized to predict on genomic 
co-localization of a gene coding for interacting 
proteins. Gueudre et al. developed a once- 
protein-protein interaction identification protocol. 
It observes the enhanced sensitivity of STK11 
silenced lung cancer cells to the FDA-approved 
CDK4 based on the STK11-CDK4 connectivity. 
The OncoPPI approach is focused on finding the 
PPI resources that link cancer genes into a 
signaling network for predicting the tumor 
vulnerabilities for therapeutic examination. Li et 
al. presented similarity approach for PPIs network 

from the perspective of proteins complementary 
interface and gene duplication to improve the 
prediction accuracy. Chen et al. introduced a novel 
nature-inspired meta-heuristic, an artificial 
ecosystem-based optimization algorithm. This 
approach mimics the three unique behavior of living 
organisms such as production, consumption, and 
decomposition. The efficiency of the new optimizer 
is evaluated with benchmark optimization functions 
for eight real-world engineering problems. The 
evaluating result shows that the new optimizer 
outperforms than comparison algorithms. Zhao et al. 
Applied gated recurrent unit network model for 
wireless intrusion detection problem. The 
performance of the network classifier is tested with 
the NSL-KDD dataset. Also,a comparison has been 
performed with Artificial Neural Network, Feed 
Forward Neural Network, Long Sort Term Memory, 
Random Forest and Naive Bayes. The evaluation 
result shows that the GRU classifier obtained 99.35% 
validation accuracy, which is s maximum accuracy 
rate comparison approaches. Kasongo and Sun 
introduced a bio-inspired deep classifier, which 
integrates the genetic algorithm with the artificial 
neural network GAANN [37]. It replaces the two 
worst solutions for a population with two solutions 
for each population already stored in ANN. The 
classifier is designed to improve the performance as 
well as to reduce the computation time. Jose Anand 
et al. developed a recommended system for 
preference prediction in a multi-criteria 
recommendation system, which is utilized particle 
swarm optimization (PSO) to train ANN. The 
PSOANN integrates the multi-criteria rating 
information system and determining the preferences 
of users. Hamada and Hassan introduced an adaptive 
evolutionary algorithm for predicting negative 
linkages from PPI networks, optimized using the 
Minimum Weak Edge-Edge Domination (WEED) 
set. The approach could increase the quality of PPI 
data, according to the encouraging results achieved 
on the MINT dataset. Izudheen presented the dataset 
generation through Negatome, Random pair, and 
Recombine pair approaches were examined at three 
degrees of development. The N-Gram 
methods were used to accomplish feature extraction 
and feature selection. Support Vector Machine, 
Decision Tree, Neural Network, and Naive Bayes 
classifiers were used in ensemble classification and 
evaluation. The Genetic-PSO method offered an 
improved optimization technique represented through 
the search operation. Three network alignment 
algorithms based on distinct ideas were proposed in 
the reference [41]. They scored a PPI network 
alignment using sequence data, network topology, 
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and subnetwork module data. They then used 
efficient methods (heuristics and convex 
optimization) to generate alignments by 
maximizing the alignment scores. Ge et al. 
introduced a multi-level model LPPI to increase 
large-scale PPI accuracy and speed of large-scale 
PPI prediction. They created a weighted network 
by calculating node similarity using protein 
characteristics. Then, by lowering the size of the 
weighted graph, Graph Zoom was employed to 
speed up the embedding process. The rebuilt 
graph was then used to understand graph topology 
properties using graph embedding methods. 
Furthermore, the chance of two proteins 
interacting was predicted using the linear Logistic 
Regression (LR) model. Su et al, proposed a 
genetic algorithm based on community detection 
for feature selection and compare the efficacy of 
the proposed strategy. Rostami et al. presented 
classifying the data narrowed the possible values 
and eliminated ambiguity.The new method's 
performance was compared to that of well-known 
and state-of-the-art semi-supervised feature 
selection approaches on eight datasets. Rostami et 
al., the author proposed a graph embedding 
method called ExEm that uses dominating-set 
theory and deep learning approaches to capture 
node representations. The extracted expert 
embeddings can be used in various ways. A novel 
strategy uses expert vectors to calculate experts' 
scores and recommends experts extend these 
embeddings into the expert recommendation 
system.Nikzad-Khasmakhi et al. examined the 
accuracy-efficiency trade-off for various 
structured model pruning methods and datasets 
(CIFAR-10 and ImageNet) on TPUs using the 
VGG-16 model as an example (TPUs) and 
demonstrated that structured model pruning could 
significantly reduce model memory usage and 
speed on TPUs without compromising accuracy, 
particularly for small datasets. 

Most of the research works discussed earlier in 
this section focus on partial parts alone, whether 
gene duplication prediction problems or protein-
protein interaction prediction problems. All the 
above-related works failed to integrate similarity-
based gene duplication prediction efficiently and 
the deep learning-based artificial ecosystem 
optimizer. GANN is only expressed in a 
particular tissue type and the early stages of 
development, whereas MYC is found throughout 
the body. MYC, for example, is concentrated in 
the newborn mouse's forebrain, kidney, and 
hindbrain, but it is absent from nearly all the 

animal's tissues in adults. Sun et al.discussed that 
coexist in mutualistic endosymbiosis with the roots of 
most vascular plants as Arbuscular Mycorrhizal 
(AM) fungi, which belong to an early branching 
fungal lineage called Glomeramycotina. With the 
inability of the fungi and plants to work together, 
they need to exchange phosphorus for carbon. This 
helps the plant's nutrition and ecosystem productivity. 
It is only through the exchange of signals with the 
root's cortical cells that they can grow into the root 
cortex and then differentiate into branching 
arbuscules. Skinnider et al. presented the arbuscules 
are housed in apoplastic compartments within the 
cortical root cells and are responsible for exchanging 
nutrients with the host.To combat the coming 
worldwide catastrophe of antibiotic resistance, we 
urgently require new antibiotics. Medical secondary 
metabolism has long been the principal source of 
clinically useful antibiotics. Bioinformatics has found 
many natural antibiotics that are still unidentified. 
Witch weeds, a group of parasitic plants of the genus 
Striga, is a major cause of crop loss in Sub-Saharan 
Africa and a global threat to agriculture. Due to a 
paucity of genetic information, it's been difficult to 
understand Striga parasite biology, which could lead 
to agricultural remedies. During the development of 
Striga's haustorium, genes involved in lateral root 
development were found to be co-opted, suggesting a 
partially co-opted pathway during the evolution of 
the haustorium. Yoshida et al. presented that most 
species have smaller genomes than expected based on 
polyploidy prevalence in their lineages, suggesting 
selection for genome shrinking. However, when 
ancestral GS is compared to the occurrence of 
ancestral polyploidy, it appears that DNA loss after 
polyploidy was extremely minimal.After polyploidy, 
selection may favor genome downsizing due to two 
hypotheses: reducing the cost of nucleic acid 
synthesis in both the nucleus and the transcriptome I 
by decreasing nitrogen (N) and phosphate (P) in the 
nucleus, and (ii) by reducing the effect of GS scaling 
effects on cell size, which affects CO2 uptake and 
water loss.The performance metric of many 
approaches demands improved results in protein-
protein interaction prediction. Still,MYCresearches 
are considered as incomplete without interlinking 
concepts and in this research utilizes after protein-
protein interaction the MYC protein's gene 
expression pattern duplication counting based MYC 
gene influence in lung cancer gene expression 
patterns identification has been mainly focused in this 
research to resolve the research gab in the earlier 
studies and also introduce a classification tool to 
predicting cancers causing gene expression patterns 
and a clustering tool for gene duplication counting. 
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The following steps archive the research motive. 
The lung cancer gene expression patterns are 
taken to count the gene duplication percentage 
using Similarity-based clustering. Anticancer 
gene patterns are utilized for training and 
predicting cancer by thee using the AEOMGRU 
network. The subsequent section describes the 
methodologies are used to archive the objective of 
this research. 
 
3. PROPOSED METHODOLOGY 

 

Fig. 3 Proposed Methodology Flow diagram 
 
Figure 3 illustrates the workflow of the research 
work; it offers two different approaches 
functionality to solve the oncogene gene and 
protein prediction. Initially, the Gene patterns are 
collected from data sources, and the gene patterns 
are taken for preprocessing.  The preprocessed 
gene patterns are taken as input to the clustering 
algorithm, the similarity approach utilized to form 
a gene cluster, and the clustered genes are ranked 
to count the gene duplication. The MYC proteins 
family influence levels in lung cancer genes are 
identified. The second approach is 
AEOMnetwork-based based lung cancer gene 
pattern classification. The detailed descriptions of 
the approaches are explained in subsequent 
sections.  
 
Data source  

This section discusses the data sources utilized to 
evaluate the efficiency of the classification and 
clustering tool. The MYC protein is identified as 
an influential protein to cause cancers like lung 

cancer, breast cancer, gastric cancer, ovarian 
cancer,etc. Therefore, the MYC protein's gene 
expression pattern dataset has been taken from this 
research's publicly available NCBI [43] database. The 
dataset contains a high volume of gene expression 
patterns with irrelevant information. During the 
preprocessing, the irrelevant details are removed 
before processing. The gene patterns are represented 
in text format. The classification model is trained 
with 85% of gene patterns and the remaining 15% of 
gene patterns taken to test network performance.  

 
Fig. 4 Sample Genome Pattern and Data Viewer 

 
Protein structure is determined by the sequence of 
amino acids and by local, low-energy chemical bonds 
between atoms in the polypeptide backbone and 
amino acid side chains. The structure of a protein is 
critical to its function; if a protein loses its shape 
structurally, it may no longer be useful. Figure 4 
illustrates the genome data viewer, which contains 
details of cancer-causing proteins gene expression 
patterns, gene names, and location in the 
chromosome, etc. The clustered gene patterns are 
compared with the help of this information,an online 
genome data viewer tool offered by NCBI.  
https://www.ncbi.nlm.nih.gov/genome/gdv/browser/g
enome/?id=GCF_000001405.39. 
 
Data Preprocessing and Normalization  

The gene expression patterns collected from 
microarray have come in the text; therefore, 
processing the text data directly in any machine 
learning algorithm is possible. So the collected gene 
pattern is normalized using the bag of the word (bow) 
approach. The output values of the bow function have 
been normalized in standard form by using the 
following derivation, 

𝐺𝑃  =  𝑛𝑜𝑟𝑚𝑎𝑙𝑖𝑧𝑒 (𝐺𝑃 ) 𝐺𝑃

= 𝑟𝑎𝑛𝑑(1, 4);             
𝐺𝑃 = 𝐺𝑃 ∗ 20;                 (1) 
The above eq.(1) is used to normalize the converted 
gene pattern. This normalized gene vector is utilized 
for cluster-based gene duplication counting and 
AEOMGRU network-based cancer gene pattern 
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prediction. The Similarity-based gene clustering 
for duplication count is described in the 
subsequent sections. 
 
Similarity-based gene clustering for 
Duplication Count  

The gene duplication counting approach contains 
two steps first is similarity gene clustering and 
ranking-based duplication counting.  

Similarity-based gene Clustering 

Clustering is an essential process in gene 
duplication counting. During the clustering 
process, similar patterns are clustered and ranked 
before gene duplication counting. The 
mathematical representation of gene similarity 
[44] based clustering is given as follows, 

𝑠𝑖𝑚 𝐺𝑃, 𝐶 = 1 −
∑ ∑

∑ ∑
 (2) 

Where𝐺𝑃Denotes gene features and𝐶Denotes the 
gene cluster's centroid value. Idenote the position 
of gene pattern, and j denotes the position of gene 
feature. The𝐺𝑃 Denotes the ith gene pattern'sjth 
feature value, and 𝑠𝑖𝑚 𝐺𝑃𝐶  is used to calculate 
Similarity among gene patterns and a cluster 
centroid. if a gene value and centroid values get 
maximum Similarity, then that gene points can 
belong to that group, calculated using the eq. (2). 
Mathematical derivation to calculate centroid 
value as follows, 

𝐶 =  
∑ ∑

   (3) 

Where𝐺𝑃  denote the position of gene patterns 
belongs to kthcaluster, in eq. (3)𝐶It is used to 
calculate the centroid value for each cluster, and 
𝑁denotes the total number of genes patterns in 
kthgene cluster. Mathematical derivation to 
calculate Similarity among centroids is 
represented as follows, 

𝑠𝑖𝑚 𝐶 , 𝐶 = 1 −
∑ ∑

∑ ∑
 (4) 

Where𝐶  denotes centroid value of ithgenecluster 
and𝐶  denotes the centroid value of jthgene 

cluster, in eq. (4) 𝑠𝑖𝑚 , 𝐶  is used to calculate the 
Similarity among two-gene cluster centroid. If 
two gene clusters have maximum similarity, then 
these two clusters are merged and forma new 
cluster. 
 Initially, the cluster center is randomly selected 
to calculate Similarity among each gene pattern. 
Each gene cluster's centroid updates its value for 

each iteration by calculating the mean of clustered 
gene patterns value. This gene clustering process has 
been performed until cluster gene pattern values 
remain unchanged for two more iterations.  
 
Gene Duplication Counting 

Gene duplication counting is a significant process to 
identify influential proteins gene patterns. In this 
research similarity-based approach is utilized to 
count the influential gene pattern in lung cancer gene 
expression patterns. Mathematical derivation to 
calculate Similarity among ranked gene patterns with 
cancer-causing proteins gene patternsare represented 
as follows, 

𝑠𝑖𝑚 𝑅𝐺𝑃, 𝐺𝑃 = 1 −
∑ | |

∑ ( )
𝑅𝐺𝑃 =

𝑚𝑎𝑥 𝐶 𝑖 ∈ 1, … 𝑘  (5) 
Where in eq.(5𝑅𝐺𝑃Denotes the ranked gene, and  𝐺𝑃 
denotes the manually collected cancer-causing 
genepatterns, and 𝑚𝑎𝑥 𝐶 The gene clustering 
process has been performed to group similar gene 
patterns for gene ranking. It is used to rank gene 
patterns based on a maximum similarity value. The 
topmost ranked gene values were selected from each 
cluster after ranking. 
 
Multiview Surveillance Techniques 

F-DES-Fast and deep event summarization method 
successfully reduces video content while retaining 
important information such as events, according to 
the results of experiments. Real-time applications 
require the system to be up and running to do 
so.Equal partition-based approach for event 
summarization in videos:For video,to obtain the 
optimal number of key-frames without incurring 
additional computational costs by implementing 
Davies-Bouldin Index, a cluster validation technique. 

Event bagging: A novel event summarization 
approach in Multiview surveillance videos:It used a 
meta approach to train the ensembles so that the 
interdependency and illumination changes of views 
have taken into account during the training 
phase.Deep event learning boost-up approach:The 
work demonstrates an efficient and accurate 
technique for detecting and summarizing the event in 
multi-view surveillance videos using boosting, a 
machine learning algorithm, as a solution. It is 
possible to capture interview dependencies across 
different video views by using weak learning 
classifiers in the boosting algorithm. 
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The model may perform better by SOMS: an 
efficient SOM technique for event summarization 
in multi-view surveillance videos for real-time 
applications, such as surveillance and security 
systems. Our proposed SOM-based 
summarization technique is compared to current 
state-of-the-art models using both qualitative and 
quantitative assessment.HDML: Habit detection 
with machine learning:The HDML model 
analyses our mood and suggests activities that 
improve our mood when we are in a bad mood or 
unproductive state. The model's overall accuracy 
is around 87.5 percent. 
DCR-HMM: Depression detection based on 
Content Rating using Hidden Markov Model:The 
use of a Hidden Markov Model to detect 
depression using a new method based on how 
depressed the subject rates the content (HMM). 
The subject has shown a series of materials and, 
depending on how the subject reacts, predicts 
whethera subject is depressed.Stock Price 
Prediction Using Recurrent Neural Network and 
Long Short-Term Memory: The recommended 
model uses a different approach. Instead of using 
data for a specific model, latent dynamics of the 
data set are identified with the help of deep 
learning algorithms. 
Text query-based summarized event searching 
interface system using deep learning overcloud:A 
deep learning framework extracts the features of 
moving objects in the frames. Local alignment 
captures the dependencies between different 
views of the video.Prediction of Liver Disease 
Using Grouping of Machine Learning Classifiers 
and many more: The Indian Liver Patient dataset 
was used. The results show that using grouping 
classification algorithms improves the accuracy of 
illness forecasting substantially. 
This research identifies the MYC protein 
influence in gene duplication in lung cancer cells 
using gene duplication counting. These genes 
pattern values are compared with cancer-causing 
proteins gene patterns values. If a gene value gets 
maximum Similarity with the comparison gene 
pattern value, then the appropriate cluster's genes 
are taken for gene counting. Implementation of 
BLAST or FASTA algorithm for fast results for 
protein similarity searches, the BLAST algorithm 
does not produce the most accurate results 
possible; there is a significant risk that BLAST 
will miss a distant similarity between sequences 
that can be readily detected. During the evaluation 
process, the Similarity-based gene duplication 
counting approach is measured. The nearly 14% - 
15% of MYC protein gene duplication pattern has 

been identified in the lung cancer gene expression 
dataset. The subsequent section discusses the 
AEOMGRU based cancer proteins gene patterns 
classification. 
 
AEOMGRU based Cancer Proteins Gene Patterns 
Prediction   

The gated recurrent unit GRU network is an add-on 
version of the Long Short Term Memory (LSTM) 
network. The GRU network and LSTM work similar, 
but it doesn't use a cell layer to transfer data. The 
GRU network has several benefits over LSTM, such 
as less expensive and faster performance. During the 
network train, the current input is learned from its 
previous hidden layer node's output. The minimal 
gated unit is similar to the fully connected gated unit. 
Still, thesenetworks work slightly differently than 
fully connected; GRU, the update and reset gate 
vector, is fused as forget gate. According to earlier 
research, the gated units perform well for polyploidy 
sequence-related dating problems. These proteins are 
frequently mixed structures for stereochemical, with 
the theory being that the helices link the parallel 
strands that form the sheet. Parallel processing can be 
performed based on the methods. 

Therefore, the minimal gated recurrent unit has been 
utilized in this research to predict the cancer-causing 
protein's gene patterns.  The classic minimal GRU 
network using the gradient descentoptimizer to 
update network weight by back-propagating the 
network, but this approach is simple. It consumesa lot 
of time to predict desired results. It is a global 
optimization approach, and it takes less computation 
time to reach global minima. Therefore, the artificial 
ecosystem optimizer has been utilized to resolve the 
issues mentioned above in the classic optimizer in the 
gated recurrent unit network model. The efficiency of 
the bio-inspired optimizer has already been used in 
related work parts.   
The following derivations of the classifier areused to 
perform the gene pattern prediction process,  
𝐺𝑃 = 𝐺𝑃 𝐺𝑃 … 𝐺𝑃 𝐺𝑃 ⋮ 𝐺𝑃 ⋮ ⋯ 𝐺𝑃 ⋮⋮

𝐺𝑃 𝐺𝑃 … 𝐺𝑃    (6) 
Where in eq.(6), the GP denotes cancer-causing 
proteins gene pattern vector, which contains the 
number of gene patterns and j number of gene 
features and𝐺𝑃 Denotes the position of input gene 
pattern feature value.  The minimal gated recurrent 
unit generally uses sigmoid and tangent activation 
functions to decide state activation for each node 
operation.   
𝑓𝑜𝑟 = 𝜎 (𝑊 𝐺𝑃 + 𝑈 ℎ + 𝑏𝑖 )𝜎(𝑎𝑐) =

(1 + 𝑒 )  (7) 



 
Journal of Theoretical and Applied Information Technology 

30th September 2022. Vol.100. No 18 
© 2022 Little Lion Scientific  

 

ISSN: 1992-8645                                                                    www.jatit.org                                                    E-ISSN: 1817-3195 

 
5239 

 

Ineq.(7), the𝑓𝑜𝑟  denotes the forget gate value at 
time t and the symbol𝜎  denotes the sigmoid 
activation function gate, 𝑎𝑐 denotes the actual 
gene pattern class value, and 𝑝𝑐denotes the 
predicted class value. The default threshold range 
of the sigmoid activation is denoted as sigmoid (0 
1), 0 represents an unsuccessful node, and 1 
represents a successful node. Still, the values 
between >0 and <1 are considered for back-
propagation. The𝑊 𝐺𝑃  denotes the weight of 
each forgets gate node of gene pattern at time t, 
𝑈  denotes the learning rate of the forgets gate, 
theℎ  denotes the currently hidden nodes input 
value and the𝑏𝑖 The forget gate node calculates 
the sigmoid value for input gene patterns and 
currently hidden nodes and parameters values. 
Denotes bias assigned for each forget node. 
Finally, the sigmoid gate decides whether to keep 
node value or ignore based on the state activation 
threshold. 
ℎ = 𝜕ℎ(𝑊ℎ𝐺𝑃 + 𝑈ℎ(𝑓𝑜𝑟 ∗ ℎ ) +

𝑏𝑖ℎ)𝜕(𝑎𝑣) = =    (8) 

In eq. (8)ℎ  denotes the candidate vector value 
at time t and the symbol𝜕ℎ denotes the tangent 
activation function gate for each candidate, 𝑎𝑐 
denotes the actual glass value of 
neattern,d,and𝑝𝑐denotes the predicted class value. 
This activation function decides the activation by 
using 𝜕(𝑎𝑣)Value the, which is calculated by 
dividing t𝑠𝑖𝑛 𝑠𝑖𝑛(𝑎𝑣) value and 𝑎𝑣) value. The 
default threshold range of the tangent activation is 
denoted as tangent (-1 1), -1represents an 
unsuccessful node,and 1 represents successful 
node b, at the values between >-1 and <1 is 
considered for back-propagation. 
𝑊ℎ𝐺𝑃 denotesthe weight of each hidden 
candidate output node's output of gene pattern at 
time t, and the𝑏𝑖ℎ Denotesassigned for each 
hidden candidate node's output. The candidate 
vector calculates the agent at value for each gene 
pattern along with the current hidden node's value 
and for gesereget t node's favor time stamp prime 
stamp. Finally, the tangent gate decides whether 
to keep node value or ignore based on the state 
activation threshold.   
𝑜 = (1 − 𝑓𝑜𝑟 ) ∗ ℎ + 𝑓𝑜𝑟 ∗ ℎ  (9) 
In eq.,(9) 𝑜  denotes the output gate value at time 
t and the symbol𝑓𝑜𝑟  denotes the candidate vector 
value at time t, the𝑊ℎ denotes the weight of each 
hidden candidate output node's output, and t𝑏𝑖ℎ 
denotes bias assigned for each hidden candidate 
node output. Finally, the output gate node learns 
the successful gene patterns features value base 

for getting the candidate vector values after the 
element-wise visitations. The output node store stores 
predicted values for each pattern when the gemmoid 
gate and tangent gate's predicted value is near the 
activation threshold (gene patterns class value; 
otherwise, back-propagate the network using an 
artificial ecosystem optimizer until the specific time 
stamp gets over. The network weights have been 
updated using AEO operators such as producer, 
consumer, and decomposer. The production operator 
is represented as follows, 

𝐺𝑃 (𝑡 + 1) = (1 − 𝑙𝑐)𝐺𝑃 (𝑡) + 𝑙𝑐𝐺𝑃 (𝑡)𝑙𝑐

= 1 −
𝑡

𝑀𝐼
𝑟  

𝐺𝑃 = 𝑟(𝑈 − 𝐿) + 𝐿  (10) 
wherein eq. (10) i denotes the size of the gene pattern 
population, MI denotes the maximum iteration L, and 
U denotes the lower and upper limits,  𝑟 denotes the 
random vector. Its range is [0,1], the lc is denoted 
linear coefficient value. Th𝐺𝑃  is randomly 
calculated gene feature from the population.  
The consumer factor operator is represented as 
follows, 
𝐺𝑃 (𝑡 + 1) = 𝐺𝑃 (𝑡) + 𝐶𝑁 ∗ 𝐺𝑃 (𝑡) − 𝐺𝑃 (𝑡) , 𝑖 ∈

[2, … . , 𝑛]  

𝐶𝑁 = ∗
| |

𝑤ℎ𝑒𝑟𝑒𝑣 ~𝑁𝐷(0,1), 𝑣 ~𝑁𝐷(0,1)

 (11) 
Where in eq. (11) the consumption factor is denoted 
as 𝐶𝑁,𝐺𝑃 Denotes the position of gene feature and 
the 𝑁𝐷(0,1)Denotes the normal distribution range of 
mean𝑣 And standard deviation𝑣 .The consuming 
behavior of carnivores is represented as follows,   

𝐺𝑃 (𝑡 + 1) = 𝐺𝑃 (𝑡) + 𝐶𝑁 ∗ 𝐺𝑃 (𝑡) − 𝐺𝑃 (𝑡) , 𝑖 ∈

[3, … . , 𝑛]  
𝑗 = 𝑟𝑎𝑛𝑑([2𝑖 − 1])  (12) 
wherein eq. (12) j denotes the random number 
generator, which is generated random number by 
calculating 2𝑖 − 1. The consuming behavior of 
omnivore is represented as follows,  

𝐺𝑃 (𝑡 + 1) = 𝐺𝑃 (𝑡) + 𝐶𝑁 ∗ 𝑟 ∗ 𝐺𝑃 (𝑡) −

𝐺𝑃 (𝑡) + (1 − 𝑟 )(𝐺𝑃 (𝑡) − 𝐺𝑃 (𝑡))  

𝑤ℎ𝑒𝑟𝑒𝑖 ∈ [3, … . , 𝑛]𝑗 = 𝑟𝑎𝑛𝑑([2𝑖 − 1]) (13) 
Where in eq. (13), the𝑟 IsIt also a random number 
generator, but the range value is between [0, 1]. The 
decomposition behavior is represented as follows,  
𝐺𝑃 (𝑡 + 1) = 𝐺𝑃 (𝑡) + 𝐷𝐶 ∗ 𝑒 ∗ 𝐺𝑃 (𝑡) −

ℎ ∗ 𝐺𝑃 (𝑡) .     
𝑤ℎ𝑒𝑟𝑒,   
𝐷𝐶 = 3𝑢,   𝑢~𝑁𝐷(0,1)  
𝑒 = 𝑟 ∗ 𝑟𝑎𝑛𝑑𝑖([1,2]) − 1   
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ℎ = 2 ∗ 𝑟 −
1                                                                       
  (14) 
Where in eq. (14thee e, h, DC denotes the 
parameter to generate random numbers and 
normal distribution values. 
The AEO starts the optimization by randomly 
generating a gene pattern population to update the 
network weight during the backpropagation. At 
each timestamp, the first gene pattern features 
update its weight based on eq. (10), and for the 
other gene pattern features same probability is 
used to choose among eq. (11), eq. (12) and eq. 
(13) to update their weights. If every gene feature 
gives the store the best value, it is accepted, as 
best, and each gene feature updates its weight 
based on eq. (14). When the predicted gene 
feature value goes out of the lower or upper 
threshold value of activation function during the 
network weight updating process, the optimizer 
randomly generates gene patterns. The networks 
node's weight updating process has been 
performed until it reaches the specified timestamp 
count.  

 
Fig. 5 General Architecture of AEOMGRU Network 
 
Above figure 5 illustrates how the AEOMGRU 
network node's weights updating process is 
performed using the AEO algorithm. The step-by-
step explanation of the network functions is given 
in the below algorithmic code.  
AEOMGRU algorithm 
Input: Protein gene pattern  
t = 𝐺𝑃 , ℎ = 0, 𝑏𝑖 =,U=0.02 // Initialize the 
population, hidden layer, bias value and learning    
                                                                rate 
FOR each i=1 to m 
 FOR each j=1 to n 

IF(GPij==not null) 
𝐺𝑃 =rand(1,4); 

𝐺𝑃 =𝐺𝑃 *20; 
𝐺𝑃  =normalize(𝐺𝑃 )   //Normalize the input 
gene patterns 
  ELSE  
𝐺𝑃  = 0  // delete row 
  END IF 
 END FOR 
END FOR 
FOR each t=1 to m 
  FOR each h=1 to n 
𝜎 𝑊 𝐺𝑃 + 𝑈 ℎ + 𝑏𝑖  //Compute the 
sigmoid value for forgetting gate value  
𝜕ℎ(𝑊ℎ𝐺𝑃 + 𝑈ℎ(𝑓𝑜𝑟 ∗ ℎ ) + 𝑏𝑖ℎ) //Compute 
the tangent value for candidate gate value 
      IF (𝜕ℎ == 1)&& (𝜎 == 1) 
𝑓𝑜𝑟  // forget state activate  
ℎ  // candidate vector state activate  
𝑜 = (1 − 𝑓𝑜𝑟 ) ∗ ℎ + 𝑓𝑜𝑟 ∗ ℎ  // update 
output date value  
      ELSE IF (𝜕ℎ> -1) && (𝜎 > 0) 
 FOR each i=1 to m 
              FOR each j=1 to n 
𝐺𝑃 (𝑡 + 1)      //update network nodes weight by 
using AEO  based back-     
                                                  propagating( using 
eq(10) - eq(14) ) 
               END FOR 
            END FOR 
𝑓𝑜𝑟  // forget state activate  
ℎ  // candidate vector state activate  
𝑜 = (1 − 𝑓𝑜𝑟 ) ∗ ℎ + 𝑓𝑜𝑟 ∗ ℎ  // update 
output date value  
       ELSE 
𝑜 = 0 // ignore  
       END IF  
   END FOR 
END FOR 
Output: Predicted cancer gene patterns 
 
Initially, the gene expression pattern is taken as input 
to the AEOMGRU network.  The gene patterns are 
preprocessed before to AEOMGRU network's input 
layer. The normalized gene expression values are 
taken as input to the network, and the next important 
step is parameter initialization. Computes the forget 
node value and candidate vector value by calculating 
sigmoid value and tangent value for input node value 
and weight values hyperparameters. If the sigmoid 
value is lesser than a threshold, it updates the 
network weight by using AEO based back-
propagation until it reaches the stopping criteria. 
Finally, the output gate updates its values based on 
the forget gate node and candidate vector node for 
classifying the cancer gene pattern. The efficiency of 
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the new classifier is evaluated with the lung 
cancer dataset. The evaluation results are 
explained in the subsequent section.  
 
4. RESULTS AND DISCUSSIONS 

This section discusses the evaluation results of the 
AEOMGRU classification tools to evaluate the 
performance high dimensional gene expression 
patterns are utilized, which is described in the 
data source section. The accuracy values for gene 
datasets are predicted by Metagenome Gene 
prediction. Classifier's efficiency is compared 
with recently introduced bio-inspires minimize 
deep neural new approach such as GAANN, 
PSOANN,and classic GRU are taken for 
comparison.  The following evaluation metrics 
[45], [46] are utilized to evaluate the AEOMGRU 
classifier's performance.  

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 (𝐴𝑐𝑐) =
 

  

  (15) 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 (𝑃𝑟) =
 

 

     
 (16) 

𝑇𝑟𝑢𝑒𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒 (𝑇𝑃) =
 

     
  (17) 

𝐹𝑎𝑙𝑠𝑒𝑃𝑎𝑠𝑖𝑡𝑖𝑣𝑒 (𝐹𝑃) =
 

     
  (18) 

𝑅𝑜𝑜𝑡𝑚𝑒𝑎𝑛𝑠𝑞𝑢𝑎𝑟𝑒𝑒𝑟𝑟𝑜𝑟 (𝑟 ) =
∑ ( )

     
  (19) 
𝑀𝑒𝑎𝑛𝐴𝑏𝑠𝑙𝑢𝑡𝑒𝑃𝑒𝑟𝑐𝑒𝑛𝑡𝐸𝑟𝑟𝑜𝑟 (𝛼)  =

∑
| |

    

  (20) 
Where in eq. (19) and eq. (20)𝐴𝑉 Denotes the 
actual value of the class label in the rth position 
a𝑃𝑉  Denotethe predicted value in the rth position. 
N and n denote the total number of gene 
patterns—the eq. (15) to eq. (17) are various 
denotes accuracy matrices used to calculate the 
accuracy values and eq. (18) to eq. (20) are 
various denotes error rate metrics, which are used 
to calculate the error values. 
 

Table 1. Accuracy (%) values for Lung Cancer 
Gene Dataset 

Successf
ul 
Rounds 

GAAN
N 

PSOAN
N 

GR
U 

AEOMGR
U 

1 95.6 96.2 98.5 99.5 
2 93.9 95.7 97.3 99.2 
3 95.7 96.9 96.4 98.9 
4 92.3 95.2 96.9 98.7 
5 95.1 94.5 97.6 99.1 
 
Table 1 contains the accuracy value obtained by the 
GAANN, PSOANN, GRU, and AEOMGRU fother 
lung cancer gene dataset. It shows that the Artificial 
Ecosystem Optimizer helps train gene patterns to the 
Minimal Gated Recurrent Unit network proficiently. 
The AEOMGRU outperforms comparison algorithms 
for all the iterations, which has obtained a maximum 
of 99.5 % accuracy rate.   

 
Fig. 6 Accuracy (%) Values For Lung Cancer Gene 

Dataset 
Figure 6 demonstrates the accuracy value obtained by 
the GAANN, PSOANN, GRU, and AEOMGRU for 
the lung cancer gene dataset. It clearly shows that 
AEOMGRU obtains the maximum accuracy.  
 

Table 2. Precision (%) Values For Lung Cancer Gene 
Dataset 

Successf
ul 
Rounds 

GAAN
N 

PSOAN
N 

GR
U 

AEOMGR
U 

1 95.7 95.9 97.9 99.3 
2 92.8 96.4 98.1 99.7 
3 94.7 95.6 98.7 98.9 
4 94.2 95.4 97.2 99.8 
5 93.3 93.8 98.6 99.6 
 
Table 2 contains the precision value obtained by the 
GAANN, PSOANN, GRU, and AEOMGRU for the 
lung cancer dataset. It shows that the Artificial 
Ecosystem Optimizer helps the Minimal Gated 
Recurrent Unit network in gene patterns proficiently. 
The AEOMGRU outer than the comparison 
algorithms for all the iterations s has obtained a 
maximum of 99.8 % precision rate.   
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Fig. 7 Precision (%) Values for Lung Cancer Gene 

Dataset 
 

The above figure 7 demonstrates the precision 
value obtained by the GAANN, PSOANN, GRU, 
and AEOMGRU for the lung cancer gene dataset. 
It clearly shows that AEOMGRU obtains 
maximum precision. 
 

Table 3. True Positive (%) Values for Lung Cancer 
Gene Dataset 

Success
ful 

Rounds 

GAAN
N 

PSOA
NN 

GR
U 

AEOMG
RU 

1 94.9 95.1 98.9 99.8 
2 93.5 93.9 99.1 99.5 
3 95.6 94.2 98.5 99.2 
4 93.8 95.4 96.2 98.9 
5 94.2 94.8 98.4 98.6 
 
Table 3 contains the True Positive rate obtained 
by the GAANN, PSOANN, GRU, and 
AEOMGRU for the lung cancer gene dataset. The 
AEOMGRU outperforms comparison algorithms 
for all the iterations. It has obtained a maximum 
of 99.8 % True Positive rate. It shows that the 
Artificial Ecosystem Optimizer help strain gene 
patterns to the Minimal Gated Recurrent Unit 
network proficiently. 

 
Fig 8 True Positive (%) Values for Lung Cancer Gene 

Dataset 
 
Figure 8ddemonstrates the True positive rate 
obtained by the GAANN, PSOANN, GRU, and 
AEOMGRU effort for the cancer gene dataset. It 

clearly shows that AEOMGRU obtains the maximum 
true positive rate. 
Table 4. False Positive (%) Values for Lung Cancer Gene 

Dataset 
Successf
ul 
Rounds 

GAAN
N 

PSOAN
N 

GR
U 

AEOMGR
U 

1 5.1 4.9 1.1 0.2 
2 6.5 6.1 0.9 0.5 
3 4.4 5.8 1.5 0.8 
4 6.2 4.6 3.8 1.1 
5 5.8 5.2 1.6 1.4 
 
Table 4 contains the false positive rate obtained by 
the GAANN, PSOANN, GRU, and AEOMGRU for 
the lung cancer gene dataset. The AEOMGRU 
outperforms comparison algorithms for all the i; it 
has obtained a minimum of 0.2 % False Positive rate. 
It shows that the artificial ecosystem optimizer helps 
train gene patterns to minimal gated recurrent unit 
networks proficiently. 

 
Fig 9. False Positive (%) Values for Lung Cancer Gene 

Dataset 
 
Figure 9 demonstrates the false positive rate obtained 
by the GAANN, PSOANN, GRU, and AEOMGRU 
for the lung cancer gene dataset. It clearly shows that 
AEOMGRU obtains the minimum false positive rate. 
 

Table 5. Root Mean Square Error (%) Values for Lung 
Cancer Gene Dataset 

Successf
ul 
Rounds 

GAAN
N 

PSOAN
N 

GR
U 

AEOMGR
U 

1 4.3 4.1 2.1 0.7 
2 7.2 3.6 1.9 0.3 
3 5.3 4.4 1.3 1.1 
4 5.8 4.6 2.8 0.2 
5 6.7 6.2 1.4 0.4 
 
Table 5 contains the Root mean square error rate 
obtained by the GAANN, PSOANN, GRU, and 
AEOMGRU for the lung cancer gene dataset. The 
AEOMGRU outperforms comparison algorithms for 
all the iterations; a minimum of 0.2 % Root mean 
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square error rate has been obtained. It shows that 
the artificial ecosystem optimizer helps 
proficiently train gene patterns in the minimal 
gated recurrent unit network. 

 
Fig. 10 Root Mean Square Error (%) Values for Lung 

Cancer Gene Dataset 
 
Figure 10 demonstrates the Root mean square 
error rate obtained by the GAANN, PSOANN, 
GRU, and AEOMGRU for the lung cancer gene 
dataset. It clearly shows that the minimum Root 
meansAEOMGRU obtains a square error rate. 
 
Table 6. Mean Absolute Percent Error (%) Values for 

Lung Cancer Gene Dataset 
Successf
ul 
Rounds 

GAAN
N 

PSOAN
N 

GR
U 

AEOMG
RU 

1 4.4 3.8 1.5 0.5 
2 6.1 4.3 2.7 0.8 
3 4.3 3.1 3.6 1.1 
4 7.7 4.8 3.1 1.3 
5 4.9 5.5 2.4 0.9 
 
Table 6 contains the Mean absolute percent error 
rate obtained by the GAANN, PSOANN, GRU, 
and AEOMGRU for the lung cancer gene dataset. 
It shows that the Artificial Ecosystem Optimizer 
helps train gene patterns to the Minimal Gated 
Recurrent Unit network proficiently. The 
AEOMGRU outperforms comparison algorithms 
for all the iterations, and it has been obtained a 
minimum of 0.5 % Mean absolute percent error 
rate. 

 
Fig. 11 Mean Absolute Percent Error (%) Values for 

Lung Cancer Gene Dataset 

 
Figure 11 demonstrates the Mean absolute percent 
error rate obtained by the GAANN, PSOANN, GRU, 
and AEOMGRU for the lung cancer gene dataset. It 
clearly shows that AEOMGRU obtains the minimum 
Mean absolute percent error rate.  
 

Table 7: Abbreviations for the Datasets provided 
Datasets Abbreviations 
GAANN Genetic Algorithm 

Artificial Neural Network 
PSOANN Particle Swarm 

Optimization Artificial 
Neural Network 

GRU Gated Recurrent Unit 
PAR Photosynthetic Active 

Radiation 
MYB Myeloblastosis 
KRAS Kirsten Rat Sarcoma virus 

oncogenic 
 
The evaluation results prove that the AEOMGRU 
classification tool outperformed comparison 
algorithms. The classifier predicted the lung cancer 
genes with high throughput in less computation time 
for all the successful rounds. It indicates that the 
Artificial Ecosystem Optimizer helps train gene 
patterns to the Minimal Gated Recurrent Unit 
network proficiently during the lung gene pattern 
prediction. The effectiveness of the suggested models 
was compared to that of newly established bio-
inspired optimizer deep neural network approaches as 
GAANN, PSOANN, and classic GRU. Each round's 
accuracy and precision were evaluated using the false 
positive, false negative, true positive, and true 
negative values. The true positives and true negatives 
were observed higher, and the false negatives and 
false positives have shown the least count. These 
counts resulted in the highest accuracy and precision 
for the proposed model compared to existing models. 
 
5. CONCLUSION AND FUTURE SCOPE  

Thus, the similarity cluster-based gene duplication 
counting approach helps identify the MYC proteins 
influence percentage in lung cancer gene patterns. 
The overall results and discussion show that the 
Artificial Ecosystem Optimizer helps train gene 
patterns to the Minimal Gated Recurrent Unit 
network proficiently during the lung gene pattern 
prediction. It depicts the combined features of 
minimized forget gate character of GRU network and 
the consumer, producer, and decomposer operator's 
behaviors of the AEO algorithms helps to learn the 
gene patterns efficiently. It illustrates that the 
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combined features of the network have minimized 
forget gate character and the consumer, producer, 
and decomposer operator behaviors which helped 
learn gene patterns efficiently. The AEOMGRU 
classifier outperforms for gene expression pattern 
text data. Therefore, the classifier's flexibility is 
generalized to handle all the data-based text 
problems. At present, this classification and 
clustering tool's efficiency is tested with 
healthcare problems. With an average accuracy 
ratio of 99.08 percent, an average precision rate of 
99.2 percent, the least root means the square error 
of 0.2 percent, and a least mean absolute error of 
0.5 percent, the suggested classifier has the 
maximum efficiency of performance measures. 
Future research focuses on integrating the CNN 
classifier with the proposed optimizer to achieve 
100% efficiency in this domain and other domain 
problems.  
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