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Abstract- In this paper, the Biclustering analysis of coregulated biclusters from gene expression data is
carried out. Gene expression is the process, which produces functional product from the gene
information. Data mining is used to find relevant and useful information from databases. Clustering
groups the genes according to the given conditions. Biclustering algorithms belong to a distinct class of
clustering algorithms that perform simultaneous clustering of both rows and columns of the gene
expression matrix. In this paper a new algorithm, Enhanced Bimax algorithm is proposed. The
normalization technique is included which is used to display a coregulated biclusters from gene
expression data and grouping the genes in the particular order [1]. In this work, Synthetic Gene
Expression dataset isused to display the coregulated genes, developed by Prelic et.al., It contains constant
values and coherent values over the conditions and non-overlapping and overlapping clusters. The data
matrix contains 10 overlapping cluster and each cluster extends over 5 genesand 15 conditions.

Keywords- Data mining, biclustering, enhanced biralgporithm, coregulated biclusters, gene expressaia.

I. INTRODUCTION
A. Data Mining

Data mining is the extraction of hidden predictimdormation from large databases. Data mining tools
predict future trends and behaviors, helps orgdinizato make proactive knowledge-driven decisi@s

Clustering and Biclustering

A clustering is essentially a set of clusters, Uguzontaining all objects in the dataset [3]. Garing is
considered the most importamhsupervised learningroblem so, as every other problem of this kind, it deals
with finding a structuren a collection of unlabeled data [4]. The clusigriis defined as the process of
organizing objects into groups whose members andasiin some way. A cluster is therefore a coi@ttof
objects which are “similar’ between them and aressinilar” to the objects belonging to other clusteA
bicluster is defined as a set of genes whose esipregrofiles are mutually similar within a subsst
experimental conditions/samples [5]. The goal afusitering is to identify “homogeneous” submatricBs/en
a gene expression data matrix D=GxCg}Hthere i€ [1, n], je [1, m])is a real-valued nxm matrix, G is a
set of n genes {g ®..., &}, C a set of m biological conditions {c;..., G;}. Entry d, means the expression
level of gene gunder condition c[6]. If there is a submatrix B=gxc, whereeg G, ce C, to satisfy certain
homogeneity and minimal size of the cluster, we &&t B is a bicluster. Biclustering [7] is a daéning
technique which allows simultaneous clusteringheftows and columns of a matrix. Given a set obwsrin n
columns, the biclustering algorithm generates tiesst of rows which exhibit similar behavior. Bistering
algorithm generates a subset of rows which exisibiilar behavior across a subset of columns. Bielus a
subset of genes that an exhibit similar exprespatterns over a subset of conditions [8]. Herectubier as a
subset of genes those jointly respond across asobgonditions, where a gene is termed responidirspme
condition if its expression level changes signffita at that condition. It finds clusters of samplgossessing
similar characteristics together with features tingathese similarities.

B. Genomics
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Genomics aims to understand the structure of theme, including the mapping genes and sequencing th
DNA. Genomics examines the molecular mechanismalamihterplay of genetic and environmental factars
disease. The Genomics consists of 5 types of gasoif¥i]. They are Functional Genomics, Structural
Genomics, Comparative Genomics, and Epigenomics. Himctional Genomics used to characterization of
genes and their mRNA and protein products. StrattGenomics are used to dissection of the architelct
features of genes and chromosomes. Comparativen@esi@are used to evolutionary relationships betwtaen
genes and proteins of different species. Epigemr(@pigenetics) are used to DNA methylation pastern
imprinting and DNA packaging.

Gene Expression Data(GED)

Gene expression is the process by which informdtimm gene is used in the synthesis of a functigesle
product [9]. These products are often proteins,ibbuton-protein coding genes such as rRNA gengRNA
genes, the product is a functional RNA. The proadsgene expression is used by all known life -ay&tes
including multi cellular organisms), prokaryotesa€teria and achaea) and viruses - to generate the
macromolecular machinery for life. Several stepshimm gene expression process may be modulatedidingl
the transcription, RNA splicing, translation, andsptranslational modification of a protein [10].e&
regulation gives the cell control over structured ennction, and is the basis for cellular diffeiiation,
morphogenesis and the versatility and adaptabdftyany organism. Gene regulation may also servea as
substrate for evolutionary change, since contraheftiming, location, and amount of gene expressan have
a profound effect on the functions (actions) of geme in a cell or in a multi-cellular organismgéne is a unit
of heredity in a living organism. The Fig. 1 remets the Gene expression which is the process lighwhe
information encoded in a gene is converted intatginoor some form of RNA [11]. The process of gene
expression occurs in both prokaryotes and eukasydt@nscription is a process in which the DNAaswerted
into RNA. The production of RNA copies of the DNA called transcription. The transcription process i
carried out by the enzyme RNA polymerase. In tlakg@ryotes, the transcription is carried out byragka type
of RNA polymerase. In eukaryotes, three types ofARpblymerases such as RNA polymerase |, RNA
polymerase Il and RNA polymerase Il are involved.

Transcri ption Transcription

DNA start site Intron  Exon stop site
\ / Promater & Transcription
\
Potential
regulatory Initial transcription product
o q/m

removed during ¢ Finished transcription product
splicing _—containing only exons

I
* Translation

Initial translation __—
product —

{amino acid chain) ¢
Po:

% Finished protein

Figure 1. Basic process of Gene Expression

RNA splicing is a very important modification of laryotic pre m-RNA. The eukaryotic pre m-RNA
consists of alternating segments called exons atrdns. RNA splicing is a process in which introm®
removed and then exons are joined together. It albymesides on a stretch of DNA that codes foyetof
protein or for an RNA chain that has a functionthe organism. All living things depend on genesthey
specify all proteins and functional RNA chains. &gold the information to build and maintain agamism's
cells and pass genetic traits to offspring, althbagme organelles (e.g. mitochondria) are selfigepphg and
are not coded for by the organism's DNA. A modewrking definition of a gene is "a locatable regioi
genomic sequence, corresponding to a unit of itdare, which is associated with regulatory regions,
transcribed regions, and or other functional segeeagions”. A gene expression data (GED) is desdras a
table with 'n' rows corresponding to genes andcotimns corresponding to situations [12]. Gene esgion
data is obtained by extraction of quantitative infation from the images or patterns resulting fitbm readout
of fluorescent or radioactive hybridizations in &rmarray chip.

A GED from microarray experiment is represdritg a real valued matrix. M = {{;ll<i < n, I< j< m}
where rows G = { g &, G,... g} represents the expression pattern of the gendgtacolumn S = {$ s,
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S;...S) represents expression profiles for samples amth elementy; is measured expression level, Where

= no of genes; = no of samplesM = gene expression data matrig,= element in the gene expression matrix
[13]. GED has also specified only the seven sas@led the given condition. The first samples are
Anthocyaninless and describes that the Stems anddaalways lack anthocyanin and then specify oheiton

on 4.5. Second samples named as acroxantha desesbemaller plant and then specify the conditiorba .
Third samples named as acumbens-2 described roucaoligtedons and the last samples are named as
apocarpous described as highly deformed multickjeeind apocarpous fruits and then specify thalition

on 3.3.

Coregulated bicluster

Coregulated biclusters are also often functionakbgociated, and such priori known or pre-computed
associations can provide support for appropriatglyuping genes [14]. It is a measure of that dbssria
particular type of association between two gentss lalso the basis of several clustering methddsst
commonly used correlation statistic is Pearson &€ation Coefficient (PCC) which includes the measto
identify the coregulated bicluster, counts the nemtf times each gene in the same cluster. First, the
transcription sites in the coregulated genes spéod sequence and then locate the sites. Bindlieg are often
associated with specialized proteins known as ¢tripteon factors, and are thus linked to transdooiml
regulation. It is used to analyze the co-regulati@ween pairs of genes [15]. Coregulated genestlaeid
transcription factor binding sites are key stepgatals understanding transcription regulation [T&jregulated
genes should have at least one common sequencergl§hd] it is generally difficult to identify thesgenes
from the presence of this element because it ig @asily obscured by noise. To identify groups afegulated
genes are affected by different conditions and t@meycollectively affect an organism. Regulatorgchions of
different gene groups in specific situations. Catatgd biclusters from gene expression data is sBhowig. 2.

Grouping of gene in .
second group '_I}roupmg of gene
in one group

Grouping of gene in
third group

Figure 2. Coregulated Bicluster

To measure the relationship between one genes dthemthe KEGG Pathway is used. Analysis of
transcription factor binding sites understand thechanism of regulation, including coordinate retiota by
multiple transcription factors acting together, afigctively identify and characterize mutationattisrupt the
regulatory mechanism. Transcription factor is at@n that binds to specific DNA sequences, thereby
controlling the flow of genetic information from DINto mRNA. Transcription factors perform this furoet
alone or with other proteins in a complex, by préimg or blocking therecruitment of RNA polymerase to
specific genes.

II. PREVIOUSWORKS

Mingoo Kim [18] has developed cMonkey, which detecbmputative co-regulated gene groupings by
integrating the biclustering of gene expressioradatnd various functional associations with the dgon
detection of sequence motifs. Co regulated grodiggenes for use in subsequent regulatory netwdeeénce
procedures. Xin .Xu [19] said that reg-cluster mpde identify all the significant shifting-and-dozy co-
regulation patterns. Reg-cluster algorithm is abldetect a significant amount of clusters are mié#y of high
biological significance. Dharan and Achuthsankavehdemonstrated [20] that GRASP approach starts fro
small high quality bicluster seeds, which are figlioregulated submatrices of the gene expressiatrixn
These seeds are further enlarged by adding mors ao@ columns to them. Bhattacharya and Rajat Haté
proposed a technique on Bi-Correlation Clusteringofithm (BCCA) produces an diverse set of bicltstef
co-regulated genes over a subset of samples whietheagenes in a bicluster have a similar chanfje o
expression pattern over the subset of sampBEzang Zha [34] have proposed the Time-Series
Biclustering algorithm (CC-TSB), restricting it tadd and/or remove only columns that are
contiguous to the partially constructed biclustésis forcing the resulting biclusters to have only
contiguous columns. A predicted number of biclusteith contiguous columns is identified. The CC
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TSB algorithm contains two major steps, an itemtileletion procedure and an iterative insertion
procedure Remondini [23] is developed a coregulated basedeiased to clear relationship between the
network structures. Nurual Haque [24] is developedobust coregulated method used to minimum fthe
divergence based on robust correlation matrix. Viam den Bulcke [25] described that a network geioera
produces synthetic Transcriptional Regulatory Nekso(TRNs) and corresponding microarray datasets. |
these networks, the nodes represent the geneshanédges correspond to the regulatory interactains
transcriptional level between the gené&heng [26] said that BiVisu is an open-source safewtool for
detecting and visualizing biclusters embedded gem@e expression matrix and display the co -regiilgenes.
Bivisu clustering methods in which partition datsbd on whole set of genes or conditions, biclumgegroups

a subset of genes (rows) over a subset of conditfoalumns). Genes which are co-regulated unddainer
biological processes can be identified. Peter ivat{27] said that multiple-species datasets ireotd
identify conserved modules and the conditions umdgch these modules are active. The advantagésesé
method are that conserved modules more likely tdib&gically significant than co-regulated genewgrs
lacking detectable conservation, and the identificaof these conserved modules can provide a Hasis
investigating the evolution of gene regulatory rates.

[ll. METHODOLOGY USED

The methodology used in this work is shown in FigiBe input is gene sequence. Enhanced Bimax
algorithm is used to display a maximal biclusteatue and displays a coregulated biclusters. Theabcdd
Bimax algorithm is used to measure a particulaiegerpresent or not. It also finds the transcripsdes of the
coregulated biclusters. Normalization techniquedusespecify genes are presented in the partigraup or
not. The output is display the transcription fastor

Enhanced Bimax algorithm

Gene

Normalization | | Bimax
Sequence

Technique | Algorithm

v

Mining Coregularted
Bicluste!

4
Display a Coregulated
Bicluste!

Figure 3. Block diagram of the methodology usednfiaming coregulated bicluster

IV . ALGORITHM USED
A. Bimax Algorithm

The Bimax algorithm needs to guarantee that ontima, inclusion-maximal biclusters are generate8l] |
The problem arises because V contains parts obitlasters found in U, and as a consequence we tweed
ensure that the algorithm only considers thoseubiels in V that extend over CV . The parameteeres this
goal. It contains sets of columns that restrictribenber of admissible biclusters. It is used tacEpehe genes
and conditions. It is used to specify that analg§iBNA chips and gene networks. Bimax Biclusterbaged on
the framework by Preliet. al., The algorithm realizes the divide-and-conquertsta Fig. 4 describes an
original Bimax algorithm. It consists of three pedecres. They are Enhanced Bimax, Conquer and Divide
Conquer function is call and check the conditioif the genes and conditions are equal then thetipaing is
begin, otherwise it stop the process. Second steplit the data and normalization technique islusegroup
the splited data. It is used to find all add thexiimaim groups in general gene expression data. Each
regulated genes are grouping together the parntiedlaression value and the particular situation.

23



International Journal of Computational Intelligence and Informatics, Vol. 2: No. 1, April - June 2012

Bimax ()
Begin
Z#0
S =divide (E, R,C, M)
Return S
End
Conquer(E, (R, C), M)
Begin

if R € G, g =0 then
return {(R,C)}

End if
(Gy,Ry,Cy ) = divide (F, (G,C),2)
MU =0 M\/ =0
if Gy = 0 then
My < conquer (G Y Gy)
End if
End
Divide (F, (R, C), 2)
Begin

G'=calculate (F,(R,C),2)
If such an IV G' exists then
G =G +1,;
End if
End

Figure.4 Original Bimax algorithm

B. Proposed Enhanced Bimax Algorithm

Enhanced Bimax algorithm can contain two procedufis 5 describes a flowchart for proposed Enhdnce
Bimax algorithm.
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Figure 5. Flow Chart for Proposed Enhanced BimaoAthm 24
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They are BFS and BPS. BFS uninformed search mettaidexpands and examine all nodes of a graph or
combination of sequences by systematically seagctiirough every solution. In other words, it exhauety
searches the entire graph or sequence without denisjj the goal until it finds it. Binary Space ftamning
(BSP) is a method for recursively subdividing acgpato convex sets by hyperplanes. This subdivigioes
rise to a representation of the scene by meandrekadata structure known as a BSP tree. Norntilizés the
process of isolating statistical error in repeatedasured data. Quintile normalization, for instanise
normalization based on the magnitude of the measi®@]. The goals in doing eliminate all the redamd
data and ensure data dependencies. The numbeen@d that reproducibly showed and the unnormatlizéa
and normalized data are displayed on the coreguligusters. Enhanced Bimax algorithm is applieda
mining technique on clustering. In the clusterimgikr samples and similar gene probes are orgdnizea
fashion so that they would lie close together.dhgists of three procedures. They are Enhanced8iBiaS
and BSP. First step is normalization technique ugedmove the redundant data and then groupingsgerthe
specific conditions. Binary Space Partitioning ftime is call and check the condition is if the gerend
conditions are equal then the partitioning is begiterwise it stop the process. It specifies thgiarticular
gene is present in the given group then it is mgres a one. With these maximum groups in genenaé g
expression dataan be found. Each co regulated genes are grotpgegher the particular expression value and
the particular situation. Otherwise the gene ispresent in the given group then it is represerdisigero. Fig. 6
describes a proposed Enhanced bimax algorithm.

C. Dataset Used

In this work synthetic dataset used for GED. Theation of synthetic data is an involved procesdaih
anonymization; that is to say that synthetic daaaisubset of anonymized data [30]. Specify thergiv
conditions and the genes are grouped togethehdrpartitioning strategy works on split the gened then
specify the situations then the given genes arepgo together until condition false. Specify theSBEchnique
works on the genes are grouped.

Table 1: Gene Expression Data [28]

Gene Name Conditions

S |[S S5
Mupl 45 | 57 | 23
Mup2 33|50 | 75
Serpinald | 45 | g5 | 50
Serpinask | 4 5 | 193 | 34
Mup3

5.0 | 82 5.0

Enhanced Bimax algorithm is applied to specify ¢hadition on the 2.3 to 10.3. For example, in Tahle
the expression valug @as the conditions sneans given value is 4.5. The expression vajueag the situation
s, means givervalue is 5.0. The expression valug ltas the situationssmeans given value is 5.0. The
expression value,ghas the situation,smeans given value is 4.2. The expression valueag the situation,s
means given value is 8.2. Coregulated biclusterpegsented in the particular group of genes.(ay), then it
is represented as one or Otherwise zero. TheyNiraumber of conditions are specified of} $...s. Gene
sequences are Mupl, Mup2, Serpinald, and Serpina3&. validated on bench mark algorithm. Then
algorithm steps are reduced. Synthetic gene expredataset used to specify the gene sequencecauaiition.
Each data matrix contains overlapping and non-appihg structures. They are 10 non-overlappingtetas
and overlapping clusters extends over a 5 genesobfiitions. It can contains rows/columns clustensg
numbers of parameters. Synthetic gene expressi@set is freely available on [http://kdd.ics.udild

V. RESULTS AND DISCUSSION

The Bimax algorithm includes the incremental altjon to evaluate space complexity which leads tostvor
case. To overcome this drawback, Enhanced bimaxitig is proposed. Space complexity required Far t
incremental algorithm is reduced which leads topdimand easy evaluation of GED. We maintain thez $sta
lexicographic order according to the sets C. Feheaaws the algorithms performs the following: Giisolumn
for gene expression data and U is a submatricdsul@tes the C* in O(n) time. Iterates througtpiiclusters.
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Suppose the function conquer calls in the treedhbt has one child to which the submatrix U isgeaks Then

U has at least one row and one column. Row androolare to be partitioned parent and child is pené.
Row U contains both Os and 1s. The partitionindJgbroduces a non-empty set, @nd therefore submatrix
resulting contains one’s. Means the following coggis a leaf node in the recursion tree. At least loalf of all
inner nodes have an out degree is greater thaworisider a tree where all inner nodes have an ayredeof 2
and number of leaves equdls Then total number of inner node if. Recursion tree of a child node and
conquer of overall number of nodes then conquetatos Of). The dataset used in this work is synthetic
dataset. The comparison of Enhanced bimax algosittamal Bimax algorithms is shown in Table 2.

In our Enhanced Bimax algorithm Kyoto Encyclopedfidgenes and Genomes (KEGG) pathway is finds the
coregulated genes in the particular groups andatic in the transcription binding sites. The rissshow that
Enhanced bimax is comparatively faster than bimgarghm. In the smaller and larger size used &pldiy the
pathway from the MPM and KEGG. MPM is compared VHEEGG it is a smaller size. One conquer call needs
O(nm min (n, m). maximum Q@J invocations conquer of the enhanced bimax. Wewstmat the space
complexity is O (flog B), enhanced bimax number of conquer invocatior@( and the conquer call in the
BFS of recursion tree is Ofn Z size less n*n total space complexity is 8¢y ). The quality of the bicluster
is determined by the 'hscore' or Mean Squared ReqMISR) value and to find maximal biclusters wlitkv
mean squared residue. Given the valué @%0), used to assess the quality of bicluster. Velwhthe bicluster
is determined by the number of elementswech thate | & j € J.

Table 2: Comparative analysis of GED using Coraigual

Biclusters
Pathway Find
Methods | Shortest distance |Disconnected gene paifs
MPM KEGG CD3 DREB2A
««—— |In seconds >
OPSMs 59.3 15.0 15.8 45.6
SAMBA 56.8 16.7 18.4 54.6
LEB 65.7 18.2 15.1 40
FABIA 45.6 13.4 13.4 34.5
Bimax 58.9 14.0 19.5 64.0
Enhanced
Bimax 60.0 12.0 50.5 20.0
MPM: - Metabolic Pathway Map (MPM)
KEGG: - Kyoto Encyclopedia of Genes &ehomes (KEGG)
CDs3:- T cell receptor/CD3 distinutracellular signaling Pathway

DREB2A:-  Dehydration-Responsive Elemermidiig Protein 2A

L1 g -
- W
B ol — MPM
% 1 T
B P, CD3
& & Ty S ==DREB2A

o
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Figure 7. Comparsion of Enhanced Bimax algorithith wther

algorithms
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Fig. 7 describes comparison of Enhanced Bimax #lgorand Bimax algorithm. X axis specify the
biclustering methods on OPSM, SAMBA and so on. ¥ @pecifies the biclustering conditions on 4.3.603.
The results show that Enhanced bimax is compalgtfasterthan bimax algorithm. In the smaller and larger
size used to display the pathway frdme MPM and KEGG. MPM is compared with KEGG it israaller size.
The inputs are GED and processing the data usihgreed bimax and display the coregulated genes8 Fig
describes finding coregulated biclusters from GEDst specify the gene names and gene annotatiea tas
specify the gene, nucleic acids and proteomicsno@es used to specify the human and mouse antiataie. 2
describe comparison of various biclustering meth@i33 is a homodimeric glycoprotein expressed an th
surface of a major subset of human T cells that been identified as a member of the immunoglobulin
supergene family.

Coregulated biclusters

Fiandom set of genes
[ 700
[J =0
J 40
mE]

Target Elemerts:
o v © top 3ECAS +promoter ECRS (defaul]
(O Promotor ECRS only

Gene Annotation: | 7] Gene Annotaions|BATAZ PAXE =

Gename humaningld)

Figure 8. Coregulated Biclusters from GED

DREB1A and DREB2A proteins specifically bound tce tDRE sequence in vitro and activated the
transcription of the b-glucuronidase reporter gdrieen by the DRE sequence in Arabidopsis leafqplatsts.
Expression of the DREB1A gene and its two homolaegs induced by low-temperature stress, whereas
expression of the DREB2A gene and its single homaelas induced by dehydration. Over expression ef th
DREB1A cDNA in transgenic Arabidopsis plants notyoimduced strong expression of the target geneleun
unstressed conditions but also caused dwarfed pya®in the transgenic plants. Comparative aralgsi
GED using several biclustering methods applied ¢?68M, SAMBA, LEB, FABIA, Bimax and Enhanced
Bimax. And then four pathways are used to find ¢beegulated biclusters from gene expression dafEG®&
pathway gets optimal results.
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Figure 9a. Display the transcription factors frofE>
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Fig. 9a describes a display the transcription facfoom GED. Gene name is matches from coregulated
biclusters, then a given ID is generated and lerg®b digits. And then display the regulatory edens from
expression data. It contains 3 types. They amointPromoter and Intropromoter. Final one is digpthe
transcription factors. ARP1 is occurring in 20%datihe importance is 0.03456. And then display the
transcription factors of the coregulated biclusté&ig.9b describes Transcription Factor from GHEDOzdntains
the name of the transcription factor, occurrenog thie importance. The name of transcription facofFlil,
ARP1, NF1, HSF1 and HSF2 it will occur in the pertege is 9.52% and the Importance is 0.4434.

[Transcription Factors List [BEL

9.52% 04434

HFH 1420 038259
TSTL 476% 0.3653

ATF 14.20% 0.32500
HIF1 28.57% 032143
CACBINDINGFRC| [142% 028418
HNF3ALFHA 4.76% 0.24742

Figure 9b. Transcription Factor

£¥ Regulatory Elements

Regulatory Elemenc Type Score Loeus Gene

Ir1:62835429-62835825/ IR W RN I L clelie | |ANG

chrl:159460327-15946 | | promor | (8.14600 | chel:l | |AFO
chrl:152460-159461098 | promet | (814600 | chwel:l | AFO)

chel 116213477-11621) | UTES | [5.526 chrll: | JAPO

chr3:187813238-18781| |UTRS | [5.592 che3:1 | |AHS
Figure 10. Regulatory elements from GED

Fig.10 describes Regulatory elements from GED. Thkeg chromosomes, type, score, gene and
Transcription factors binding sites from expresgiata. Type is an UTR5 and Promoter and gene ligp @Ad
Argl and Rdh7 and so on. Score is also definecegglatory element execute the time on 0.248 sectinds
complete the particular process. ARP1 occur inpiiecentage is 14.29% and the importance is 0.33SEQ.
occur in the percentage is 4.76% and the import&an0e3653. HSF1 occur in the percentage is 28.&féthe
importance is 0.32143.

VI. CONCLUSION
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In this work, the transcription sites of coregutht@clusters are found. They are four pathwaysapied
on gene expression data. MPM pathway is used dysasaf DNA chips and gene networks. KEGG pathway
is used on gene regulatory networks. CD3 usedntb doregulated genes. DREB2A used on lymphomal2-cel
Biclustering methods are used to compare the fathways, KEGG got an optimal result. The proposed
Enhanced Bimax algorithm is used and the coregiibiiddusters are mined, to display the associagi@mup of
patterns in the gene expression data. By compéniege pathways KEGG is an effective one. It is nlegbthat
the Enhanced Bimax is an effective one. The nomaatin technique is used to identify whether thei@aar
gene ispresent or not. An experimental result on syntheéditaset for GED shows the reliability and efficgn
of the proposed algorithm.
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