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Abstract - Big Data is a large quantity of data that are complex to process. Big Data is employed to uncover the hidden 

patterns, relationships, customer options and additional information for taking business decisions. Feature selection 

process is employed to avoid the redundant features from the big data. Clustering methods is used to cluster the similar 

gene expression based on the extracted features for predicting as active or inactive. Genomic pattern prediction process 

is exploited to identify the future outcomes of gene expression. However, the existing pattern prediction techniques 

failed to accurately identify the active and inactive gene expression with minimal time. In order to reduce feature 

selection time and improve the clustering accuracy, machine learning techniques are used in our work. 
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I. INTRODUCTION 

Data mining and machine learning includes the computer 

science subfields with artificial intelligence, statistics, 

mathematics, etc. The subfields introduce sophisticated 

techniques for accurate results when applied to the wide 

range of sciences.  Big Data is a high-volume and high-

velocity information assets for efficient information 

processing in decision making and automation. In big data 

analytics, feature selection process is an essential one for 

identifying the relevant features and removing the 

irrelevant ones. Feature selection reduces the data 

dimensionality and increases prediction performance for 

many machine learning applications. Clustering is the 

process of collecting set of objects where objects in the 

same cluster are similar to each other than objects in 

other groups. Predictive analytics employs past data 

history to forecast the future outcomes. Predictive 

analytics allow the organizations to employ the big data to 

move from a historical view. Predictive analytics is the 

process of extracting information from datasets to identify 

the patterns.  

This paper is structured as follows: Section II explains the 

literature review of feature selection and clustering for 

genomic pattern discovery, Section III describes the study 

and analysis of existing feature selection and clustering 

techniques, Section IV presents the comparison between 

different methods, Section V explains the limitations of 

existing feature selection and clustering techniques and 

Section VI concludes the paper. The key aim of the 

research is given to predict the results based on the 

genomic patterns. 

II. LITERATURE REVIEW 

Frequent Item Feature Selection (FIFS) technique was 

introduced in [1] with two parts using frequent items for 

selection of informative markers from population genomic 

data. The first part recognizes the frequent and distinctive 

genotypes. The second part selects the optimal one to 

generate informative Single Nucleotide Polymorphism 

subsets. The process of allocating the individuals to group 

was not complex in wild populations due to the migration 

that generated. A new adaptive rule-based (ARB) classifier 

was introduced in [2] for classification of biological data 

issues. The designed rule-based classifier joined the 

random subspace and boosting methods with decision trees 

for collection of classification rules without global 

optimization. But, the classification rules were not 

employed in ARB classifier for oligogenic diseases like 

Epileptic Encephalopathies and Cleft Lip. ARB classifier 

result was base classifier for learning and multi-class 

classification.  

Hierarchical Clustering Algorithm combined with cluster 

validation in [3] based on Silhouette and Dunn indices. 

The designed algorithm generated ranked list of gene 

group, removes the exhaustive search with improved 

performances. The designed algorithm is measure of 

similarity for individual gene groups and combination of 

variants of hierarchical clustering to generate the candidate 

groups. But, additional indices of group quality were not 

improved by the designed method. A MI-based feature 
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selection approach was developed in [4] for microarray 

data. The designed approach comprised two plans, namely 

relevance boosting and feature interaction enhancing. The 

former one required for additional relevance features with 

class labeling beyond selected features. The later one 

recompenses for feature interaction missing from 

aggregation. However, sound and robust theoretical 

foundation was not given for microarray data feature 

selection.  

A new transductive feature selection method called MINT 

was presented in [5] with help of Max-Relevance and Min-

Redundancy (MRMR) principle. MINT addressed the 

genetic trait prediction problems. But, ranking process was 

not carried out by predictive algorithms. A multivariate 

extension termed Relative Scan Statistics was employed in 

[6] for two series comparison in Bernoulli. Relative scan 

the statistics with highlight of unshared event rate 

variations. Probabilistic approach was introduced 

depending on success probability estimation. But, the 

clustering accuracy was not enhanced through the Relative 

Scan Statistics. 

III. GENOMIC PATTERN DISCOVERY 

With the fast development in biomedical research 

databases, patterns discovery among large amount of data 

is an essential demand. The volume of information is so 

massive and hence referred to as the big data is not simple 

to identify the required information that a user wants 

regarding the discovered patterns. Thus, the technology for 

extracting useful patterns from big data has become very 

salient.  

The recognition of interesting patterns in biosequences has 

essential part in computational biology. Genomic and 

proteomic sequences are developed exponentially, 

analogous to big data. But, the pattern discovery remains a 

key problem requiring improved algorithm for achieving 

manageable levels of efficiency due to the involvement of 

high level of data or patterns. Patterns are an essential one 

in biological need. Pattern discovery in biosequences is 

defined as the patterns signifying the subsequences 

preserved through evolution and reason for preservation is 

because they are essential to the function or structure of 

molecule. 

A. FIFS: A data mining method for informative marker 

selection in high dimensional population genomic data 

An informative marker selection technique termed 

Frequent Items Feature Selection (FIFS) is introduced to 

detect the Single Nucleotide Polymorphism (SNPs) which 

classify the populations. FIFS technique comprises two 

components, namely Population Specific Most Frequent 

Genotype Identification and Informative Marker Subset 

Construction. The first one is motivated from frequent 

itemset theory and identifies feature space for SNPs with 

unique genotypes. The later one is a component that builds 

the subsets of SNPs. The initial part of the algorithm 

identifies the feature space and retains SNPs with frequent 

value/ genotype for one population. The overall process 

diagram of Frequent Items Feature Selection (FIFS) is 

described in figure 1.  

Monomorphic SNP Elimination 

It is a first step of FIFS algorithm for SNP datasets to 

include monomorphic loci where individuals all over the 

populations have similar genotype. The features include 

similar value for every instance in dataset. The designed 

step guarantees that all monomorphic SNPs are eliminated 

from analysis as they exhibit no discriminative power 

among populations.  

Genetic to Transactional Data Conversion 

The second step of FIFS algorithm is to convert the genetic 

data to transactional data. All nominal attributes are 

changed into binary where every initial feature is denoted 

in transactional database by many features. 

Split Data in Single – Population Datasets 

Population Specific Most Frequent Genotype 

Identification part is employed to identify the frequent 

genotypes in every population. FIFS algorithm divides 

newly created transactional dataset into N datasets where 

N denotes the number of origin populations. The new 

created dataset includes individuals/instances of one 

population. 

 

Figure 1 Frequent Items Feature Selection Process 
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Frequent genotypes selection 

FIFS algorithm computes the support of every item/feature 

in each dataset. Based on specific population of dataset, 

FIFS algorithm generates frequent items higher than user 

defined threshold. 

Discarding Common Elements 

It is important for FIFS algorithm to maintain features that 

are frequent in each population. After σ-frequent set 

construction, FIFS algorithm executes the pairwise 

comparisons between them to eliminate all co-occurrences.  

Mapping Back to the Genetic Dataset 

FIFS algorithm employs the converted transactional data. 

It maps the converted features of each population to 

original SNP names. The first module comprises N sets of 

SNPs with σ– frequent genotypes for population. The 

second module is to choose sets particular number of SNPs 

for every population. C represents number of features to 

explain the each population. The value C is similar across 

the population.  

FIFS_RS: The algorithm executes the selection through 

random sampling without substitution number of SNPs 

from every population unique genotype subset. 

FIFS_In: The method ranks the SNPs separately for every 

population unique genotype subset and creates N-ranked 

lists. The algorithm chooses the top-C SNPs from every 

ranked list/population.  

FIFS-RSRN: The designed method is variation on 

FIFS_RS method motivated by wrapper techniques. 

FIFS_RSRN: The designed method executes the random 

sampling without replacement and revisits „X‟ different 

subsets of informative SNPs. The designed algorithm 

computes their assignment accuracy and maintains only 

subset with the best results.  

B. An adaptive rule-based classifier for mining big 

biological data 

An adaptive rule-based (ARB) classifier is used for 

categorizing multi-class biological/genomic data for 

increasing prediction accuracy of DNA variants 

classification process. Two supervised learning algorithms 

called decision tree (DT) and k-nearest-neighbor (kNN) 

method. DTs are employed for collection of classification 

rules while kNN is employed for examining the 

misclassified instances and eliminating the ambiguity 

between contradictory rules. The rules are used for 

addressing the classification issues. There are two features 

of rule-based classifier. Classifier comprises exclusive 

rules when rules are self-determining of each other where 

every instance comprises at most one rule. A rule-based 

classifier utilizes collection of IF-THEN rules for 

classification. IF component of rule is termed as rule 

antecedent or precondition. THEN component of rule is 

termed as rule consequent. The antecedent comprises one 

or more feature tests and the tests are ANDed. The 

consequent is employed for class prediction.  

ARB classifier joins the random subspace and boosting 

techniques with ensemble of DTs for constructing 

classification rules. Random subspace approach is 

introduced to avoid over fitting, boosting for categorizing 

noisy instances and ensemble of DTs for addressing class-

imbalance issues. It includes sequence of k iterations to 

construct the classification rules. A rule set is constructed 

through DT with random subspace from training data. 

Each rule is constructed for every leaf node of tree. Every 

path in tree from root to leaf is based on rule. The rules are 

taken from the training data using C4.5 algorithm. ARB 

classifier aims on the misclassified training instances in 

next iteration and identifies the instances that are not easy 

to categorize. The weights of instances are changed 

consistent with classification process. When an instance is 

correctly classified, then weight gets reduced. When 

instance is wrongly categorized, then weight gets updated. 

ARB classifier constructs better classification rules 

without any requirement for global optimization.  

C. Analysis of genetic association using hierarchical 

clustering and cluster validation indices 

With the era of big data, where huge information are 

obtained and processed in a continuous manner in 

diversified fields, measures are taken to extract useful 

information from the diversified fields for analysis. 

Amongst several fields, genomic predictive pattern 

analysis has received wide attention. As highest amount of 

genomic or complete set of gene including all of its genes 

involve huge data, genetic association using hierarchical 

clustering and validating the cluster provides a parallel 

programming framework that runs in parallel. As the 

patterns in genomic are hidden, big data is employed to 

uncover the hidden patterns. With this objective, relevant 

features in genomic are selected and hierarchical clustering 

algorithm is applied to the selected features for predictive 

as active or not. 

There has been lot of research on hierarchical clustering 

for big data analytics. The hierarchical clustering 

algorithm is combined with individual cluster validation 

using Silhouette and Dunn indices to create ranked list of 

gene group. The designed algorithm avoids exhaustive 

search and present high quality results. Cluster validation 

index is employed as quality/homogeneity measure rather 

than generating the partitions. The best sets from different 

partitions through hierarchical clustering are chosen. The 

designed clustering algorithm joins best results and avoids 

full search approach. The designed algorithm chooses the 

highly correlated subsets of genes. A naive method is used 

to identify the compact and divide groups based on the 

compactness of each subset of N profiles. An appropriate 

measure is employed to calculate the cluster compactness 

Silhouette index. For analysis, modified measure of cluster 
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silhouette is employed. The selection of cluster score 

reveals the compactness of every profile with remaining 

profiles. 

The external indices are not feasible as they failed to know 

about expected partition. The relative indices are 

unreliable regarding the cluster quality in probabilistic 

framework. The internal validation indices are employed 

for explaining how near profiles of groups compared with 

distance to additional profiles. The subsets are limited to 

search, to create candidate subsets, and to determine 

clustering validation indices by means of hierarchical 

clustering. Hierarchical clustering algorithm creates the 

total of     subsets to process. As there are many 

variations of hierarchical clustering, key issue is to 

determine best alternatives of hierarchical clustering for 

task of identifying co-expressed genes on genomic data. 

IV. COMPARISON OF FEATURE SELECTION 

AND CLUSTERING TECHNIQUES FOR GENOMIC 

BIG DATA PATTERN DISCOVERY 

In order to compare the feature selection and clustering 

performance of different techniques, number of features is 

taken to perform this experiment. Many parameters are 

used to reduce the feature selection time with higher 

clustering accuracy for genomic big data pattern discovery. 

A. Feature Selection Time 

Feature selection time is defined as amount of time taken 

to choose the feature or extracted patterns from big data 

dataset for clustering process. It is the difference between 

the starting time and ending time of feature selection 

process. It is measured in terms of milliseconds. Feature 

selection time is formulated as,  

 

 

When the feature selection time is lesser, the method is 

said to be more efficient. 

Table 1 Tabulation for Feature Selection Time 

Number of 

Features 

(Number) 

Feature Selection Time (ms) 

FIFS 

Technique 

ARB 

classifier 

Hierarchical 

Clustering 

Algorithm 

10 12 18 22 

20 15 21 24 

30 17 25 26 

40 20 27 30 

50 22 29 34 

60 24 31 36 

70 27 34 38 

80 30 37 42 

90 32 40 45 

100 35 43 49 

Table 1 explains the feature selection time for different 

number of features in the range of 10 to 100. The feature 

selection time takes place on existing FIFS technique, 

ARB classifier and Hierarchical Clustering Algorithm. 

From the table, it is clear that the feature selection time of 

Frequent Items Feature Selection (FIFS) technique is 

lesser than that of Adaptive Rule-Based (ARB) classifier 

and Hierarchical Clustering Algorithm. The graphical 

representation of feature selection time is shown in figure 

2. 

 
Figure 2 Measurement for Feature Selection Time 

From figure 2, feature selection time for different number 

of features is illustrated. When the number of features gets 

increased, the feature selection time also gets increased 

correspondingly in all three methods. But comparatively, 

feature selection time of FIFS technique is lesser than 

Adaptive Rule-Based (ARB) classifier and Hierarchical 

Clustering Algorithm. The feature selection time of FIFS 

technique is lesser due to usage of frequent itemset theory. 

With the obtained frequent itemset, support of each feature 

in dataset is measured. Based on the resultant support 

value, FIFS algorithm frequent items are generated and are 

found to be higher than the user defined threshold. In this 

way, all the co-occurrences are deleted or discarded as the 

FIFS algorithm performs the pair wise comparisons. The 

feature selection time consumption of FIFS technique is 

24% lesser than Adaptive Rule-Based (ARB) classifier and 

34% lesser than Hierarchical Clustering Algorithm. 

B. Clustering Accuracy 

Clustering accuracy is defined as the ratio of similar gene 

expressions that are correctly clustered to the total number 

of testing gene expression. It is measured in terms of 

percentage (%). Clustering accuracy is formulated as, 

 

 

 

Feature Selection Time= Starting time – Ending time of       

                                                                    feature selection  

Clustering Accuracy = 

Similar gene expression that are correctly clustered 

Number of testing gene expression 
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When the clustering accuracy is higher, the method is said 

to be more efficient. 

Table 2 Tabulation for Clustering Accuracy 

Number of 

testing gene 

expression 

(Number) 

Clustering Accuracy (%) 

FIFS 

Technique 

ARB 

classifier 

Hierarchical 

Clustering 

Algorithm 

10 69 75 80 

20 70 77 82 

30 72 78 84 

40 75 81 85 

50 76 83 87 

60 79 84 89 

70 81 86 90 

80 83 88 92 

90 84 90 94 

100 86 91 96 

 

Table 2 illustrates the clustering accuracy for different 

number of testing gene expression ranging from 10 to 100. 

The clustering accuracy comparison takes place for three 

existing methods, namely Frequent Items Feature 

Selection (FIFS) technique, Adaptive Rule-Based (ARB) 

classifier and Hierarchical Clustering Algorithm. From the 

table, it observed that the clustering accuracy of 

Hierarchical Clustering Algorithm is higher than that of 

Adaptive Rule-Based (ARB) classifier and Frequent Items 

Feature Selection (FIFS) technique. The graphical 

representation of clustering accuracy is shown in figure 3. 

 

Figure 3 Measurement of Clustering Accuracy 

In figure 3, clustering accuracy for different number of 

testing gene expression is described. When the number of 

testing gene expression gets increased, the clustering 

accuracy also gets increased in all three methods. But 

comparatively, clustering accuracy of Hierarchical 

Clustering Algorithm is higher than Adaptive Rule-Based 

(ARB) classifier and FIFS technique. This is because the 

hierarchical clustering algorithm uses cluster validation 

index as quality/homogeneity measures instead of 

generating partition like the FIFS technique. In this 

manner, through homogeneity measures avoids exhaustive 

search. By minimizing the search, time taken is also 

reduced and also provides high quality results. Besides, the 

Hierarchical Clustering Algorithm chooses correlated 

subsets of genes. With this correlated gene subset, cluster 

compactness is obtained through Silhouette index. The 

clustering accuracy of Hierarchical Clustering Algorithm 

is 14% higher than FIFS technique and 6% higher than 

Adaptive Rule-Based (ARB) classifier. 

C. Specificity 

Specificity is defined as the ratio of number of testing gene 

expressions that are incorrectly classified as active to the 

total number of inactive gene expression. It is measured in 

terms of percentage (%). It is formulated as, 

 

 

 

 

  

 

 
When the specificity is lesser, the method is said to be 

more efficient.  

Table 3 Tabulation for Specificity 

Number of 

testing gene 

expression 

(Number) 

Specificity (%) 

FIFS 

Technique 

ARB 

classifier 

Hierarchical 

Clustering 

Algorithm 

10 24 18 31 

20 26 20 33 

30 29 22 35 

40 30 25 38 

50 32 27 40 

60 34 29 43 

70 35 31 45 

80 37 33 47 

90 40 36 49 

100 42 39 52 

Table 3 describes the specificity comparison of three 

existing methods, namely Frequent Items Feature 

Selection (FIFS) technique, Adaptive Rule-Based (ARB) 

classifier and Hierarchical Clustering Algorithm for 

different number of testing gene expression ranging from 

10 to 100. From the table, it observed that the specificity 

Specificity = 

Number of testing gene expressions incorrectly classified 

as active 

Number of inactive gene expression 
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of Adaptive Rule-Based (ARB) classifier is lesser than that 

of Hierarchical Clustering Algorithm and Frequent Items 

Feature Selection (FIFS) technique. The graphical 

representation of specificity is shown in figure 4. 

In figure 4, specificity for different number of testing gene 

expression is described. When the number of testing gene 

expression gets increased, the specificity gets increased in 

all three methods. Specificity of Adaptive Rule-Based 

(ARB) classifier is lesser than Hierarchical Clustering 

Algorithm and FIFS technique. This is because of using 

two supervised learning algorithms, namely decision tree 

(DT) and k-nearest-neighbor (kNN) method. DTs were 

used for set of classification rules and kNN was used for 

finding the misclassified instances. 

 

 
Figure 4 Measurement of Specificity 

kNN identified the ambiguity between the contradictory 

rules. The specificity of Adaptive Rule-Based (ARB) 

classifier is 16% lesser than FIFS technique and 33% 

lesser than Hierarchical Clustering Algorithm. 

V. DISCUSSION ON LIMITATIONS OF FEATURE 

SELECTION AND CLUSTERING TECHNIQUES 

Frequent Item Feature Selection (FIFS) are based on 

frequent items for selection of informative markers from 

the population genomic data. FIFS includes two parts. The 

former one identifies the frequent and distinctive 

genotypes for sampled population. The second one selects 

the optimal one to generate informative Single Nucleotide 

Polymorphism (SNP) subsets. SNP is genetic variation that 

happens when single nucleotide (A, T, G or C) in genome 

changes between biological species or paired 

chromosomes. FIFS finds the feature space and maintain 

SNPs with frequent value/ genotype for one population. 

The process of assigning the individuals to group of origin 

was difficult in wild populations because of migration that 

generated genetic admixture. 

A hierarchical clustering algorithm identified the group of 

genes/markers that are compact. Also separation from 

additional genes/markers was also performed using two 

clustering validation indices. In this way, the sets were 

ranked with which the best sets were identified. With this 

analysis, the sub-optimal search was performed by 

combining clustering algorithms. In this manner by 

employing the clustering algorithm, efficient clusters were 

identified using Silhouette Index and Dunn index. The 

designed algorithm provided the balance between the 

search time and detection rate. However, additional indices 

of group quality were not used by hierarchical clustering 

algorithm. 

A new adaptive rule-based (ARB) classifier was employed 

for multi-class classification of biological data problems 

such as over fitting, noisy instances and class-imbalance 

data. Rule-based classifier joined the random subspace and 

boosting techniques with ensemble of decision trees for 

classification without any global optimization. The 

classifier used the random subspace approach for 

classifying the noisy instances and ensemble of decision 

trees. But, the classification rules were not employed in 

ARB classifier for oligogenic diseases like Epileptic 

Encephalopathies and Cleft Lip and/or Palate. The rule 

weight was not employed to remove the information from 

the genomics with clinical data for pathology classification 

tasks. ARB classifier result was the base classifier for 

active learning and multi-class classification in feature set. 

A. Related works 

A new random projection algorithm was developed in [7] 

where random symmetric matrix replaces the 

covariance/correlation matrix of PCA while maintaining 

the data clustering. RPA determined the unsupervised 

clustering of crystallographic structures. The clustering 

efficiency of PCA was not improved form of 

covariance/correlation matrix. A new linear integer 

optimization program termed as Genetic-Interactions-

Detector (GENIE) was developed in [8] to identify 

biological relationship between genes. But, GENIE 

program failed to introduce the mapreduce function for 

reducing the space complexity. In addition, interactions 

among genes from large dataset become complicated task 

and failed to improve the performance. To address this 

issue, in [9], a Distributed File System (DFS) integration 

model was introduced to obtain sharability of the entire 

data. The response was adapted version of Spark SQL 

called distributed SQL execution engine in [10] for 

handling the genomic intervals. Spark SQL re-established 

the practices to recollect the genomic data and assign users 

to minimize software code lines. Though Spark SQL was 

easy mechanism of querying heterogeneous genomic data 

over distributed hardware systems, the predictive analytics 

was not performed with better results. 

B. Future Direction 

The future direction of the genomic pattern discovery is to 

predict the active and inactive gene expression through 

performing the feature selection, clustering and 

classification techniques. 
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VI. CONCLUSION  

A comparison of different existing feature selection and 

clustering techniques for genomic prediction towards big 

data is studied. The importance of pattern discovery in the 

area of genomic prediction involving big data with the aid 

of data mining techniques was explained in detail. From 

the study, it is observed that the existing hierarchical 

clustering techniques failed to increase the clustering 

accuracy as because of less concentration was made on the 

feature selection time. The survey review shows that the 

feature selection time using the existing ARB classifier 

was found to be higher. In addition, the gene expressions 

that were incorrectly classified were also found to be high 

using both ARB classifier and FIFS technique. Wide range 

of experiments conducted with several testing gene 

expression confirms the validity of the method. Also the 

increase in feature selection time with its clustering 

techniques and its limitations are also provided. Finally, 

from the result, the research work can be carried out using 

machine learning techniques for improving the 

performance of genomic pattern prediction. 
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