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Abstract 
The proposed research work is to study and analyse the four biclustering algorithms BCPlaid BCXmotifs, 
BCSpectral and BCBimax using myocardial infraction microarray dataset. The methodology of the proposed 
research work consists of 3 Phases Pre-processing phase is used to convert the expression data profile into 
Binarnized form and discretized form. The need for converting the dataset into these forms helps certain 
algorithms to give effective result. The BCBimax algorithm takes Binarnized form of dataset as input whereas the 
BCXmotifs algorithm takes input as discretized form of dataset. The second phase is to study four biclustering 
algorithms and to analyse the experimental dataset. The biclustering results are to be validated using coherence 
measure value and Jaccard index. The visualization of biclustering results to be implemented using the heat map 
and parallel coordinates. 
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1. Introduction  

Data mining is the process of discovering insightful, 
interesting, and novel patterns, as well as descriptive, 
understandable, and predictive models from large-
scale data. Data Mining is defined as extracting 
information from huge sets of data. In other words, 
we can say that data mining is the procedure of 
mining knowledge from data. Data collection and 
storage technology has made it possible for 
organizations to accumulate huge amounts of data at 
lower cost. Exploiting this stored data, in order to 
extract useful and actionable information, is the 
overall goal of the generic activity termed as data 
mining. Bioinformatics is the computational analysis 
of biological data, consisting of the information 
stored in the form of DNA and protein sequence in 
various biological databases. The bioinformatics is the 
field of science in which biology, computer science 
and information technologies merge into a single 
discipline. There are three important sub-disciplines 
within bioinformatics the development of new 
algorithms and statistic which assess relationships 

among members of large dataset Microarray is the 
collection of microscopic DNA spots attached to a 
solid surface. Scientists use DNA microarray to 
measure the expression levels of large number of 
gene concurrently or to genotype multiple regions of 
genome. These can be a short section of a gene or 
other DNA elements that are used to hybridize a 
cDNA or cRNA sample called target. 

Biclustering is an unsupervised learning technique 
which over the last few years has been widely used in 
microarray analysis, outperforming traditional 
clustering. While clustering techniques group genes 
similarly expressed under all conditions or vice versa 
(clusters), biclustering techniques group them under 
a certain subgroup of conditions (groups of both 
genes and Conditions are called bicluster). 
Biclustering may be applied to group genes with 
constant expression value, samples with constant 
expression values, gene based on additive model and 
genes with multiplicative model. A gene or condition 
can be in more than one bicluster at the same time 
(overlapping), while in clustering a gene or condition 
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is usually assigned to a unique cluster. The 
biclustering algorithms can be found in Madeira and 
Oliveira (2004). Biclusters are more flexible and fit 
biological behaviour better than clusters, but their 
special characteristics (overlapping and grouping of 
genes and conditions) make it difficult to apply 
cluster visualizations to bicluster. The set of values aij 
represent the relation between its rows i and its 
columns j and the goal is to identify subset of rows 
with certain coherence properties in a subset of the 
columns. Most biological applications of biclustering 
are performed using gene expression data obtained 
using microarray technologies that allow the 
measurement of the expression level of thousands of 
genes in target experimental conditions.  

This paper is organized as follows: section1 describes 
the introduction on biclustering microarray gene 
expression data to identify in myocardial infraction 
data set using biclustering algorithm, Section 2 
presents review of the literature for the clustering 
and a biclustering method over microarray dataset. 
Section 3 describes the methodology of the proposed 
work to identify the biclustering patterns for 
experimental dataset. Section 4 discusses the 
experimental result of the proposed work. Section 5 
given the conclusion. 

2. Literature Review 

Osama Abu Abbas et al [3] proposed the study and 
comparison of various clustering algorithms. 
Algorithms have been compared based on factors 
such as Dataset size, number of clusters, dataset and 
used software. The R package includes an iterative 
algorithm for solving this objective. After computing 
an initial clustering with standard k-Means, the 
algorithm alternates between computing the optimal 
w for fixed L and C (with a closed form soft-
thresholding type operation), and computing L and C 
for fixed using K–means on a reweighted dataset Z 
with Z( j) for each j. Since one of the factors we 
investigate in this work is the effect of initialization, 
we modify this code slightly to allow initialization 
with an arbitrary clustering. 

Grothaus et al[4] represents overlapping biclusters in 
a single heat map and allow row and column 
duplications if biclusters cannot be represented 
contiguously. While being optimal with respect to the 
number of duplications, such an automatic layout 
algorithm does not allow for interactivity. In our 

work, we allow overlapping biclusters and the user 
may decide which biclusters to show contiguously in 
order to minimize row and column duplications. 

Cheng and Church et al [6] presented the bicluster as 
a subset of rows and a subset of columns with a high 
similarity score. The similarity score introduced and 
called mean squared residue, was used as ameasure 
of the coherence of the rows and columns in the 
bicluster. Given the data matrix a bicluster was 
defined as a uniform sub-matrix having a low mean 
squared residue score. A sub matrix is considered 
bicluster for some In particular; they aim at finding 
large and maximal bicluster with scores below a 
certain threshold. 

Kluger et al [15] refers, that addressed the problem 
of identifying bicluster with coherent values and 
looked for checkerboard structures in the data matrix 
by integrating biclustering of rows and columns with 
normalization of the data matrix. They assumed that 
after a particular normalization, which was designed 
to accentuate bicluster if they exist, the contribution 
of a bicluster is given by a multiplicative model as 
defined in (13). Moreover, they use gene expression 
data and see each value the data matrix as the 
product of the background expression level of gene 
the tendency of gene to be expressed in all conditions 
and the tendency of all genes to be expressed in 
condition. 

Murali and Kasif et al [30] proposed the conserved 
gene expression motifs (xMOTIFs) they defined an 
xMOTIFs as a subset of genes (rows) that is 
simultaneously conserved across a subset of the 
conditions (columns). The expression level of a gene 
is conserved across a subset of conditions .The gene 
is in the same state in each of the conditions in this 
subset. The data may contain several xMOTIFs 
(bicluster) and aimed at finding the largest xMOTIFs.  

Mir kin et al [10] presented the biclustering has been 
used to describe simultaneous clustering of both row 
and column sets in a data matrix. Other terms that 
have been associated to the same idea include direct 
clustering and box clustering.  
Ben-Dor et al [11] defined a bicluster as an order-
preserving sub matrix (OPSM). Specifically, a sub 
matrix is order-preserving if there is a permutation of 
its columns under which the sequence of values in 
every row is strictly increasing. They define a 
complete bicluster model as the pair (Y,π) where π= 
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(y1… ys) is a linear ordering of the columns in Y. A 
row supports (Y,π) if the s corresponding values, 
ordered according to the permutationπ, are 
monotonically increasing. Since an exhaustive 
algorithm that tries all possible models is not feasible, 
the algorithm grows partial models iteratively until 
they become complete models. 

Juan A Nepomucenol et.al [39] described that aim of 
finding bicluster from gene expression data. In this 
algorithm the proposed fitness function is based on 
the linear correlation among genes to detect shifting 
and scaling patterns from genes and an improvement 
method is included in order to select right now 
positively correlated genes. The proposed algorithm 
has been tested with dataset the performance of the 
proposed method and fitness function are compared 
to that of Bimax, xMOTIFs, plaid and spectral.  

Amela Preli et al [1] focuses on common setting that 
reflects the general basic of the majority of the 
biclustering studies available and in particular of 
those techniques are considered. The comparison 
focused on the identification of co-expressed genes 
as in other biclustering algorithms. 

Segal et al [22] described the probabilistic model, 
which is based on the probabilistic relational models 
(PRMs). These models extend Bayesian networks to a 
relational setting with multiple independent objects 
such as genes and conditions. By using this approach 
manage to discover a set of biclusters with constant 
values on their columns.  

Barkow et al and Cheng et al [17] discussed the 
Biclusters are more flexible and fit biological behavior 
better than clusters, but their special characteristics 
(overlapping and grouping of genes and conditions) 
make it difficult to apply cluster visualizations to 
bicluster. While some cluster visualization techniques 
can be adapted to the representation of single 
bicluster. 

Hibbs et al [20] present that linked-views approach, 
so two visualizations, heat maps and cluster 
projections, are displayed simultaneously, boosting 
the visual analysis. The projection used is similar to 
that of gCLUTO but now in a 3D space. It improves 
heat map comparison of transcription levels and a 
"karyoscope" visualization that represents the 
transcription levels of the genes under one condition, 
ordered as they are located in the chromosomes. 

Pavan and Pelillo et al [34] approaches the  algorithm 
is based on the dominant set approach of a bicluster, 
genes and conditions are iteratively sorted using 
weight vectors, which are also iteratively refined 
using the sorting vector of the previous iteration. In 
each iteration the matrix is transposed and the 
process is repeated over the other dimension, thus 
alternating from genes to conditions.  

Wang et al [36] presented the algorithm that 
performs exhaustive bicluster enumeration, subject 
to a restriction that they should posses a minimum 
number of rows and a minimum number of columns. 
To speed up the process and avoid the repetition of 
computations, they use a suffix tree to efficiently 
enumerate the possible combinations of row and 
column sets that represent valid bicluster. 

Kaiser et al [32] refers the extension for the R 
environment package proposes a variety of 
computation algorithms and also many visualization 
techniques to represent the biclustered data. In 
addition to the traditional heat map representation 
and parallel-coordinate plots also bubble charts are 
provided. Our tool allows using BiClust or any other 
algorithm provided in R for the computation of 
bicluster. BiCat is another application that can be 
used to analyze biological data such as gene 
expression data. In contrast to R it is not based on 
command line arguments but provides a graphical 
user interface to manipulate and navigate in the data. 
Expression View is another R package that allows 
heat map-based browsing of bicluster obtained from 
gene expression experiments. The tool uses an 
ordering that maximizes the areas of the largest 
contiguous parts of bicluster. 

Cheng at el [41] developed BiVisu an open-source 
software tool for detecting and visualizing biclusters 
embedded in a gene expression matrix and display 
the co -regulated genes. BiVisu clustering methods in 
which partition data based on whole set of genes or 
conditions, biclustering groups a subset of genes 
(rows) over a subset of conditions (columns).  

3. Methodology 

The methodology of the proposed research work is to 
study and analysis the four biclustering algorithms 
namely BCPlaid, BCSpectral, BCXmotifs and BCBimax 
using myocardial infraction microarray data set. 
Then, the biclustering results are validated and 
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verified using coherence value and Jaccard index. 
Finally, visualize the biclustering results using the 
heat map and parallel coordinates. Fig.1 shows the 
methodology of proposed research work. 

 
Figure 1: Framework for Proposed Methodology 

3.1. Preprocessing  

The preprocessing phase involves two different 
functions. These two functions are useful for certain 
biclustering method and these functions are used to 
make the dataset into acceptable form 
Which is required for certain algorithms such as 
BCBimax and BCXmotifs, etc.As the proposed 
research work use four biclustering methods, 
BCBimax takes input as Binarnized from and 
BCXmotifs takes input as discritized from. 

Binarnized method: - Binarnized which the converts 
real dataset values into 0’s and 1’s.The bimax 
algorithm uses input as this binarized data. The divide 
and conquer method used in bimax biclustering 
algorithm only works with binary matrices the non –
binary data converted in to binary data number of 
ways more sophisticated binarizing method be used.  

Descritized method: - Descritized method needs a 
discrete matrix function delivers a discrete matrix 
with either a given number of levels of equally spaced 
intervals from minimum to maximum or levels of 
same size using the quantiles. The xMOTIFs 
biclustering algorithm searches for rows with 
constant values over a set of columns. 

3.2. Analyzing Biclustering Algorithms  

This section describes the basic idea behind in each 
bicluster method and how these algorithms 
implemented in R using bicluster package. 

A.BCPlaid:- The Plaid biclustering algorithm is a 
statistically inspired modeling approach developed by 
Lazzeroni and Owen for the analysis of gene 
expression data. The basic idea is to represent the 
genes-conditions matrix as a superposition of layers, 
corresponding to biclusters in our terminology, where 
each layer is a subset of rows and columns on which a 
particular set of values takes place. Different values in 
the expression matrix are thought of as different 
colors, as (false colored) heat maps of chips. 
B.BCSpectral:- The Spectral Methods are a class of 
spatial discretizations for differential equations: they 
provide a way of translating an equation expressed in 
continuous space and time into a discrete equation 
which can be solved numerically. There are three 
primary benefits of Spectral Methods over alternative 
approaches, such as Finite Elements or Finite 
Differences. The purpose of changing the 
representation need not be solely to minimize the 
error of discretizations. Analysis of the spectrum of a 
signal is the most natural and powerful approach for 
solving many signal processing problems. 

C.BCXmotifs:- The XMOTIFs biclustering algorithm for 
rows with constant values over a set of columns. For 
gene expression data, they call the biclusters 
conserved genes expression motifs, short XMOTIFs. 
Again, finding a good preprocessing method is crucial, 
because the main aspect of their algorithm is to 
define a gene state where a gene (row) is called 
conserved, if it has the same state in all samples 
(columns). One way to deal with gene states is to 
simply descritized the data. This algorithm finds sub 
matrices where all rows have the same value 
structure over the columns. So here it is possible to 
find groups with a large variance in their values in the 
row direction. 

D.BCBimax:-The Bimax clustering algorithm 
presented by Prelic et al. (2006) finds subgroups in a 
binary matrix where all entries are one. The algorithm 
iterates rearrange the rows and columns to 
concentrate ones in the upper right of the matrix. The 
divide the matrix into two sub matrices. Whenever in 
one of the sub matrices only ones are found, this sub 
matrix is returned. In order to get satisfying results 
the method has to be restarted several times with 
different starting points. Although the algorithm was 
originally designed to deliver ideas for bicluster 
validation, it can also be used as a bicluster method 
itself. 
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3.3. Validating Bicluster Results 
The proposed approach is validated using validation 
metric. The verification of the algorithm is done using 
coherence metric and Jaccard index. The proposed 
bicluster based on maximum threshold is compared 
with biclustering R packages. The proposed work 
generates constant and row wise clusters. Proposed 
work does not provide any additive and multiplicative 
clusters for the dataset. The myocardial infraction 
microarray dataset is analyzed and the biclusters are 
generated using four algorithms. The biclustering 
extracted results are verified and validate using 
coherence measure and Jaccard index. 

A. Coherence measure: - Most common method in 
biclustering is to measure the degree of coherence or 
similarity in behavior among objects in a bicluster. A 
bicluster can be presented in a plot based on the 
degree of coherence. Ideally the element at row і and 
column j of the bicluster has value given in following 
Eq (1). 
𝛼𝛼𝛼𝛼𝛼𝛼 = 𝐹𝐹(𝛼𝛼𝛼𝛼,𝛽𝛽𝛽𝛽, 𝜇𝜇)                                                           (1)                                          
Where αі is a constant specific to row і, βj is a 
constant specific to column j, µ is a constant specific 
to the bicluster, and F is some function. Coherent 
values on both rows and columns. This kind of 
biclusters identifies more complex relations between 
genes and conditions, either in an additive or 
multiplicative way given in Eq (2) and (3) respectively   
Additive Coherence    
𝐹𝐹(𝛼𝛼𝛼𝛼,𝛽𝛽𝛽𝛽, 𝜇𝜇) = 𝜇𝜇 + 𝛼𝛼𝛼𝛼 + 𝛽𝛽𝛽𝛽                                          (2)          
Multiplicative Coherence   
𝐹𝐹(𝛼𝛼𝛼𝛼,𝛽𝛽𝛽𝛽, 𝜇𝜇) = 𝜇𝜇 ∗ 𝛼𝛼𝑖𝑖,∗ 𝛽𝛽𝛽𝛽                                            (3)             
Where F represents any constant value for B, βi ,(1 ≤ i 
≤ |I|)and βi ,(1 ≤ i ≤ |I|) refer to constant values used 
in additive models for each gene i or condition j; and 
αi ,(1 ≤ i ≤ |I|) and αj ,(1 ≤ j ≤ |J|) correspond to 
constant values used in multiplicative models for 
each experimental gene i or condition j. 

This section presents with the detailed of biclustering 
proposed work using constant Measure value. The 
addition methods for contains coherence measures 
and Constance for single bicluster. This allows 
simultaneous clustering of the rows and columns of a 
matrix [33]. The work for classifying bicluster, the 
function constant variance returns the corresponding 
variance rows as the average the sum of Euclidean 
distances dxy between all rows of the bicluster given 
in following.Eq(4). 

    (4) 

B.Jaccard Index: -The Jaccard index is a measurement 
of similarity among two cluster results, zero means 
no concordance, and one means that the results are 
identical. This can be partly explained by different 
pre-processing steps which were necessary such that 
the data conform to the respective assumptions of 
the algorithms. A first validation can be done by 
simply comparing the Jaccard index of the results. 
The matrix jac result contains the result of comparing 
each algorithm to all other algorithm calling 
jaccardind () given in following Eq(5). 
 

𝑗𝑗𝑗𝑗𝑗𝑗(𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵) = 𝑗𝑗𝑗𝑗𝑗𝑗𝑗𝑗𝑗𝑗 = 𝐵𝐵𝐵𝐵𝐵𝐵∩𝐵𝐵𝐵𝐵𝐵𝐵
𝐵𝐵𝐵𝐵𝐵𝐵∪𝐵𝐵𝐵𝐵𝐵𝐵

                                 (5) 
 

3.4 Visualization of Bicluster Results 
 

Visualization of biclustering results are stored in 
consistent classes, it is easy to implement 
visualization techniques which work for results of 
different algorithms. Parallel coordinates (function 
parallel Coordinates ()) can be used to visualize 
similarity of rows over columns within a bicluster. 
Heat maps (draw Heat map ()) highlight the 
difference between the bicluster and the surrounding 
rows and columns. 
 

A. Heat map: - The data as an overview in a single 
static view. Many implementations of the heat map 
use multi-hue color maps to indicate up- and down 
regulated genes separately. In this work maps data 
values to grayscale values using linear interpolation 
between the smallest and largest value of the data 
matrix, as changes in single-hue color maps are 
perceived more accurately than red to green color 
scales for contiguous regions in the matrix using row 
and column. 
 

B.Parallel-Coordinate Plots: - Parallel-coordinate 
plots to display biclusters. In proposed work, 
visualization tool exploits linking and brushing 
techniques to link heat map and parallel-coordinate 
plots. This allows a user to explore the data from 
different points of view. The parallel-coordinates 
plot, each poly line represents the expression of a 
gene over all conditions (which are represented by 
vertical axes). Genes belonging to a bicluster are 
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rendered using the same color as the corresponding 
bicluster in the heat map.  
 

4. Analysis of Biclustering Patterns 
 

The proposed research work consisting of following 
four phases and the results obtained are discussed in 
next coming sections. Pre-processing, Proposed 
Biclustering algorithm, Validation, Visualization. 
 

4.1 Result of Pre-processing 
There are two pre-processing functions are used in 
the proposed research work to convert the gene 
expression data profiles in to some acceptable form 
which is required for some biclustering functions. The 
Fig. 2 show the binarized form of data set for 
threshold value 8 is required to run Bimax algorithm. 
The expression value below the threshold is replaced 
with 0 and above threshold is replaced with 1 in 
binary matrix.          

 
Figure 2: Binarized form of dataset 

The Figure3.shows the discretized form of dataset 
which is required as an input for Xmotifs   algorithm 

 
Figure 3: Discretized form of dataset 

4.2. Result of Biclustering Algorithms 

A.BCPlaid Algorithm 

The BCPlaid algorithm produces bicluster with 
constant rows and constant columns. This algorithm 
was implemented using ordinary least squares (OLS) 
in which mean, row and column are considered to 
compute bicluster by calculating the sum of squares 
of the layer (LSS). Finally return bicluster if LSS is 
higher. The result of BCPlaid algorithm is tabulated in 
Table 2. The required variables and the values 
initialized are given below. back.fit = 2, shuffle = 3, 
fit.model = ~m+a+b, iter.startup = 5, iter.layer = 30. 

B.BCXmotifs Algorithm 

The BCXmotifs algorithm considers rows with 
constant values over a set of columns and produces 
clusters of sub matrices where all row have same 
value structure over the columns. The biclustering 
result of above algorithm is represented in Table 3. 
The required variables and the values initialized are 
given below.Ns = 200, nd = 200, sd = 4, alpha = 0.05, 
number = 5. 

Table 1: Bcplaid algorithm 

Number of 
Bicluster 

BC1 BC2 BC3 BC4 

Rows 4244 443 55 22 
Columns 12 12 10 9 

 

Table 2: Bcxmotifs algorithm 

Number 
of 
Bicluster 

BC1 BC2 BC3 BC4 BC5 

Rows 26077 10484 4397 2810 1974 
Columns 5 5 5 5 5 

 
C.BCSpectral Algorithm 

The BCSpectral algorithm takes the log2 
transformation of the experimental dataset and 
produces the number of clusters based on checker 
board structure. This algorithm uses singular value 
Decomposition (SVD) and the resulting eigen value 
and eigen vector to retrieve bicluster. The bicluster 
identified by BCSpectral algorithm is tabulated in 4. 
The required variable and the value initialized are 
given below. WithinVar = 4. 
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Table 3: Bcspectral algorithm 

Number of 
Bicluster 

BC1 BC2 BC3 BC4 BC5 

Rows 6 6 6 6 6 

Columns 6 8 17 12 9 
 

D.BCBimax Algorithm 

This algorithm finds subgroups in a binarized form of 
data set where all entries are one. The table 5 
presents the biclustering result of Bimax Algorithm. 
The required variables and the values initialized are 
given below.   Minr = 5, minc = 5, number = 50   
 

Table 4: Bcbimax algorithm 

Number of 
Biclustering 

BC1 BC2 BC3 BC4 BC5 

Rows 10307 10557 10560 10469 10302 
Column 5 5 5 5 5 

 

4.3. Result of Bicluster Validation 

The biclustering results of the four algorithms are 
compared with each other using Jaccard index. The 
Jaccard index is useful to compare the calculated 
results between each other.  To compare to 
biclustering it calculates the fraction of row, column 
combination in both bicluster from all row-column in 
at least one bicluster [27]. Two bicluster with one 
hundred percent similarity have got a Jaccard index 
of 1 and two bicluster with no equal elements have a 
Jaccard index of 0 by four biclustering algorithm. 

A. Coherence measures: - In addition to Jaccard index 
for comparing bicluster result of two algorithms; 
there is important to calculate the coherence 
measure for single bicluster. This measure is 
calculated based on additive, constant and 
multiplicative variance of a bicluster. The table 7 
show the coherence  of first bicluster found by 
BCPlaid, BCXmotifs, BCSpectral and BCBimax using 
constant, additive and Multiplicative variances. The 
constant variance has been calculated for the 
dimension ‘column’ and the additive and 
multiplicative variances are calculated based on the 
dimidiation ‘both’ which consider both rows and 
column. 

 

 

 

Table 5: Coherence measure 

Biclustering 
Algorithm 

Additive 
variance 

Multiplicati
ve variance 

Constant 
variance 

BCPlaid 0.48448774 0.06476704 7.775096 

BCXmotifs 0.326719 0.234157 17.09955 

BCSpectral 1.271691 0.2364157 4.941058 

BCBimax 0.075812 1.357417 22.29504 
 

4.4.Visualization of Bicluster 

The visualizing bicluster results based on gene 
expression data. The proposed research work uses 
heatmap representations and parallel-coordinate 
plots so that more than one bicluster can be 
visualized simultaneously. The contiguous 
representation of selected biclusters allowing rows 
and columns. 

A.Heat Map: - Heat maps are a good choice to 
represent a large portion of the data as An Over view 
in a single static view. The data values to grayscale 
values using linear interpolation between the 
smallest and largest value of the data matrix, as 
changes in single-hue color maps are perceived more 
accurately than red to green color scales for 
continuous data values. In general, it is not possible 
to represent more than two biclusters in a way that 
all of them are located in contiguous regions in the 
matrix using row and column permutations only. The 
visualization of bicluster obtained by BCPlaid, 
BCXmotifs BCSpectral and BCBimax algorithm are 
given in below paragraphs. 

BCPlaid:-The Figure. 8 shows the heat map of the first 
bicluster out of 4 bicluster found by BCPlaid 
biclustering algorithms. 

 
Figure 4: Bcplaid heat map 
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BCXMOTIFs:-The Figure. 9 shows the heat map of the 
first bicluster out of 5 bicluster found by BCXmotifs 
biclustering algorithms. 
 

 
Figure 5: Bcxmotifs heat map 

BCSpectral:-The Figure 6 shows the heat map of the 
first bicluster out of 5 bicluster found by BCXmotifs 
biclustering algorithm. 

 
Figure 6: Bcspectral heat map 

BCBimax:-The Figure .7 shows the heat map of the 
first bicluster out of 5 bicluster found by BCPlaid 
biclustering algorithms. 

 
Figure 7: Bcbimax heat Map 

B.Parallel-Coordinates Plots:-Parallel-coordinate 
plots are useful technique visualize to bicluster result. 
In the parallel-coordinates plot, each poly line 
represents the expression of a gene over all 
conditions (which are represented by vertical axes). 
Genes belonging to a bicluster are rendered using the 
same color as the corresponding bicluster in the 
heatmap. 

BCPlaid  

BC1:-The constant biclustering BC 1is found with 
4244 rows which represents the gene of patients who 
undergone in the clinical tests and 12columns which 
represents the samples of patients from myocardial 
infraction dataset as shown in Fiureg 8. 

 
Figure 8: Bcplaid bc1 parallel-coordinates plots 

BC2:-The biclustering BC 2 is found with 443 rows 
which represents the gene of patients who 
undergone in the clinical tests and 12 columns which 
represents the samples of patients from myocardial 
infraction dataset as shown in Figure9.  

 
Figure 9: Bcplaid bc2 parallel-coordinates plots 
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BC3:- The biclustering BC 3 is found with 55 rows 
which represents the gene of patients who 
undergone in the clinical tests and 10 columns which 
represents the samples of patients from myocardial 
infraction dataset as shown in Figure. 10.   

 
Figure 10: Bcplaid bc3 parallel-  coordinates plots 

BC4:- The biclustering BC 4 is found with 22 rows 
which represents the gene of patients who 
undergone in the clinical tests and 19 columns which 
represents the samples of patients from myocardial 
infraction dataset as shown in Figure 11.   

 
Figure 11: Bcplaid bc4 parallel-coordinates plots 

BCXmotifs  

BC1:-The biclustering BC 1is found with 26260 rows 
which represents the gene of patients who 
undergone in the clinical tests and 5 columns which 
represents the samples of patients from myocardial 
infraction dataset as shown in Figure12. 

 
Figure 12: Bcplaid bc4 parallel-coordinates Plot 

BC2:-The biclustering BC 2 is found with 10054 rows 
which represents the gene of patients who 
undergone in the clinical tests and 5 columns which 
represents the samples of patients from myocardial 
infraction dataset as  shown in Figure. 13. 

 
Figure 13: Bcxmotifs bc2 parallel-coordinates plots 

BC3:-The analysis of constant biclustering BC3 is 
found with 4617 rows which represents the gene of 
patients who undergone in the clinical tests and 5 
columns which represents the samples of patients 
from myocardial infraction dataset as shown in Figure 
14. 
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Figure 14: Bcxmotifs bc3 parallel-coordinates plots 

BC4:-The biclustering BC 4 is found with 3293  rows 
which represents the gene of patients who 
undergone in the clinical tests and 5columns which 
represents the samples of patients from myocardial 
infraction dataset as shown in Figure 15. 

 
Figure 15: Bcxmotifs bc4 parallel-coordinates plots 

BC5:-The biclustering BC 5 is found with 1912 rows 
which represents the gene of patients who 
undergone in the clinical tests and 5 columns which 
represents the samples of patients from myocardial 
infraction dataset as shown in Figure 16. 

 
Figure 16: Bcxmotifs bc5 parallel-coordinates plots 

BCSpectral 

BC1:- The biclustering BC 1 is found with 6 rows 
which represents the gene of patients who 
undergone in the clinical tests and 7columns which 
represents the samples of patients from myocardial 
infraction dataset as shown in Figure 17. 

 
Figure 17: Bcspectral bc1 parallel-coordinates plots 

BC2:- The biclustering BC 2 is found with 6 rows 
which represents the gene of patients who 
undergone in the clinical tests and 6 columns which 
represents the samples of patients from myocardial 
infraction dataset as shown in Figure 18. 
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Figure 18: Bcspectral bc1 parallel-coordinates plots 

BC3:-The biclustering BC 3 is found with 6 rows which 
represents the gene of patients who undergone in 
the clinical tests and 16 columns which represents 
the samples of patients from myocardial infraction 
dataset as shown in Figure 19.  

 
Figure 19: Bcspectral bc3 parallel-coordinates plots 

BC4:-The biclustering BC4 is found with 6  rows which 
represents the gene of patients who undergone in 
the clinical tests and 6columns which represents the 
samples of patients from myocardial infraction 
dataset as shown in Figure 20. 

 
Figure 20: Bcspectral bc4 parallel-coordinates plots 

BC5:-The biclustering BC5 is found with 6  rows which 
represents the gene of patients who undergone in 
the clinical tests and 5 columns which represents the 
samples of patients from myocardial infraction 
dataset as shown in Figure 21. 

 
Figure 21: Bcspectral bc5 parallel-coordinates plots 

BCBimax  

BC1:-The biclustering BC 1 is found with 10307  rows 
which represents the gene of patients who 
undergone in the clinical tests and 5 columns which 
represents the samples of patients from myocardial 
infraction dataset as shown in Figure 22. 
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Figure 22: Bcbimax bc1 parallel-coordinates plots 

BC2:-The biclustering BC2 is found with 10307  rows 
which represents the gene of patients who 
undergone in the clinical tests and 5 columns which 
represents the samples of patients from myocardial 
infraction dataset as shown in Figure 23.    

 
Figure 23: Bcbimax bc2 parallel-coordinates plots 

BC3:-The biclustering BC3 is found with 10560  rows 
which represents the gene of patients who 
undergone in the clinical tests and 5 columns which 
represents the samples of patients from myocardial 
infraction dataset as shown in Figure 24. 

 
Figure 24: Bcbimax bc3 parallel-coordinates plots 

BC4:-The biclustering BC 4 is found with 10469   rows 
which represents the gene of patients who 
undergone in the clinical tests and 5 columns which 
represents the samples of patients from myocardial 
infraction dataset as shown in Figure 25. 

 
Figure 25: Bcbimax bc4 parallel-coordinates plots 

BC5:-The biclustering BC5 is found with 10302  rows 
which represents the gene of patients who 
undergone in the clinical tests and 5 columns which 
represents the samples of patients from myocardial 
infraction dataset as shown in Figure 26. 
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Figure 26: Bcbimax bc5 parallel-coordinates plots 

5. CONCLUSION  

The proposed research work has been successfully 
implemented in R to identify sub matrices or 
subgroups called bicluster using BCPlaid, BCXmotifs, 
BCSpectral and BCBimax biclustering algorithms from 
myocardial infarction dataset. The identified bicluster 
by all four algorithms are analyzed and discussed 
clearly. The bicluster obtained by four algorithms are 
visualized using heatmap and parallel-coordinate 
plots. The bicluster found by four algorithms are 
validated using Jaccard index measure. The intra 
cluster coherence is identified using coherence 
measure by constant, additive and multiplicative 
variance. 
The proposed research work can be extended in 
further by considering other biclustering algorithms 
except the four biclustering algorithms used in this 
research work. It is also decided to go with other 
inter bicluster and intra bicluster metrics which are 
really used to validate the bicluster and to identify 
which one gives better results. 
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