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ABSTRACT
Cancer is a fatal disease that causes large number of
deaths all over the world; so many studies have been
made on genes to study the behavior of this disease.
Biclustering is one of the data mining techniques that
aiming to find the behavior of subset of genes under
subset of circumstances. In this paper we propose a new
biclustering algorithm that uses the Barycenter value of
each node and its position in the graph beside the weight
and position of the neighbors of each node the graph to
give a new weight for each node and reordering the
nodes depending on this weight. The ordering of
bipartite graph grouping the related nodes together
which enhances the results of biclustering algorithm.
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1. INTRODUCTION
Cancer is a disease in which cells divide in
uncontrolled way. This can occur because of
damage in the DNA which cannot be repaired.
New daughter cells will inherit the damaged DNA
and proliferate very fast resulting in tumor
formation. A tumor, or mass of cells, formed of
these abnormal cells may remain within the tissue
in which it is originated (a condition called in situ
cancer), or it may begin to invade nearby tissues (a
condition called invasive cancer). An invasive
tumor is said to be malignant, and cells shed into
the blood or lymph from a malignant tumor are
likely
to
establish
new
tumors
(metastases) throughout the body. Tumors threaten
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the life of individuals, when their growth disrupts the
tissues and organs needed for survival [1].
DNA microarray is a technology that it is used to
measure the amount of gene expression in the cell.
It will help the Study of which genes are active and
which are not at different situations. This will
indicate the level of gene expression or the amount
of gene products (proteins) expressed in the
examined cells. This technology enables scientists
to study what happens to genes in different disease
conditions [2].
The result of microarray is a gene expression
dataset which is a tow dimensional array - data
table - where every row represents one gene and
every column represent one condition or sample.
Every cell in this table represent the expression
level Lij of gene i in condition j, as in table 1.
There is many Data mining techniques used for
analyzing gene expression datasets in order to
extract information and finding relations between
these data such as clustering and classification.
Clustering is used to assign data to groups or
classes like classification but the difference is that
in classification the classes are predefined but in
clustering the classes are not determined before
applying the algorithm. Clustering algorithms can
be applied on gene expression datasets in order to
group genes that have the same expression together
and this is helping in the study of diseases such as
cancer. There are three ways of clustering:
1. Gene-based clustering in this approach genes
are treated as objects and samples are treated
as features.
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2. Sample-based clustering is the opposite of

Table 1. Gene Expression Data Matrix
Cond 1

Cond 2

Cond 3

Cond 4

Gene 1

5

0

6

0

Gene 2

0

2

0

1

3. Subspace clustering this technique combine

Gene 3

0

2

0

1

the previous two approaches the genes and

Gene 4

2

0

1

0

samples can be treated as objects and features

Gene 5

5

0

6

0

gene-based clustering, samples are treated as
objects and genes are treated as features.

so that gene may be object or features and
samples are treated the same.
Biclustering or subspace clustering is the most
efficient and more realty technique in clustering
because clustering of genes depending on
conditions or vice versa, and this is not happen
exactly in the real life , a subset of genes may have
similar behavior on subset of conditions, and here is
the Biclustering come to solve this problem.
Gene expression datasets can be represented in
bipartite graph where:
1. Genes are represented by the top layer.
2. Conditions are represented by the bottom
layer.
3. Edges that connect the genes in the top
layer with its corresponding conditions in
the bottom layer.
The edge weigh wij is the expression value of gene
i in condition j, where wij = 0 if there is no edge
between node i and j and this means that the gene i
does not express in condition j.
We can represent data in table 1 in a bipartite
graph, as in figure 1,where top layer represents top
conditions and bottom layer represents genes, then
this Bipartite graph can be clustered directly but the
results will be less accurate and in order to
overcome this problem there is one more step
before biclustering which is crossing minimization.
Crossing minimization aimed to minimizing the
number of crossing between lines that connect the
two layers the graph is reordered and related nodes
grouped together, as in figure 2, and this enhances
the results of biclustering process.
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Figure 1. Bipartite graph representation of table 1

Figure 2. Bipartite Graph after crossing minimization

2. RELATED WORK
Biclustering algorithms can be classified in two
main categories: graphical and non-graphical
biclustering. We focus our discussions on graphical
biclustering which is the main interest point of our
research for general discussion on biclustering
algorithms can be found in [3, 4]. There is another
good reference that focuses on Barycenter crossing
minimization which the main goal of our work is to
enhance Barycenter algorithm [5].
Cheng and Church [6] define bicluster as a
submatrix for which the mean square residue
( ) of each bicluster is below than a predefined
threshold. The algorithm is run in two main phases:
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first, looping through the gene expression matrix
removing rows and columns until ( ) is less
than the threshold; second, looping through the
deleted rows and columns and adding to bicluster as
long as ( )is less than threshold. The ( )of
an element
in a submatrix
(

)

| || |

∑

(

)

( )

Where
Sub Row Average
| |

∑

( )

Sub Column Average
| |

∑

( )

Sub Matrix Average
| || |

∑

( )

Ahmad and Ashfaq [7] extract clusters from dataset
using bipartite crossing minimization biclustering
techniques but instead of serial Bigraph crossing
minimization using parallel algorithm in order to
increase the performance of the algorithm beside
the enhancement made on Cheng and Church
biclustering algorithm to enable the local search for
clusters instead of global search because after the
Bigraph reordering the related values arranged
together in blocks and global search is useless.
Ibrahim [8] using a Tabu search, which is a
metaheuristics technique depending on guide local
search technique to find global optimum solution.
He adapts the Tabu search in Marti [9] to solve the
crossing minimization problem and reach to better
order of dataset. Tabu search run in two main steps:
first, construction of initial solution and second,
iterative improvement of this solution until reaching
the optimum solution. Iterative improvement has
two steps: Intensification and Diversification and
each step of them has three steps: normal,
influential, and opposite and the algorithm moves
between these three steps as it insert or remove
nodes depending on their Barycenter and if this
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move reduces the number of crossings in the graph
and if there is no enhancement it stops after a
specified number of iteration this process continue
running in this way until reaching the optimum
solution.
3. PROPOSED ALGORITHM
There are many techniques used for Biclustering
one of these techniques is constructing a bipartite
graph from gene expression dataset, reordering
nodes in this graph using crossing minimization
technique then apply biclustering algorithm on the
reordered bipartite graph. Most of the algorithms
used to crossing minimization in bipartite graph
divided into three basic steps: the first step is the
construction of bipartite graph, the second step is
the initial ordering, and the last step is iterative
improvement.
we calculate the rank of each node in layer 0 using
Barycenter heuristics, as in equation 5, then
reordering these nodes depending on this rank
while keeping the layer 1 static then reordering
layer 0 by calculating the rank of each node in layer
1 using equation 5, and reordering nodes while
keeping the layer 0 static, and we will continue
iteratively in this manner until no more changes
occur in the order of nodes in the two layers.
∑
∑

(5)

Where:
“Let vi represent the i'th node in the non-static layer
and set
Ni represents the set of neighbors of vi. Also let rj
represent the rank of j'th member of the set Ni “[10].
We success to solve the problem of crossing
minimization in a way that achieves better results in
crossings number rather than Barycenter heuristics
[11]. We use the same way of Barycenter heuristics
used in [11] to minimize crossings in bipartite
graph, but we make some changes to the
calculations of weight of each node and using this
weight as a new rank for reordering nodes. We
calculate the Barycenter of each node as in
algorithm 2, then calculating the new weight by
adding the rank of each node to the sum of the
ranks of its neighbors as in algorithm 3, and taking
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the position of each node into consideration of our
calculations as in algorithm 4, then using this rank
for reordering the nodes.

Algorithm 4: Get neighbors Rank of vertex

The algorithm of biclustering has three main basic
steps:

END FOR

-

Construct bipartite graph
Bipartite graph crossing minimization as in
algorithm 1
Applying biclustering algorithm on bipartite
graph as in algorithm 5

Algorithm 1: Bipartite Crossing Minimization
1. Construct Bipartite graph BG
2. Compute the Barycenter for each
node in the two layers, as in
algorithm 2
3. Compute the new weight for each
node in the two layers, as in
algorithm 3
4. Reorder nodes in the two layers
5. Compute crossing minimization for
bipartite graph
6. Repeat steps from 2 to 5 until
the number of crossing of the
current bipartite graph is larger
than the number of crossings of
previous bipartite graph from
last iteration
Algorithm 2: Computing the Barycenter for each node
in the two layers
For all i such that vi is a vertex in
top or bottom layer
Compute weighted mean for vi
IF Nodei.Rank != WeightedMean Then
Nodei.Rank = WeightedMean
PositionChanged = PositionChanged + 1
End if
End for
Algorithm 3: Compute the new weight for each node in
the two layers
FOR ALL i such that vi is a vertex in
top - or bottom - layer
vi.NewRank = | vi.Rank | + get vi
neighbors Rank as in algorithm 4
END FOR
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FOR Each neighbors j of vertex i
Sum + = (|vi.Rank| - |neighborj.Rank|) *
(|vi.Position| - |neighborj.Position|)

After the process of crossing minimization we
perform the Biclustering process as in algorithm 5,
this algorithm find biclusters by performing local
search because the fact that the crossing
minimization process groups related rows and
related columns together so the algorithm does not
need global search to find the biclusters.
The algorithm uses mean square residue score MSR - defined in equation 1 where MSR of each
biclusters is less than a predefined threshold ᵟ
Algorithm 5: Biclustering Algorithm
Comment: Identify Biclusters in
Matrix representation of Bigraph BG

Reordered

Comment: Mean Squared Residue Score of Each
Bicluster is less than ᵟ
Input:
Bipartite
minimization

graph

after

crossing

Output : Biclusters











startRow = 0;
startCol = 0;
Index = 0;
FOR i = 0 TO numCols DO
colSum[i] = 0;
blockSum[i] = 0;
Residue[i] = 0;
FOR r = startRow TO numRows DO
rowSum = 0;
FOR c = startCol TO numCols DO

colSum[c]=colSum[c]+Matrix¯BG[r][c];

rowSum = rowSum + Matrix¯BG[r][c];

blockSum[c]=blockSum[c-1]+colSum[c];

colCount = c - startCol + 1;

rowCount = r - startRow + 1;

blockCount = rowCount * colCount;

rowMean = rowSum / colCount;

colMean = colSum[c] / rowCount;

blockMean = blockSum[c]/blockCount;

Res = Matrix G[r][c] - rowMean colMean + blockMean

Residue[c] = Residue[c-1] + Res*Res;

msr = Residue[c]/ blockCount;

IF msr > ᵟ THEN
Blocked = true;
stopCol = c;
BREAK;
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IF Blocked = TRUE THEN
Biclusterbix = Rows [startRow TO r],
Columns[startCol TO stopCol - 1];
Biclusters [Index] = bix;
Index = Index + 1;
startRow = r;
r = r - 1;
startCol = stopCol;

4. EXPERIMENTAL RESULTS
The proposed algorithm is written in C-sharp
language and the experiments are running on i5 2.3
GHz processor and 4 GB of RAM, and under
windows 7 operating system. We apply the
algorithm on cancer gene expression datasets:
lymphoma dataset [12], gastric cancer dataset [13],
and AML prognosis dataset [14] to test the
accuracy of the proposed algorithm relative to
Barycenter used in SPHier algorithm. We apply the
proposed algorithm and Barycenter algorithm on
the three cancer datasets and compare the results of
the two algorithms according the accuracy of
crossing minimization.
After applying the proposed algorithm, and
Barycenter algorithm of crossing minimization on
the cancer datasets we get the results in table 2, that
it is represented in figure 3.
Figure 3 shows enhancements that our algorithm
made in the Barycenter algorithm, the proposed
algorithm achieves better results especially in large
size gene expression datasets with small number of
conditions. Because the decrease in crossings
number of bipartite graph leads to grouping related
node together, the enhancement in crossings
number increases the efficiency of biclustering
algorithm [7].
Table 2. Crossings number of original dataset, Barycenter
algorithm and proposed algorithm
Original
Dataset

Barycenter
Algorithm

Proposed
Algorithm

Gastric

11,048,714,141

11,048,713,498

11,048,654,635

AML
Prognosis

131,451,569,724

131,451,501,126

131,450,516,864

Lymphoma

100,790,992,882

100,790,992,882

100,790,645,942
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Figure 3. Comparison between standard deviation of
Barycenter algorithm and proposed algorithm from the
original crossings number

5. CONCLUSIONS AND FUTURE WORK
In this paper we enhanced Barycenter algorithm to
refine the results crossing minimization of bipartite
graph which will help in enhancing the results of
bipartite graph biclustering algorithm.
In the proposed algorithm we add the rank of each
node to the rank of its neighbors, and using the
position of each node in the calculations, as we
discussed in the proposed algorithm, to give a new
rank to each node, which we depend on it to reorder
the nodes in each layer.
when we analyze the results shown in figure 3 and
by knowing that the number of genes and
conditions of each dataset as stated in table 3, we
conclude that the increase of number of conditions
decreases the efficiency of our algorithm, and in
case of small number of conditions we notice that
the proposed algorithm gives more efficient results
with large size gene expression dataset, as viewed
in figure 3, the best result of gene expression
datasets is the result of lymphoma dataset which
has the minimum number of conditions and large
size dataset, the proposed algorithm has a very
important advantage which is in the worst case our
algorithm gives the same result as Barycenter
algorithm.
Table 3 number of genes and conditions of gene expression
Datasets used in the experiment
Number of genes

Number of conditions

Gastric

7,129

30

AML Prognosis

12,625

58

Lymphoma

22,283

29
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We summarize the Future work for the proposed
algorithm in the following directions: firstly, it can
be enhanced to increase the efficiency of crossing
minimization algorithm for minimum size gene
expression datasets or for datasets with large
number of conditions, and secondly, we can apply
this algorithm in a parallel way to increase the
speed of the algorithm because Barycenter
algorithm does not depend on calculating the
crossings number of bipartite graph to reorder the
nodes while we use this way for reordering the
nodes which takes more time in the calculation
process.
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