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Abstract-Many different biological data mining methods 

have been used in gene expression data analysis. A 
common method is two-way clustering, also called 

biclustering, which is used to identify the gene groups that 

behave similarly under a subset of experimental 

conditions. This paper introduces a novel approach called 

three-way clustering (TriWClustering) for cross-species 

gene regulation analysis, to mine coherent clusters named 

triclusters in three-dimensional (gene-condition-organism) 

gene expression datasets. The developed method has been 

applied to three different gene expression data obtained 

from NCBI's GEO data collection. Biological and 

statistical significance of the results are evaluated using 

Gene Ontology term enrichment analysis and Dunn index 

(DI) metric, respectively. The experimental results indicate 

that TriWClustering can find significant triclusters and 

promote a useful tool for cross species gene regulation 

analysis. 
Keywords-component; triclustering, biclustering, simultaneous 
clustering, three-way clustering, multi-source, multi-way 
analysis, biological data analysis. 

I. INTRODUCTION 

Gene expression data analysis has become an essential tool for 
extracting useful information from raw data; discovering the 
cause of diseases, searching for proper treatments or detecting 
similarities across different species. Gene expression data is 
represented as matrices of expression levels of genes under 
specific experimental conditions (environments, tissues etc.). 
The analysis of the gene expression data covers grouping 
genes according to their expression under subsets of 
conditions or grouping conditions depend on expression levels 
of subsets of genes. This analysis provides us with a 
determination of which genes behave in similar ways or how 
genes interact. Clustering is one of the most widely used 
techniques for the analysis of gene expression data. It works in 
single dimension; can be used to group either genes or 
conditions. Therefore clustering algorithms fail to discover 
submatrices which represent gene groups under specific 
conditions or condition groups based on subsets of genes. 
Unlike clustering algorithms, biclustering algorithms perform 
clustering in both dimensions (genes vs. conditions) 
simultaneously [2]. Biclustering was first introduced by 
Mirkin [3], which described the term as "simultaneous 
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clustering of both row and column sets in a data matrix". 
Furthermore, direct clustering is one of the initial biclustering 
formulations introduced by Hartigan [4]. This algorithm aims 
at fmding a set of submatrices (biclusters) and uses the 
variance to evaluate the quality of each bicluster. The study of 
Cheng and Church [1] is the first attempt to use biclustering in 
gene expression data analysis. 

Many algorithms that perform simultaneous clustering on 
rows and columns of a matrix have been appeared in a wide 
variety of applications such as text mining, data analysis or 
bioinformatics. In the field of biology and bioinformatics, 
biclustering algorithms are widely used to find homogeneous 
submatrices of experimental conditions for extracting of useful 
results from large amounts of raw data [2,5,6,7,8,9]. While 
biclustering is defined over two dimensions, there are some 
algorithms developed for 3D time-series gene expression data, 
which mine clusters along the gene-sample-time or gene
sample-region dimensions [10,11]. Zhao and Zaki [10] 
proposed an algorithm named TriCluster for mining clusters in 
3D microarray data, which is the first and the state-of-the-art 
3D clustering algorithm over gene-sample-time microarray 

data. In another study, Tchagang et.al [11] developed a 

subspace clustering algorithm named Order Preserving 
Triclustering for 3D time series data. Although there are some 
three-way clustering algorithms which are used to fmd gene 
groups along the gene-sample-time dimensions, to our 
knowledge, there is still no method for detecting clusters along 
the gene-sample-organism dimensions in the literature. 
Therefore, cross-species gene regulation analysis could not 
benefit from multi-way clustering approaches until now. 

In this paper, we developed a novel three-way clustering 
method which is based on the method developed by Cheng 
and Church [1], which can be used for cross-species gene 
regulation analysis. We demonstrate that proposed approach 
can fmd biologically and statistically significant clusters. This 
paper is organized as follows; in the next section, we present 
the TriWClustering method. Then in section 3, we present 
experimental results. Finally, in section 4 we present 
conclusion. 

II. METHOD 

To extract meaningful triclusters across species, we have 
adapted the procedures of Cheng and Church [1]'s biclustering 



algorithm for three dimensional (gene-sample-organism) 
datasets. 

A. Model of a tricluster 

Like a bicluster, a tricluster is defined on a gene expression 
data matrix. Gene expression matrix is an m x n x k matrix, 
whose rows represent the genes, columns represent the 
experimental conditions and depths refer the organisms or 
species. In the matrix, (i,j, k)th element is a real number that 
represents the expression level of the gene i under experimental 
condition) in the k-th organism. 

A bicluster is defined to be a subset of genes that show 
similar behavior across a subset of conditions, and vice versa. 
A tricluster is a group of biclusters across different sources. A 
group of genes, which are in the same cluster, are defined to be 
coherent because of their level of expression reacts in parallel 
across a group of conditions. Similarly, a set of conditions are 
also coherent across a set of conditions if they are in the same 
bicluster. 

According to Cheng and Church [1] the degree of 
coherence of a bicluster can be measured by mean squared 
residue score (MSR, H) which represents the variance of the set 
of all elements in the bicluster (1). In TriWClustering 
algorithm, we revised CC biclustering algorithm for three 
dimensional data. The residue of component aijk in the 

bicluster is shown by aijk - aiJK - aJjK + alJk + aJJK formula 

where aiJK (2) is the mean of the ith row in the tricluster, aJjK 
(3) is the mean of the)th column in the tricluster, aJJk (4) is the 

mean of all components in the matrix of kth source and aJJK (5) 

is the mean of all elements in the tricluster. 

1 aUK = IJIIKI L.jEJ.kEK aijk (2) 

1 aIjK = IIIIKI L.iEI,kEK aijk (3) 

1 aIJk = iIiiJI L.iEI,jEJ aijk (4) 

1 aIJK = IIIIJlIKI L.iEJ,jEJ,kEK aijk (5) 

The quality of a tricluster is evaluated by H(I,J,K) score (1), 
and it gives an indication of how the elements of the tricluster 
coherent. Low H score means that there is a correlation in the 
matrix, while a high score shows that there is uncorrelated data 
in the submatrix. TriWClustering algorithm aims to find a 
submatrix AIJK which is called a 8-tricluster if H(I ,j, K) � 8 

for given threshold 8 ;::: 0. In general, main goal of the our 
algorithm is to maximize the size of the triclusters and 
minimizde the MSR. 

B. TriWClustering Algorithm 

In this section, we give a brief overview of the 
TriWClustering algorithm. The main goal of the algorithm is to 
obtain n 8-triclusters for a given dataset. 

The algorithm starts with a whole dataset (single tricluster) 
and iteratively removes rows, columns and sources of this 
tricluster until the residue score is equal to or less than 8. After 
that, it starts to insert rows, columns and sources which are not 
in the tricluster until the insertion of any other row, column or 
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source increases the H score. After the first tricluster is 
obtained, it updates the original dataset by eliminating elements 
from the original datasets that are already in the tricluster 
obtained. A node refers to a gene, condition or an organism. 
Description of the procedures of the algorithm is given in detail 
below. An overview of the method is also illustrated in Fig. 1. 
Algorithm-l describes removing a row, column or an organism 
that has maximum MSR value. 

Algorithm-l Single Node Deletion 
Input : Expression matrix with three dimensions, 
maximum acceptable mean squared residue score 8 ;::: 0, 
Output : Submatrix, tricluster AIJK 
Initialize : A IJK = 

A 
Iteration 

1. Compute aUK for all i E I, aljK for all j E j , alJk 
for aB k E K, aIJK and H(I ,j,K). 
If H(I ,j,K) � 8 return AIJK' finish execution. 

Else; 

2. Find the row with the largest d value ; 

dei, k) = IJI�KI LjEJ,kEK(aijk - aiJK - aljK - alJk + aIJK? 
Find the column with the largest d value ; 

. _ 1 ,,\ 2 d(j,k) - TITTKT . L.. (aijk - aiJK - aljK - alJk + aIJK) 
tEI,kEK 

Find the source with the largest d value ; 

d(j, k) = I I�IJI LiEl,jEJ (aijk - aiJK - aljK - alJk + aljK)2 
Remove the row, column and source with the largest 

d value. 

Algorithm-2 describes that the set of rows, columns or 
organisms can be deleted with affect of decreasing the MSR 
value of a tricluster. 

Algorithm-2 Multiple Node Deletion 
Input : Expression matrix A, maximum acceptable mean 
squared residue score 8 ;::: 0, and a threshold for multiple 
node deletion a > 0.1. 

Output : Submatrix, tricluster AIJK. 
Initialize: A IJK= A 

Figure I. Overview of TriWClustering Algorithm 



Iteration: 

1. Compute aiJK for all i E I, aljK for all j E j, alJk 
for all k E K, alJK and H(i,j,K) . 

2. If H(i,j,K) � 8 return A1JK,finish execution. 

Else; 

3. Remove the rows with ; 

1 " 2 

IJIIKI . 
L (aijk -aiJK -a'jK -a'Jk + a'JK) > aH(J.J.K) 
JEJ .kEK 

4. Recalculate aiJK' aljK, aIJk, alJK and HO,1. K) 
5. Remove the columns with ; 

1 " 2 

I/IIKI. 
L (aijk -aiJK -a'jK -a'Jk + a'JK) > aH(J.J.K) 
tE/,kEK 

6. Recalculate aiJK' aljK, aIJk, alJK and HO,1. K) 
7. Remove the sources with ; 

1 " 2 

1/1111. 
L (aijk -aiJK -a'jK -a'Jk + a'JK) > aH(J.J. K) 
'E'.JEJ 

8. If any row, column or source has not been removed 

return Algorithm-I. 

Algorithm-3 states that the set of rows, columns or organisms 

can be added with the affect of decreasing the MSR value of a 

tricluster. 

Algorithm-3 Node Addition 

Input : Expression matrix A, maximum acceptable mean 
squared residue score 8 � 0, and a threshold for multiple 
node deletion a >  0.1. 

Output : Submatrix, tricluster AIJK. 
Initialize: A IJK= A 

Iteration: 

1. Compute aUK for all i E I, aljK for all j E j , alJk 
for all k E K, alJK and H(i,j,K). 

2. If H(i,j, K) � 8 return AIJK' finish execution. 

Else; 

3. Add the columns that are not in the tricluster with; 

1 " 2 

I/IIKI. 
L (aijk -aiJK -a'jK -a'Jk + a'JK) $; H(J.J. K) 
'EJ.kEK 

4. Recalculate aiJK' aljK, alJk. aIJK' alJK and H(i,j, K) 
5. Add the rows that are not in the tricluster with; 

1 " 2 

IJIIKI . 
L (aijk -aiJK -a'jK -a'Jk + a'JK) $; H(J.J.K) 
JEJ.kEK 

6. Recalculate aiJK' aljK, alJk. aIJK' alJK and H(i,j, K) 
7. For each row that is not in the tricluster, add its 

inverse if; 

1 " 2 

IJIIKI . 
L (-aijk + aiJK -a'jK -a'Jk + a'JK) $; H(J,J.K) 
JEJ.kEK 

8. Recalculate aiJK' aljK' alJk. aIJK' alJK and H(i,j, K) 
9. Add the sources that are not in the tricluster with ; 

1 " 2 

I/IIJIL (aijk-aiJK-a'jK-a'Jk+a'JK) $;H(J.J.K) 
lEl,jEj 
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10. If any row, colum, source has not been added, return 

the final I and J. 

The overall procedure is given by Algorithm-4 below. 

Algorithm-4 TriWClustering 

Input : Expression matrix A, maximum acceptable mean 
squared residue score 8 � 0, and a threshold for mUltiple 
node deletion a >  0.1, n number of triclusters. 

Output : Submatrix, tricluster AIJK. 
Initialize : Copy_A matrix is a copy of A. 
Iteration n times: 

1. B is a copy of Copy _A matrix 

2. Apply Algorithm-2 on B. If the row size is small than 

nr or the column size is small than nc or the source 

size is small than ns do not perform multiple node 

deletion on rows or columns or sources. 

3. If any row, column or source has not been removed in 

step-2 apply Algorithm-I on B, result matrix is C. 

4. Apply Algorithm-3 on C and Copy_A and the result 

is the tricluster D. 

5. Report D, and eliminate the elements from Copy _A 

that are also in D (Update Copy_A for next iteration). 

III. EXPERIMENTAL RESULTS 

A. Datasets 

We conduct experiments on three real gene expression 
datasets that are obtained from NCBI's GEO data collection 
[12, 13]. 

First dataset (accession number: GSE19184) has two 
organisms; Homo sapiens and Mus musculus. While homo 
sapiens dataset contains 48702 genes and 46 samples, mus 
musculus dataset contains 46628 genes and 52 samples. The 
data is used for testing gene expression changes of human 
cancer cells and mouse surrounding tissue cells during tumor 
progression. To obtain three dimensional dataset, we integrate 
the datasets of the organisms by extracting common genes and 
conditions. We also computed the average values of samples 
that have same cell type. Finally, we have a dataset (DS-l ) of 
has 9132 genes, 11 samples and two organisms with no 
missing values. 

The second dataset (accession number: GSE34251) has 
two organisms; Homo sapiens and Rattus norvegicus. While 
Homo sapiens dataset contains 41108 genes and 60 samples, 
rattus norvegicus dataset contains 41120 genes and 60 
samples. In order to analyse gene expression changes in 
human and rat primary hepatocytes exposed to 2, 3, 7, 8-
tetrachlorodibenzo-p-dioxin (TCDD) a toxigenomic approach 
was used to in this dataset. Measurement was performed by 
getting from hepatocytes from five individual humans and rats 
were exposed to 24h to 11 concentrations of TCDD ranging 
0.00001 to 100nM and a vehicle control [12]. After 
integration, we have a dataset (DS-2) that has 12890 genes, 59 
samples and two organisms with no missing values. 



The third dataset (accession number: GSE18290) has three 
organisms; Homo sapiens, Bos Taurus, Mus musculus. While 
Homo sapiens dataset contains 54675 genes and 17 samples, 
Bos Taurus dataset contains 24128 genes and 15 samples, Mus 
musculus dataset contains 22690 genes and 17 samples. 
Measurement is perfonned at different embryo development 
stages. When bovine expression data were obtained from 
oocyte, one cell stage, four cell stage, eight cell stage, sixteen 
cell stage, morula and blastocyst, human data were generated 
one, two, four nad eight cell stage also morula and blastocyst. 
Besides, mouse expression data were obtained from one, two, 
four and eight cell stage, also morula and blastocyst [13]. Final 
dataset (DS-3) comprises 1182 genes, 6 samples and three 
organisms with no missing value. 

After extracting common genes and samples, these datasets 
were scaled by setting mean as zero and standard deviation as 
l. 

B. Paramater setting and Implementation 

The a and 8 values used in the experiment were set to: 0.3, 
0.7 and l. These parameters have been set experimentally. In 
order to understand how result is affected by each parameter, 
we have changed the value of parameters. When the value of a 

parameter is constant, the value of 8 parameter is increased and 
vice versa. Also, we set nr to 10, nc to 2, ns to 2. This 
parameters are selected intuitively in order not to allow the 
creation of too small triclusters. 

The proposed TriWClustering algorithm is implemented 
using Java. Statistical and biological significance analysis is 
performed using relevant R packages. 

C. Results 

We analysed the performance of the TriWClustering 
algorithm on three datasets from NCBl's GEO data collection. 
As mentioned before, the size of the triclusters and the mean 
squared residue score (MSR) were used as a measure of 
tricluster fitness. In the proposed method, they are important to 
ensure that elements in the triclusters are coherent and 
triclusters has maximal size. Besides Phyper function is also 
used as statistical test of GO terms for over or under 
representation using hypergeometric test. Phyper parameter 
computed by this function is a measurement of the specificity 
gene lists in a tricluster. For each gene cluster we fmd the 
maximum Phyper value and named it PhyperMax. 

In order to understand whether there is a correlation between 
parameters and MSR and PhyperMax value, value of the a and 
8 is increased when other parameter is set constant. The results 
are given Table 1. According to results increment of a 

parameter does not affect the value of the MSR and 
PhyperMax, although when the 8 parameter increases 
PhyperMax value increases as well. 

In addition to this, statistical significance of the gene 
clusters obtained is evaluated by calculating p-values. It 
indicates how well they match with the specified gene 
annotation. We used several packages from BioConductor [14] 
to verify the biological significance of TriWClustering's 
results. These packages help to detennine which Gene 
Ontology (GO) terms are significantly overrepresented in a set 
of genes of the clusters obtained. The function 'GOHyperGAII' 
computes for all GO nodes a hypergeometric distribution test 
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and returns the corresponding raw and Bonferroni corrected p
values. We then evaluate the functional enrichment of GO 
tenns for all triclusters obtained using this Bonferroni
corrected hypergeometric test with an original p-value of 0.0 l. 
Rates of GO enriched clusters for all datasets are given in 
Table 2. According to Table 2, the algorithm can achieve a 
fairly well percentage of GO-enrichments in gene cluster sets 
obtained from different datasets. This implies that coherent 
gene clusters can be obtained by the TriWClustering algorithm. 
An example of GO analysis of the gene cluster obtained is 
given in Table 3 which shows that genes in this cluster are 
involved in similar biological processes, such as multicellular 
organismal process, system process or regulation of biological 
quality. The table shows the number of genes in each cluster 
and the significant GO tenns for the biological process 
ontologies. For example for the first tuple, there are 152 genes 
which are involved in multicellular organismal process and the 
statistical significance is given by the Phyper value of 6.3E-23. 
In addition to this, only the most significant gene clusters that 
have p-values lower than 0.01 are shown in the Table 3. The 
results obviously show that TriWClustering algorithm can find 
biologically meaningful gene clusters. 

To assess the statistical significance of the results, we 
evaluated the clusters that we obtained using a validity index, 
called as Dunn's index, which can provide a measure of 
goodness of clustering on different datasets. In other words, 
this index is a measurement of clusters compactness (small 
variance between members of the clusters) and separation 
(minimum distance between clusters). A higher dunn index 
shows better clustering. To show how three-way analysis 
method can outperform two-way analysis methods, we 
compared the Dunn's index of the clusters obtained with single 
organism and the ones with multiple organisms. As can be seen 
in Table 4, in 5 of the 7 cases the gene clusters obtained from 
dataset with multi organisms are better than the clusters 
obtained from dataset with single organism, as Dunn's index of 
these cluster is higher than other's index. 

IV. CONCLUSION 

In this paper we introduced a novel triclustering algorithm 
which can mine coherent nonoverlapping triclusters depending 
on different parameters. We have adapted the procedures of a 
well-known and widely used biclustering algorithm to be 
applied on three dimensional datasets. The algorithm aims to 
find triclusters with maximum size and low mean squared 
residue score. To our knowledge, this study is the first multi
way clustering attempt to analyze the gene regulation over 
paired experiments of mUltiple organisms. 

TABLE I. MSR and PhyperMax VALUES OF THREE DA T ASETS 

MSRand 
phyperMax DS-l DS-2 DS-3 

values of 
three MSR Phyper MSR Phyper MSR Phyper 

datasets Max Max Max 

a t + + t t + t Ii .. 
a .. 

+ t t t t t Ii t 



We have conducted and tested our algorithm on three 
biological datasets. The experimental results show that the 
algorithm can consistently identify statistically and biologically 
meaningful triclusters. 

TABLE 2. RATES OF GO ENRICHED CLUSTERS 

Rates of GO 
enriched 

clusters DS-l DS-2 DS-3 

a = 0.3 15/21 32/50 21122 
0=0.2 

%71.42 %64 %95.45 

TABLE 3.GENE ONTOLOGY ANALYSIS OF A GENE CLUSTER 
FROM DS-3 

GOID Phyper Term Onto 

GO:0032501 6.39735E-23 
Multicellular 

BP 
organismal process 

GO:0065008 5.34575E-22 
Regulation of 

BP 
biological quality 

GO:00I0033 6.78266E-22 
Response to organic 

BP 
substance 

GO:0003008 5.97546E-20 System process BP 

GO:0042221 2.80595E-19 
Response to 

BP 
chemical stimulus 

Response to 
GO:0009719 2.02422E-16 endogenous BP 

stimulus 
Anatomical 

GO:0048856 2.97324E-16 structure BP 
development 

GO:0023052 3.34414E-16 Signaling BP 

GO:0050896 3.37298E-16 
Response to 

BP 
stimulus 

GO:0009725 4.85337E-16 
Response to 

BP 
hormone stimulus 

TABLE 4. DUNN INDEX RESULTS 

Dataset Organism 
Dunn Index 

Single Org Multi Org 

OS- I Human 0.0467 0.0371 

OS- I Mouse 0.0432 0.0462 

DS-2 Human 0.0059 0.0306 

DS-2 Mouse 0.0053 0.0268 

DS-3 Human 0.0109 0.0104 

DS-3 Mouse 0.0054 0.0129 

DS-3 Bovine 0.0038 0.0070 
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