Library Progress International Print version ISSN 0970 1052
Vol.44 No.3, Jul-Dec 2024: P.7019-7033 Online version ISSN 2320 317X

Original Article Available online at www.bpasjournals.com

Hybrid Optimized Algorithm-Based Frequent Pattern Mining for GA-
ANN Prediction Model on Genomes

E. Sheeba Sugantharani!” and Dr. A. Subramani?

"Department of Computer Science, Mother Teresa University, Kodaikanal, India

"Department of Computer Science, Lady Doak College, Madurai, India

2Department of Computer Science, M.V. Muthiah Govt. Arts College for Women, Mother Teresa University,
Kodaikanal, India

How to cite this article: E. Sheeba Sugantharani, A. Subramani (2024). Hybrid Optimized Algorithm-Based
Frequent Pattern Mining for GA-ANN Prediction Model on Genomes Library Progress International, 44(3),
7019-7033.

ABSTRACT

In genomic research, establishing a relationship among variables is usually of interest. Genomic research usually
links factors. DNA microarray gene expression data introduces novel molecular biology and medical data
analysis issues. In scientific data, Frequent Pattern Mining successfully applied association patterns discovered
in microarray gene expression analysis. Discretization and association rule mining plays an important role in
bioinformatics. Traditional pattern-finding approaches need many DNA sequence scans. The issue is
recognizing intriguing patterns to make time-consuming and disagreeable judgments. The paper proposes a
novel technique for identifying frequent patterns in DNA sequences and analyzing microarray gene expression
profiling data. It first discovers frequent patterns from DNA sequences, then performs association rule mining
and clustering discretization on the gene expression data using Fuzzy C-Means and PBMF index. A hybrid Diff-
Eclat algorithm is employed to generate strong association rules and improves performance by microarray gene
expression data’s prediction. Finally, a GA-ANN (Genetic Algorithm-Artificial Neural Network) model is
developed to predict biological knowledge from the discriminant rules. The method is implemented on a gene
expression dataset and shows improved performance compared with SVM(Support Vector Machine),
CNN(Convolutional Neural Network), RF(Random Forest) based on various metrics. The frequent patterns
found in DNA sequence that were discovered during this approach have significant implications for medical
data analyses like disease etiology, treatment analysis, mutation, and genetic analysis.

Keywords: Bioinformatic, Genomic research, DNA microarray, Gene expression analysis, Association rule
mining, Clustering discretization.

I. INTRODUCTION

A massive amount of data has been accumulated in various fields due to network developments and the
prevalent use of massive storage devices in big data [1, 2]. This information contains a wealth of knowledge and
information. The main objective of bio sequence data mining is to identify basic functions, subsequences
biological functions were predicted, and mutual functions and sequence interactions were identified [3, 4].

Bio sequence patterns typically reflect critical functional (or structural) components in bio sequence, like
repetitive patterns [5]. Accordingly, bio sequence pattern mining is an important research area and technique
for gene and protein fold recognition, sequence interaction explanation, and bio sequence functional prediction
[5].- The most important research object in bioinformatics was biological sequence data. These three types of
sequences are included they are protein sequence, RNA sequence, and DNA sequence [6].

Protein Sequence Analysis is the method of studying a protein or peptide sequence using one of a variety of
analytical techniques [7]. RNA-seq (RNA-sequencing) is a technique that examines the RNA sample quantity
and sequences using next-generation sequencing (NGS) [8]. DNA is famously composed of four different types
of nucleotide bases, and the precise sequence of these bases along DNA determines the individuality of an
individual gene [9]. In the evolution process, a more repetitive sequence was produced due to the gene’s
replication [10]. This process contributes to newgene production and it is also very important in the study of
genetic variation [11]. Diseases caused by mutations in repetitive sequences include thymus hypoplasia
syndrome, Williams syndrome, and muscle atrophy [11].
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Microarray technologies offer a powerful tool for tracking numerous genes for their expression patterns
simultaneously, with applications ranging from cancer diagnosis to drug response [12]. Gene expression is the
transcriptional transformation of DNA sequences into mRNA sequences, which are then converted into amino
acid sequences known as proteins. The biggest challenge with microarray data is the high density of data. The
information gathered from Microarray experiments was frequently conducted in the form of an expression-level
matrix. And there is always a research question of whether the repetition of sequence of gene patterns or change
in occurrence of sequence patterns contribute for particular genetical disorders.

To overcome those issues, initially, frequent patterns are discovered in the DNA sequence. Patterns that occur
repeatedly in a data set are known as frequent patterns [13]. Discovering frequent patterns is critical in mining
associations, correlations, and other interesting data connections. Then the profiling data of microarray gene
expression was analyzed using association rule mining and clustering discretization was carried out. In its most
fundamental form, utilizing machine learning methods, association rule mining examines data for patterns or co-
occurrences in a database. Clustering discretization methods are utilized to transfer a continuous function into a
discrete function with known solution values at all points in space and time. Finally, a strong association rule is
generated that enhances the performance. DNA sequence and Frequent Patterns found during this research have
significant implications for mutation, genetic analysis, diagnosing genetical disorders caused by mutations in
repetitive sequences include thymus hypoplasia syndrome, Williams syndrome, and muscle atrophy [14].

The major contribution of this research is as follows,
o Initially, discovering frequent patterns from DNA sequences.

e Then, association rule mining and clustering discretization are carried out by using the Fuzzy C-Means
PBMF index for analyzing microarray gene expression profiling data.

e Next, to improve the performance a hybrid Diff-Eclat method is proposed which generates a strong
association rule.

e At last, to predict biological knowledge, GA-ANN is used.

The remainder of this research is split into the sections listed below: Section 2 discusses data mining works.
Section 3 describes the concept of the proposed algorithm. Section 4 assesses the effectiveness of the proposed
scheme and discussion. At last, section 5 ends with the outcome and future objectives.

II. LITERATURE REVIEW

Igbal [15] presented a novel genetic algorithm-based feature reduction method to rectify the problems of
scalability. To improve accuracy and scalability, an integrated model that connects the gap between lexicon-
based and machine-learning strategies was proposed. Using this hybrid model, the feature set's size was reduced
by up to 42% without impacting accuracy. Principal component analysis (PCA) and latent semantic analysis
were utilized to compare the feature reduction methods (LSA). This method indicates a higher accuracy of up to
15.4% over PCA and a higher accuracy of up to 40.2% over LSA.

Farheen [16] developed a hybrid method to predict the node’s probable location called the multi-parameter
spatial temporal modeling method. For enhancing routing performance without increased packet overhead, A
multi-path routing protocol with path diversion at critical points along the proposed path was established based
on estimated probability locations. The observed results show that the suggested solution was discovered to
have a higher packet delivery ratio than traditional methods.

Li [17] conducted studies on the support vector machine (SVM) method, which combines three heuristic
algorithms, such as genetic algorithms, particle swarm optimization, and slap swarm algorithm (SSA) in which
the fiber-reinforced CPB’s strength was predicted. The test outcomes revealed that polypropylene fibers boost
CPB strength, whereas straw fibers reduce CPB strength in some circumstances.

Ai [18] surveyed on a variety of association rule mining algorithms used on high-dimensional datasets. Based on
the previous studies, the algorithm’s relative metrics and their main characteristics are described. To make the
adaption to the high dimensional dataset better, the optimization area and the improved areas are pointed out. In
general, association rule mining algorithms that integrate multiple optimization methods with advanced
computer methods can enhance scalability and interpretability.

Hemeida [19] made research to investigate the evolutionary optimization algorithms (EOAs) implementation in
machine learning by employing four distinct optimization techniques for mining two well-known data sets. The
suggested optimization algorithm was evaluated by using the selected dataset such as the breast cancer dataset
and the Iris dataset. The neural network (NN) is employed in this paper's classification problem as well as four
optimization techniques: dragonfly algorithm (DA), multiverse optimization (MVA), grey wolf optimization
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(GWO), and whale optimization algorithm (WOA).

Azimi [20] developed a new method that predicts the peak particle velocity named a genetic algorithm used to
optimize a new hybrid evolutionary artificial neural network. The suggested GA-ANN proposes a systematic
and automated approach for selecting an appropriate ANN architecture, which contains the number of epochs,
training algorithm, activation functions, and several neurons. To evaluate the suggested method, among
monitoring and blasting stations available at the Sungun Copper Mine site in Iran, a data set consisting of radial
distance (RD), horizontal distance (HD), maximum charge weight per delay, and a new modified radial distance
(MRD) was used.

Cai [21] developed a hybrid rating-based many-objective recommendation technique to make diverse and
accurate results by optimizing the recommendations such as recall, diversity, accuracy, and novelty
simultaneously. To improve the many-objective evolutionary algorithms (MaOEAs) and the effectiveness of the
model's suggestions, a novel generation fitness evaluation method and a partition-based knowledge mining
method are also proposed.

Zhang [29] introduced a novel hybrid optimization algorithm CSDE on the basics of cuckoo search CS and
differential evolution DE that resolves the constrained engineering issues. Both of these algorithms [29] are
highly appropriate for problems with engineering. This study separates the population into two groups and
employs CS and DE for every subgroup separately. Because of the numerous design variables and constrained
engineering circumstances, because a single optimizer was not able to fulfill the precision requirement, the use
of hybrid optimization algorithms (such as CSDE) appears to be the most promising approach for completing
this work.

III. PROPOSED METHODOLOGY

Mining association rules is a crucial method of data mining for several applications today and this method is
employed on a microarray dataset to derive attractive relations among gene sets. Associations and correlations
among items are discovered by frequent itemset mining in big transactional. The association rule mining’s goal
is, to extract frequent patterns by utilizing the intervals of gene expression. In this proposed work the Gene
expression of data is converted from continuous value to discrete value before frequent pattern mining and they
are replaced by the gene intervals. The suggested method uses association and clustering rules along with gene
intervals on gene expression data’s frequent pattern mining and they are depicted in Figure 1.

Dataset Preprocess Clustering

Feature Fuzzy C
xtraction(PCA Means

!

Identifying
Frequent Patterns
Hybrid
Diff-
ECLAT
Algorithm

Predicting Biological
Knowledge

GA - ANN

Pattern Matching
Generating

Fig. 1. Framework of proposed methodology

A. Dataset Description

The gene expression dataset [22] comprises training (38 samples) and independent (34 samples) datasets from a
2022 study by Golub et al. It focuses on classifying acute myeloid leukemia (AML) and acute lymphoblastic
leukemia (ALL) cases through gene expression monitoring using DNA microarrays. The measurements are
derived from bone marrow and peripheral blood samples, with re-scaled intensity values. Golub's study
demonstrated the potential of gene expression monitoring for cancer classification, providing a foundation for
identifying and categorizing diverse cancer classes based on molecular characteristics.
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B. DNA sequence concept definition
(1) The DNA sequence contains four letters in series they are P, Q, R, and S. This sequence is represented as

C={c0;cl;¢2;;;5555;5cn-1}, in which,ci€ {P,Q,R, S} (0<j<n-—1).

(2) (DNA sequence length): For C= {c0; c1; c2;;;;;;;; cn-1 } for DNA sequence, n represents the DNA
sequence length. sequence is given as C= {c0; cl;¢2;;;;;;;;cn-1},in which, ci€ {P,Q, R, S} (0<j <
n—1).

(3) (DNA'’s sub sequence): A fragment in a DNA sequence is the sub sequence. For this sequence C= {c0; c1;
c2; 5555555 cn-1 }.For DNA sequence C= {c0; cl; c2;;;;;;;;cn-1}, if there is a fragmentC' =
{carCasiys e en ,Casp Jsatisfying a>0, b>0, and a+b <n—1thenC is designated as a DNA
subsequence of C.

(4) Itis a DNA super sequence., if a DNA sequence exists C= {c0; c1;¢2;;;;;;;;cn-1}, C; and Cj are two
sub sequence of C, C] = {Ca, Cag1 s o e yCasb b Co = {Cat, Cal gy e ver ve vee weene, Cor 4 - While a' < a

Anda+b < a’' + D', then the super sequence of c7 is c5.
(5) The C corresponding DNA pattern is the DNA pattern for the DNA sequence C.
(6) DNA pattern length, DNA pattern L its length is the number of letters in L.
(7) The sub pattern DNA, while a subsequence of C is C', DNA pattern’s sub pattern C~ corresponding to C.

(8) DNA super pattern, for DNA sequence C, C is the super sequence, the corresponding DNA pattern C's
super pattern

(9) DNA pattern’s prefix, the DNA pattern’s length L is greater than 1, then L values prefix is a substring that
eliminates the last letter. The length of the DNA pattern is one, and there is no prefix. L's prefix is shown
as prefix (L).

(10) DNA pattern’s postfix, the DNA patterns length L is greater than 1, then the post fix of L is the substring
that removes the first letter. The length of the DNA pattern 1 does not have a prefix. The L is the postfix
that is depicted as postfix(L).

(11) Joinable, L1 and L2 are two pattern’s that are joinable if the following constraints are satisfied:
(a) Length (L1) = length (L2) =1, L1 and L2 are joinable.
(b) Length (L1) = length (L2) >1, L1 and L2 are joinable if postfix(L1) = prefix (L2).

(12) String concatenation, for two patterns L1 and L2 string concatenation, is depicted as L1+L2, here L1 and
L2 are sequential concatenations.

(13) Joining of two patterns, L1 and L2 are two patterns that are joinable, the joining of L1 and L2 are depicted
as join (L1;L2), those values is based on various conditions such as

(a) TIfLength (L1)=Length (L2) =1 then, join (L1;L2) = L1+L2, here L1 and L2 are string concatenations.

(b) If Length(L1) = Length (L2)>1, then join (11;L2) = L1 +(L2-prefix(L2)), here L1 string concatenation and
L2 is the last letter.

(c) When Length(L1)=Length (L2)=1, L1 and L2 are joinable, the result is L1+L2; here L@ and L1 are also
connectable, so the results joined is L2+L1.

C. DNA position information
(14) The DNA patterns position L in sequence C is the index set for all L occurrences in C, and it is depicted as
position, ..

In the DNA sequence, the first letter's index is specified as 0.

(15) +n set, if set D= {d,}, satisfies 1 < i < |D|, next, +n set of D is referred as D*"= {d; + n},

In this any natural number is denoted as n.

(16) -n set, -n set, if set D= {d;}, satisfies 1 < i < |D|, next, +n set of D is referred as D™= {d; — n |di -n=
03, in this any natural number is denoted as n.

D. DNA sequence scanning
DNA sequence scanning analyzes a DNA molecule's nucleotide sequence in detail. Both computational and
experimental approaches are used in genomics, molecular biology, and bioinformatics. Computational DNA
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sequence scanning uses advanced algorithms to find patterns, motifs, and functional components[23]. This may
require identifying genes, regulatory areas, binding sites, or DNA variants. Large-scale genomic investigations
require computer methods to effectively sort genetic data. Experimental DNA sequence scanning uses DNA
sequencing. This approach examines a DNA molecule's full nucleotide sequence, revealing its genetic
composition. DNA sequencing helps discover genetic variants and mutations by revealing nucleotide order.
DNA sequence scanning aims to read the genetic code, comprehend gene functions, find regulatory elements
that govern gene expression, and detect disease-associated genetic variants. This approach advances customized
medicine, genetic diagnostics, and genetic engineering by helping us grasp DNA's complicated genetic
information. The combination of computational and experimental DNA sequence scanning methods advances
genomics and molecular research. To identify entire frequent patterns, only one scan for the DNA sequence is
performed. Every letter's location in the DNA sequence is also positioned at the same time. The location of the
data is stored in another simple hash table. Figure 2 depicts the DNA letter-position structure plotted in a hash
table.

| Key (DNA letter) | Value (Position of DNA letter) |
Fig. 2.Position of DNA letter structure

E. Preprocessing

Preprocessing is carried out before frequent pattern mining, in this each genome or sequence is processed.
Initially, the dataset’s letters are replaced by numbers. Consequently, when the length of the DNA sequence is
long, in this sequence time and memory consumption are reduced. The sequence is divided into blocks and each
consists of an equal number of bases. This preprocessing is not like the FPE (Format-Preserving Encryption)
method because even a single base sequence is not discarded while blocking species sequence patterns. The
block length is selected.

F. Gene Clustering Employing Fuzzy C Means and PBMF Index
For gene clustering, similar and dissimilar features are identified largely by employing fuzzy c-means cluster
analysis[24]. In a fuzzy clustering algorithm, a similar expression pattern is used to divide genes. Additionally,
various clusters show diverse, expression patterns that are well-separated. Because genes belong to more than
one cluster in fuzzy clustering, it is possible to identify genes that are conditionally co-regulated or co-
expressed. In the following way, acted genes beyond one transcription factor are identified and multifunctional
proteins are encoded. The PBMF index is used to evaluate the results of gene clusters. On the contrary side, the
PBMF-index stands for fuzzy PBM-index utilizing fuzzy c-means soft clustering analysis. The PBMF-index
design assures reduced resulting cluster numbers. These processes are stated briefly and are shown below. The
objective function minimization Zm supports a large part of FCM:
P,=arg min YN, Z?zl vy — D]-2 (1) Here, n is an actual number higher than 1, V;;is the
[yi€clusterj]
membership degree of y; , y; is the i gene expression in d dimensions, D; is the gene center for d-dimensional
clusters, and ||*|| expresses the similarity among centers and any measured levels of gene expression. Iterative
optimization is used to achieve fuzzy partitioning of P,, with V;;and D;updated by:

2 -1
Vi = ( 2y (j—;’)) @)

Zl‘il V‘n'-ZVi
dj = iy G)
i=1"ij
In FCM cluster analysis, the quality is verified using PBMF-index and it is referred to as three factors’ products.
The maximization product ensures that the partition contains a small number of compact clusters separated by a
large distance among at least two clusters. The PBMF index is numerically denoted as follows:

Uppur(4) = G VT,_; -Ca)z “4)

Here, K denotes the number of gene clusters. The VPBMF(A) factors follow the actual notations and are
described as follows. The factor F; is the total amount of each sample's distance from the entire center d,. This
factor is calculated independently of the number of clusters and is as follows:

F = Z{VL1 yi —do (%)

In the FCM algorithm, the P, factor is similarly processed. Here, Dy denotes the greatest any two gene clusters
are separated:

G= ms P ©
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The PBMF-index optimization is dependent on the lower cluster number, the minimized measure of P,, and the
greater evaluation of Dy.

FCM groups together genes with similar data structures, co-expressed levels, or proximity, and the PBMF index
guarantees a lower cluster number.

G. Frequent Pattern Mining

For the given set of elements J = {ji,J,,j3, .-, jn} and S = {s1,S,,S3,.....,S,} represents the set of
transactions, frequent is a subset of JS $, if support(T)= minimum support, here, user-defined threshold
provides minimum support.

H. Eclat Algorithm

The ECLAT algorithm is a depth-first search algorithm. It employs a vertical database design, which means that
rather than explicitly displaying all transactions; every item is placed together along with a cover called titlist,
and utilizes the intersection-based method to determine the item set’s support. If there is a small item set, then
this algorithm is better than the Apriori algorithm because it needs only less space. It is better suited to small
datasets and takes less time to generate frequent patterns than the Apriori algorithm. There are numerous
governed data mining methods, one of which is affiliation rule mining. ECLAT is a depth-first pursuit
calculation that employs a set crossing point. It is a generally rich calculation appropriate for both effective and
similar execution with location upgrading qualities. To accomplish itemset mining, the ECLAT calculation is
used. Itemset mining enables us to identify continuous examples in data. The fundamental concept behind the
ECLAT calculation is to utilize Tid set crossing points to perform the assistance of an applicant itemset while
avoiding the age of subsets that do not exist in the prefix tree. ECLAT is an information mining method that was
designed for market bin analysis. Following this set mining aims to identify procedures in the shopping habits of
grocery store customers, mail-order companies, and online retailers. It tries to differentiate sets of items that are
frequently purchased together here. Once identified, related item arrangements are used to enhance the offered
items association on the grocery store racks or in the list of mail-request pages or web shop, and it suggests
which items are packed differently, or allows to recommend different items to customers. ECLAT is based on
two fundamental advancements: applicant age and pruning. During the applicant age step, each n-itemset
applicant has created from two regular n-1 itemsets and after that, its help is tallied; if its help is less than the
limit, it is discarded; otherwise, it is repeated thing sets and used to produce n+ 1 itemset. Because ECLAT
employs an upward design, checking support is limited. The age of the applicant is undoubtedly a hunt in the
inquiry tree. The basic thing with 1-itemset is a similarity class with the prefix, and this similarity class is
similar to the fundamental transfer database in vertical format. Due to its profundity first inquiry, ECLAT does
not fully exploit the descending summary property.[30]

Algorithm 1: Pseudocode for Eclat Algorithm

Input: DE((S1,Uq), ... (Sp, Un) |Q); Tmin
Output:DF (DE, 1)

For all s; occurring in DE do

Q=QuUs;

Init (DE’) // initialize a new equivalence class with the new prefix Q
For all s;, occurring in DE such that k>j do
Utmp = U; N Uy

If {Ugmp| = Toin then

DE’ := DE U (Sk, Utmp)

DF =DF U (s, U Q)

end if

end for

if DE' # { }then

Eclat(DE', rpmin)

end if
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end for

I. Hybrid Diff-Eclat Algorithm

The diffset arrangement (the difference between two sets) has significantly reduced the Eclat algorithm's run
time and memory usage. A diff-Eclat algorithm is essentially the Eclat algorithm with a diff set arrangement. It
is similar to Eclat, except that in Diff-Eclat, tid sets are arranged in ascending, and diff sets are arranged in
descending depending on their size. Diff-run Eclat's time and memory usage is reduced by sorting diffsets and
tidsets. The Diff-Eclat algorithm's pseudo code is shown below:

Algorithm 2: Pseudocode for Hybrid Diff-Eclat algorithm

Input:DE ((sq,U1), ... (Sp, Up) |Q); Tmin

Output:DF (DE, 1)

Sort s; in descending order, with frequency reference.
For all s; occurring in DE do

Q=QUs;

Init (DE’) // initialize a new equivalence class with the new prefix Q
For all s;, occurring in DE such that k>j do

Ump = U; N Uy

If [ugmp| = Tomin then

DE’ := DE U (Sg, Utmp)

DF = DF U (5, U Q)

end if

end for

if DE' # { }then

Eclat(DE’, "min)

end if

end for

J. Development Of GA-ANN Prediction Model for Biological Knowledge
Biological knowledge is required to extract efficient and significant patterns from discriminant rules to reveal
fatal and critical causes of diseases[25]

Fig. 3.Architecture of GA-ANN
Following the acquisition of the DEG list, the ANN architecture is built in PYTHON, the input variable is the
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expression levels of up- and down-regulated probes, and the output variable is the microarray sample
diagnosis.A training set of microarray samples was created at random, and the remaining microarray samples
represented a control set. The ANN model is composed of three layers: an input layer with n nodes, and an
output layer with one node[26]. Then the mean square error’s threshold and the maximum recursive time are set.
Tansig is used as the transfer function between the input and hidden layers, and the weight-corrected learning
rate is utilized, whereas purelin is set up as a transfer function between the hidden and output layers. In this,
ANN is trained by using GA[27]. The initial number of populations and the maximum evolutionary generation
are set for optimization by GA. GA-ANN has chosen useful input variables at random mostly during every
round of computation, guaranteeing consistent computational accuracy. Time-series analysis, RNNs, hidden
Markov models, CNNs, and differential equations can simulate dynamic biological processes like RNA-seq data
temporal variations. These approaches reveal temporal relationships, hidden states, and complicated patterns,
improving our knowledge of dynamic biological events.

IV.EXPERIMENTAL RESULTS AND DISCUSSION

In the proposed technique, the dataset is selected. Initially, for the selected DNA sequence dataset, frequent
patterns are identified. Then, for analyzing the gene expression, the Fuzzy C-Means PBMF index is used, in
which association rule mining and clustering discretization are carried out. Next, to improve the performance a
strong association rule is generated. Finally, GA-ANN is used for predicting biological knowledge. For this
purpose, the Gene expression dataset [22] is utilized. Their performance is compared with other state-of-arts.
The implementation is done on the PYTHON platform.

A. PERFORMANCE METRICS

e Accuracy:

To calculate accuracy, divide the total number of forecasts by the number of correct predictions.
(Tp +Tn)
(N

Accuracy = ——————
y (Tp+Tn+Fp+Fn)

e F-measure:
The F-measure is determined by combining precision and recall.

)®)

2XPrecixRecal
F — Measure = ((—

Preci+Recal

e MCC:
MCQC is a correlation coefficient with four values: True-Positive (Tp), False Positive (Fp), True-Negative (Tn),
and False Negative (Fn).

((Tp xTn)—(FpXFn))
J((Tp+Fp)(Tp+ )(Tn+F )(Tn+Fn)

MCC = ( ) ©)

e FPR
The number of times a test result was determined as the ratio of data that was incorrectly defined as positive to
data that was correctly defined as negative is referred to as the "false positive rate.

_ (_Fr
FPR = (-2) (10)
e FNR

FNR is an abbreviation for false-negative rate. FNR denotes the proportion of false negative categorization to all
data categorization.

Fn
e (2) o
e Negative Prediction Value (NPV)

NPV describes the performance of a diagnostic test or other quantitative metric.

(12)

™
Tn+Fn

NPV =

e Precision:
It calculates the ratio of truly predicted positives to total expected positives.

Precision = (TprFp) (13)

e Sensitivity:
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The sensitivity measure assesses and predicts the model's performance in each category.

Sensitivity = ( (TanFp)) (14)

e Specificity:

The specificity metric evaluates the model's ability to forecast true negatives in all categories.

cra . T
Specificity = ((Tn-:le)) (15)

B. PERFORMANCE ANALYSIS
In this section, the experimental results of Microarray gene expression analysis utilizing the Fuzzy C-Means
PBMF index and a hybrid Diff-Eclat method are carried out. Table 1 explains the sample data for microarray

Table I. Sample Data for Microarray

Gene G1 G2 G3 G4 G5
S1 -0.8615 -0.0331 -0.3517 -0.80574 -0.16842
S2 -0.16772 1.0374 0.13913 0.87657 0.1146
S3 0.415047 1.35855 -2.4959 1.10088 -0.90791
S4 -0.13072 0.48876 2.42972 -1.46141 -1.30048

The sample microarray gene expression dataset was used, where each column denotes a gene and each row
denotes a sample. The Fuzzy C-Means PBMF index is used to transform the gene expression values into
discretized values. Where k represents the number of clusters, and k is supplied by the user. The user passes the
k value 2 in this experiment.

Gene expression values are replaced by gene intervals after clustering and discretization. Table 2 displays the
experimental results of discretization processes.

Table I1.Gene Values are Discretized

Gene/ S1 S2 S3 S4
Sample values
G1 [-0.26 [0.53 [0.72 [0.23
1.46] -0.19] 1.85] 0.62]
G2 [-0.67 [-2.67463] [2.23 [-0.52
-1.16] -0.83 1.26
-0.48] -0.60]
G3 [-0.27 [0.09 [1.91 [0.19
1.40] -0.36] 2.07] 0.97]
G4 [-2.28 [-2.42168] [-2.11 [1.15
0.040.41] 1.25 0.62
-0.47] 0.93]

The discretized gene expression data was transformed into transactional data. TIDs depict transactions, and
itemsets represent gene expression values with gene intervals. Table 3 shows a sample transaction dataset. The
Diff-Eclat algorithm is then used to discover frequent patterns by association rules.

Table III. Frequent Item sets are grouped

S.No Itemset Support

0 {[0.29, -0.06, -0.43, -0.40, 0.19, 0.028409
1.15,0.18]}

1 {[2.22,-0.16]} 0.020834

2 {[-0.50, -0.24, 0.24, 0.70, 0.019157
-1.47,-0.56,-0.10}}

3 {[0.73, 0.35, -0.32]} 0.046594

4 {[-0.02, -0.13, -0.69, -0.32, 0.03, 1.11, 1.06]} 0.043632

5 {[-0.89, -0.36]} 0.042658

6 {[0.26, 1.02, 0.27, -0.39]} 0.026056

7 {[-2.16, -0.80, -1.49, -0.53, -1.25, -0.48, 0.05, -0.44, -0.43]} 0.017983

8 {[0.49, -0.10, -0.46,-0.43, -0.82, 1.28, 0.85,0.96, -1.33, -0.95,-0.54, -0.11, | 0.019123
-1.68, -0.28]}

9 {[0.40, -0.21, 0.78, 0.71, -0.11, 0.26, 0.58, 0.12, -0.004, -1.26, -0.72, - | 0.013779
0.80, -0.69, -0.24, -0.46]}
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At last, identify the discriminatory rules that ensure a minimum level of support and confidence. Table 4
displays the significance association rule. Table 5 displays the outcomes of discriminant association rules. Their
performance is analyzed and compared with several existing methods such as SVM, CNN, and RF.

S.No Rules Support

0 [-1.86 0.24 -0.19 0.085 -2.60 -2.37 -2.07] — 0.021434
[2.57 1.34 2.23]

1 [-0.83 1.46]— 0.014281
[-2.68 -1.17]

2 [-0.01 0.18 0.68 2.08 2.09 0.02 0.14]— 0.021078
[-0.27 -0.39]

3 [-0.67 -0.87 -0.40]— 0.035986
[-0.72 -1.16 -0.54 -1.14]

4 [-0.73 1.66 0.55 -0.14, -0.27 0.17 -0.46]— 0.012746
[0.10 0.46]

5 [-0.50 -0.48]— 0.014487
[0.47 0.48]

6 [-0.89 -0.36, -0.77 -0.03]— 0.042455
[-1.30 -0.36]

7 [1.45,-0.23]— 0.032008
[-0.60 -0.93]

8 [-1.02 -0.23 4.25 0.12 0.16 -0.86, 0.015007
-1.36 -0.86 -0.95 -0.90 0.90 -2.16 1.38-0.82]—
[0.62 0.50]

9 [-1.66 -0.69, 0.08 0.002 -0.38 -1.31 -0.95 -2.55, 0.02047
0.31-1.270.20 0.57 0.39 -1.03 -1.06]—
[0.86 1.01 0.46]

Table IV. Performance Metrics Comparison

Performance Hybrid Diff-Eclat SVM CNN RF
metrics (Proposed)
Accuracy 0.892898 0.858507 0.819254 0.833201
Precision 0.885548 0.851450 0.784749 0.874365
Sensitivity 0.900407 0.865736 0.861117 0.789276
Specificity 0.885489 0.851374 0.777946 0.876545
F-measure 0.865077 0.831767 0.794625 0.805259
MCC 0.938811 0.896376 0.824741 0.825152
NPV 0.900396 0.865707 0.860585 0.799748
FPR 0.019576 0.026218 0.024581 0.020108
FNR 0.003431 0.005614 0.006585 0.004163

In Table 5, the suggested Hybrid Diff-Eclat algorithm and the existing techniques SVM, CNN, and RF
performance comparison are compared based on several performance metrics such as precision, accuracy,
specificity, sensitivity, NPV, F-measure, MCC, FPR, and FNR. Performance demonstrates that Hybrid Diff-
Eclat algorithm (Proposed) outperforms SVM, CNN, and RF.
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Performance Metrics Comparison

Hybrid Diff-Eclat SVM CNN RF
FPR | 0.02 Joos | 0.02 0.02
FNR |o | 0.01 0.01 0

Fig.7. Performance metrices of Accuracy, Precision, Sensitivity, Specificity, F-Measure, MCC, NPV, FPR,
FNR

C. COMPARATIVE ANALYSIS

The suggested approach has 0.892898 accuracy, greater than the previous methods' 0.858507, 0.819254, and
0.833201 demonstrated in Figure 7. F-measure performance metrics compare proposed and current approaches.
The suggested technique yields 0.865077 F-measure, greater than 0.831767, 0.794625, and 0.805259.
Comparison of suggested and current FNR approaches on performance. Comparison demonstrates that the
suggested method's 0.003431 FNR is lower than the existing methods' 0.005614, 0.006585, and 0.004163 FNR.
Comparison of planned and current specificity approaches. Comparison demonstrates that the suggested
technique has 0.885489 specificity, greater than 0.851374, 0.777946, and 0.876545. Performance demonstrates
that Hybrid Diff-Eclat algorithm outperforms SVM, CNN, and RF.

D. DISCUSSION

t-SNE and PCA visualize genomics models. Researchers use SHAP and integrated gradients to interpret models'
latent representation. Biological validation comes from pathway analysis and data comparison. Model
performance can be improved using biologically inspired synthetic data[28]. Sharing biological representations
without patient data is conceivable using synthetic data. Biological similarity, data variety, and model flexibility
determine model transferability. Validation, ethics, and domain adaptability are crucial to model
implementation.

Synergy explains rules without language or visuals. For complicated genetic model assumptions, rule mining
contextualizes gradient characteristics. This technique streamlines genetic data processing and shows intricate
relationships for better decision-making.Explore activation properties and idea weighting to explain model
rationales beyond quantitative measures.

Mining and deep learning are used in hybrid approaches. Transfer learning with pre-trained models enhances
generalization. The methods find non-linear correlations in complicated genomic and biological datasets.
Various ways assess genomic model interpretability. These approaches preserve complicated model structure
patterns. To improve interpretability, researchers assess genetic feature relevance, information transfer, and
model behavior. Counterfactuals and statistics boost genetic and bioinformatics disclosure and trust. Rule
mining can be subtle with gradients or deep model activation patterns. Rule mining gradients and interpretability
inform model conclusions. Validated and contextualized models predict biology broadly and precisely. Require
extensive cross-validation and external validation.

Bioinformatics and genomics use t-tests, ANOVA, correlation studies, and enrichment tests for computational
predictions. This result demonstrates how model features activate, stressing their decision-making importance.
Analyze major idea weighting to demonstrate the model's attention on essentials. This qualitative analysis
provides greater insights than numerical measurements on how the model understands and prioritizes input.

V. CONCLUSION

A novel method for detecting frequent patterns in DNA sequences was suggested in this research. Here, a novel
method was described for analyzing microarray gene expression profiling data using clustering discretization
and association rule mining. Fuzzy C-Means and the PBMF index are utilized throughout discretization to
transform gene expressions into gene expression intervals and discrete data, and common patterns are found by
mining association rules to discover significant relationships among microarray genes. To develop strong
association rules, a Hybrid Diff-Eclat algorithm is used. It enhances the prediction of microarray gene
expression data and evaluates the algorithm's sensitivity, precision, specificity, performance coefficient, and
error rate. The overall performance demonstrates that the proposed technique performed better. In future
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research, to overcome computational time as well as memory explosion issues with gene expression datasets the
proposed algorithm has to be enhanced. Numerical performance improvement data in the conclusion are
essential for comparing progress to previous efforts. Accuracy (0.892898), precision (0.885548), and F1 score
(0.865077) demonstrate model efficacy. Making improvements to computational efficiency, training time, or
other benchmarks supports the conclusion. This quantitative data highlights the model's superiority and shows
development in genomics and bioinformatics research, boosting its legitimacy and influence.
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