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An Effective Dissimilarity Measure for Clustering Gene
Expression Time Series Data
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Abstract— Identifying groups of genes with similar expression
time courses is crucial in the analysis of gene expression time
series data. Choosing a similarity measure for determining the
similarity or distance between profiles is an important task. This
paper proposes a suitable dissimilarity measure for gene
expression time series data sets. It also presents a graph-based
clustering method for finding the clusters in gene expression time
series data which uses the dissimilarity measure proposed here. A
comparison with some of the other similarity measures used for
gene expression data has been done and the dissimilarity measure
is found effective. The clustering method was experimented in
light of real-life datasets and the proposed method has been
established to perform satisfactorily.

Index Terms— Gene Expression, microarray,
pattern, grid-based, graph-based, proximity measure

coherent

I. INTRODUCTION

A microarray experiment assesses a large number of DNA
sequences under multiple conditions such as a time series
during a biological process or a collection of different tissue
samples. Among the large number of genes encoded in the
microarray gene expression data, only a smal fraction is
informative for a certain task. Identification of the useful
features (genes) for performing data analysis is a challenging
task. This selection of genes is important because it is
impossible for biologists to examine the whole feature space at
one time. Moreover, taking into account irrelevant features
results in unnecessary noise and computational cost [2]. Once
relevant features have been selected, the next step isto find an
appropriate proximity measurement for gene expression data.

A. Proximity Measurement for Gene Expression Data

There are different methods for quantifying the similarity or
dissimilarity of gene expression profiles. Different methods
give different results. Therefore one should carefully choose
which method to use. There are two ways to anayze
microarray data:

- finding the similarity or dissimilarity of genes

- finding the similarity or dissimilarity of samples

In the first case, each gene is measured by the samples and
in the second case, each sample is measured by the genes.
Throughout this paper we follow the former case.

Features of a Distance Measure
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Similarity or dissimilarity between two profiles is described
in terms of the distance between them in the high dimensional
space of gene expression or sample measurements. Measure of
similarity (or dissimilarity) between two genes should satisfy
the following properties:

¥ Distance between any two profiles cannot be negative.

¥ The distance between a profile and itself must be zero.

¥ A zero difference between two profiles implies that the

profiles are identical.

¥ Distance between profile X and profile Y is the same as

distance between profile Y and profile X'i.e.,
Distance ( X, Y) = Distance ( Y, X)
¥ Distance measure should follow the triangle inequality
property i.e., for profiles X, Y, Z we have,
Distance (X, Z) ! Distance( X, Y) + Distance( Y, Z)
¥ If distance between profile X and profile Y is the same as
the distance between profile Y and profile Z, then the
distance between profile X and profile Z may not be same.

Different Similarity Measures

To identify genes or samples that have similar expression
profiles, appropriate similarity measures are required. Some of
the commonly used distance metrics are: Euclidean Distance,
Pearson@ Correlation coefficient, Jackknife correlation and
Spearman® rank-order correlation coefficient [1]. A
comparison of three most widely used distance measures for
gene expression data is given in Table 1. From the table, it can
be observed that choosing an appropriate distance measure for
gene expression time series data is a difficult task.

B. Gene Expression Data Clustering Approaches

Data mining techniques have proven to be useful in
understanding gene function, gene regulation, celular
processes and subtypes of cells. Most data mining algorithms
developed for gene expression time series dea with the
problem of clustering [3]. In the gene expression context,
clustering is the process of identifying subsets of genes that
behave similarly aong a course of time under the described
test conditions. Genes in the same cluster have similar
expression patterns. Two major challenges for clustering gene
expression data are; (i) to group genes with similar expression
patterns (co-expressed genes), and (ii) to extract the useful
patterns intelligently from noisy datasets. Clustering
techniques have been found to be helpful in identifying groups
of co-expressed genes and corresponding expression patterns.
Three approaches can be found in identifying co-expressed
gene groups [1]: (i) Gene-based clustering groups co-
expressed genes into clusters based on their expression
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patterns. In gene based clustering, genes are considered data
objects, while samples are considered as features, (ii) Sample-
based clustering finds sub-structures of the samples of interest
within a gene expression matrix. In this type of clustering, the
samples are regarded as data objects and genes as the features,
and (iii) Subspace clustering finds clusters in a subset of genes
on a subset of samples. This is because only a small subset of
genes participates in any cellular process and a celular
process takes place only in a subset of the samples. In
subspace clustering either genes or samples can be considered
objects or features. The gene expression data clustering
techniques can be categorized as follows. partitioning,
hierarchical, density based or model based. Next, we discuss
some of the popular gene-based clustering techniques applied
to time-series microarray data.

Partitioning Approach

K-means [3] isatypica partition-based clustering algorithm
which divides the data into pre-defined number of clusters in
order to optimize some predefined criterion. The main
advantages of this algorithm are its simplicity and speed,
which alow it to run on large datasets. Yet it may not yield
the same result with each run of the agorithm. It is unable to

TABLEI
COMPARISON OF DIFFERENT DISTANCE MEASURES
Euclidean Pearson(3 Spearman@ Rank
Distance Correlation Correlation
Geometric Statistical concept Robust for non-
Interpretation Gaussian digtributions
Retains up- or Spots positive and Spots positive and

down-regulation
information with

negative correlation negative correlation

appropriate
scaing
Not scale Scale invariant on Completely scale
invariant. centered data invariant. No scaling
Results dependent or centering required
on scaing
L ess powerful Powerful L ess powerful
Cannot detect Susceptible to Robust to outliers
negative outliers
Correlation
Can detect Assumes linearity Ignores up- or down-
magnitude of regulation intime
changes if used series

without scaling

handle outliers and is not suitable to detect clusters of arbitrary
shapes. Self Organizing Maps (SOM) [4] uses neural networks
to map data objects into a one or two-dimensiona lattice in
which neighboring nodes tend to define related clusters. SOM
is relatively more robust than k-means to the clustering of
noisy data. However, SOM requires the number of clusters
and the grid clusters of the neuron map as user input, which
can be found difficult to provide apriori.

It is quite evident that specification of the number of
clusters in advance is a must in partitional approach, which is
difficult to pre-estimate in case of gene expression data

Moreover, their application is restricted to data of lower
dimensionality, with inherent well separated clusters of high
density. But, gene expression data sets may be high
dimensional and often contain intersecting and embedded
clusters.

Hierarchical Approach

Hierarchical clustering generates a hierarchy of nested
clusters that can be represented by atree caled adendrogram.
Based on the hierarchical decomposition, these agorithms are
divided into agglomerative and divisive approaches.
Unweighted Pair Group Method with Arithmetic Mean
(UPGMA) [5], presented by Eisen et a. adopted an
agglomerative method to graphically represent the clustered
dataset. However, it is not robust to noise. In [6], Alon et d.
split the genes through a divisive approach, caled the
deterministic-annealing algorithm (DAA). The whole data set
isrecursively split until each cluster contains only one gene.

Hierarchical clustering not only groups together genes with
similar expression patterns but also provides a natural way to
graphically represent the data set. The graphical representation
alows athorough inspection of the whole data set and obtains
an initial impression of the data distribution. Eisen® method is
much favored by biologists and has become the most widely
used tool in gene expression data anaysis. However, a small
change in the data set may greatly change the hierarchical
dendrogram structure. Another drawback of the hierarchical
approach isits high computational complexity.

Density based Approach

Density based clustering identifies dense areas in the object
space. Clusters are considered as high density areas separated
by sparsely dense areas. Density-based hierarchical clustering
method (DHC) [7] uses the density-based approach to identify
the co-expressed gene groups from gene expression data. The
mining result in DHC is in the form of a density tree, which
uncovers the embedded clusters in the dataset. The inner
structures, the borders and the outliers of the clusters can be
investigated using a specia tree structure referred to as the
atraction tree, which is an intermediate result of the mining.
These two trees effectively visualize the interna structure of
the data set.

Density-based approaches discover clusters of arbitrary
shapes even in presence of noise. Thus, density based
algorithms may be used to cluster microarray data. However,
density-based clustering techniques suffer from high
computational complexity when no spatial index structure is
used as well asinput parameter dependency.

Model based clustering Approach

Model based approaches provide a statistical framework to
model the cluster structure of gene expression data
Expectation-Maximization (EM) [8] algorithm discovers good
values for its parameters iteratively. It can handle various
shapes of data and can be very expensive since large number
of iterations may be required for the iterative refinement of the
parameters. Nowadays, many other model-based algorithms
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have been introduced to cluster gene expression data sets.
Schliep et al. [9] used an iterative procedure based on Hidden
Markov Model (HMM) to find cluster models. Bar-Joseph et
a. [10] proposed an approach based on statistical models
where each cluster is represented by a spline curve and the
clustering is computed using an EM-type algorithm.

Model-based approach provides an estimated probability
that a data object will belong to a particular cluster. Since gene
expression data are Qnighly connectedQ there may be
instances in which a single gene has high correlation with two
totally different clusters. Thus the probabilistic feature of
model-based clustering is much suitable for such data sets.
However, model-based approach assumes that the data set fits
aspecific distribution which is not always true.

Graph theoretical Approach

Graph theoretic techniques ([11]-[13]) can be found as
another useful category of clustering over bioinformatics
domain. In Graph-based clustering algorithms, graphs are built
as combinations of objects, features, or both as the nodes and
edges. The graph is partitioned by using graph theoretic
algorithms. In [11], CLuster Identification via Connectivity
Kernels (CLICK) pairs of genes is connected by an edge with
a weight based on the similarity between expression patterns
of the two genes. It is suitable for subspace and high
dimensional data clustering. It is extensively used to cluster
gene expression data. Cluster Affinity Search Techniques
(CAST) [12] takes as input the pair wise similarities between
genes and an affinity threshold. It does not require a user-
defined number of clusters and handles outliers efficiently.
But, it faces difficulty in determining a good threshold value.
E-CAST [13] is an enhanced version of CAST which uses a
dynamic threshold. It uses a divisive approach. In CAST, the
size and number of clusters produced is directly affected by
the fixed user-defined parameter ¢ and hence a prior
knowledge of the data set is required. To overcome this
problem, E-CAST calculates the threshold value dynamically
based on the similarity values of the objects that are yet to be
clustered.

C. Motivation

From the discussion above we conclude that choosing an
appropriate similarity measure is of utmost importance. That
there exists no particular measure which can handle all the
issues (Table 1) with regard to gene expression data further
complicates the job. In this paper a mutual information based
method [14] is used to select relevant genes from microarray
with high accuracy. Additionally, the redundancy between
genes is reduced to a large extent. Again, a simplified, yet
more appropriate dissimilarity measure which can address the
challenges of a gene expression dataset has been proposed. It
can find the dissimilarity between gene profiles effectively
and is robust to outliers. That it retains information on the
shape of the patterns is the mgjor attraction of the proposed
measure. Moreover, a graph-based algorithm is presented
which clusters the gene expression dataset using the
dissimilarity measure proposed here.

Il. THE PROPOSED METHOD

The proposed method works in three phases. In the first
phase relevant and non-redundant features are selected using
mutual information. Second phase computes the dissimilarity
of genes using a grid based method and the third phase is
dedicated to the task of clustering using a graph based
approach. Next we discuss these phases in detail.

A. Feature Selection using Mutual Information

According to Shannon® information theory [14], the
uncertainty of a random variable C is measured by entropy
H(C). For two variables X and C, the conditional entropy
H(C|X) measures the uncertainty about C when X is known,
and Ml 1(X;C), measures the certainty about C that is resolved
by X. The relation between entropy, conditiona entropy and
Ml is,

H(C) = H(CY) + 1(X;C) 1

The goa of training classification model is to reduce the
uncertainty about predictions on class labels C for the known
observations X as much as possible. In terms of the mutual
information, the purpose is just to increase Ml as much as
possible, and the goal of feature selection is naturaly to
achieve higher vaues of I(X;C) with the smallest possible
feature subset.

An Ml-based forward feature selection algorithm [14] is
used here. Given a classification dataset {X; C} and the
feature set is denoted by F. The feature selection process starts
with an empty selected feature set S. The feature f; that
maximizes I(f;;C) is deleted from F and added to S. For any
remaining feature f; if 1(Stf;;C) is maximized then that feature
f:iseliminated from F and added to S. The process is repeated
iteratively until termination condition is met. The set S gives
the selected feature subset.

A grid based method is used for finding the redundant
features which follows the principle that features having
similar MI values and falling within the same grid are termed
as redundant genes and deleted from S.

Once the selected feature subset S is obtained our proposed
dissimilarity measure is applied on the reduced data set. Next,
based on the dissimilarity values so computed, a graph-based
approach is used for clustering the genes.

Dissimilarity Computation

To compute the dissimilarity between pairs of genes, the
proposed method uses a grid based approach, where the
number of grid cells is computed according to the spread of
the dataset.

Grid Approximation

The dataset is plotted as a two-dimensional curve with time
points in the horizontal direction and expression levels in the
vertical direction as shown in Fig. 2. Next, the maximum and
minimum expression levels as well as the maximum and
minimum time points are found. The spatial region can now be
approximated by a quadrilateral of size 4 X B, where the
quadrilateral can be represented by the set of points
{(minimum time point, minimum expression level), (maximum
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time point, maximum expression level)}. This quadrilateral
will be divided into rectangular cells of width W, where W =
27, 4=2q, B =27b for some positive integersa, b and ¢g. For
each cell, afeature condition is tested based on the expression
values within the cell. If the condition is not satisfied the
region is further divided into 2* equal sub-cells, where k = 2,
4, 8E The process continues till the condition is satisfied.
Let ID(r, ¢, [) beacdl in row r and column ¢ at level [ in the
region 4 X B, with block width 2¢”. For the topmost level, / =
0, the block width is W = 2. ID(r, ¢, 1) is defined by (2)
below,

w w w W
(] ,y):2—|(r)! x<2—|(r+1),2—|(c)! y<?(c+l)

wherex, y! positive real numbers including zero

ID(r,c,l)=

(% y):29'(r) ! x<29(r +1),27"(¢) ! x<29"'(c+1)
wherex, y! positive real numbers including zero
for0! r<2'a,0! c<2'b. (2)

Time
Fig 2 Curve of sample genes
Fig. 3 shows an example of constructing quadrilateral mesh
fromlevel,/=0toleve, /= 1.

Feature Condition

Here, points of a profile refer to the points across time
points and two consecutive points of a profile (i) cannot reside
within the same column; and (ii) cannot reside within the same
row, if their expression levels are unequal. The grid
approximation of sample genes shown in Fig. 2 is depicted in
Fig. 4.

ID(0,0,1)| ID(0,1,1)| 1D(0,2,1)|1D(0,3,1)

ID(0,0,0) | ID(1,0,0)

ID(1,0,1)| ID(L,1,0)| 1D(1,2,1)|ID(1,3,1)

ID(2,0,1)| ID@,1,1)| ID(2,2,1)|ID(2,3,1)

ID(0,1,0) | ID(1,1,0)

ID(3,0,1)| ID(3,1,1)| ID(3,2,1)|ID(3,3,1)

(b)
Fig 3 Cell id for (a) level 0 and (b) level 1

Computation of Dissimilarity

Once cell division terminates, each cell will have a unique
idi.e., ID(r, ¢, I). Since each point of the curve of every profile
will now reside in separate cells, the id of the cell will be the
id of each point. For every gene, the median of the row vaues
(r) is calculated. Then for every gene, the difference of the
row vaue of each point from the median is computed. If the
difference obtained is negative then that point is down-
regulated, a positive value indicates up-regulation and O
indicates equilibrium.

Fig 4 Grid approximation for Fig 2 at level, | =4

As stated in the feature condition subsection, for a pair of
profiles, every pair of points one from each profile will always
lie in the same column. So, during comparison the
contribution of column value and level information will be
null and only the row information will be considered, which
reflects the maximum variability in the values of the dataset.
For every point in a profile, its corresponding » value is
obtained. The median (m;) of the r vaues for each gene i is
then computed. Then for each gene, the difference of the r
values of each point from its respective median is computed as
shown below.

Diff,i=m;Pry; ,x= 123EE. .n

where, n is the number of dimensions and r,; is the row
value for the x™ data point of the i gene.

For pairs of genes, the difference between their individual
Diff,; are calculated and summed up. This gives us the
dissimilarity measure for pairs of genes. The dissimilarity
measure D ( i, j ) for genei and gene; is computed as follows:

DG, j)="" Diff! Diffy 3)

x=1

The proposed method is summarized step-wise as follows:

1. Consider the segmented curve representation of the input
gene expression data.

2. Find the grid approximation.

3.For every point in a curve find its corresponding row
values in the grid.

4.For each curve, the median of the row values for al of its
points is computed.

5.Compute the difference of each data point of each row
from the respective median

6. Calculate the dissimilarity of each pair of data points for
every pair of genes.

7.Cluster the dataset according to dissimilarity vaues
generated in step 6.

B. Clustering

The clustering method is based on a graph theoretic
approach. It exploits the concept of the clique graph
introduced by Ben dor et a. [12] during clustering. Our
algorithm tries to approximate the model by maximizing the
intra-cluster edges and minimizing the inter-cluster edges. We
use the dissimilarity, D (i) values calculated in the previous
subsection. A threshold « is used to determine node
membership to a cluster which is computed dynamically.
Following definitions provide the basis of the proposed
clustering method.

Definition 1: The repulsion of a node x to a cluster C is
defined as
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r()=1 D(xy)

y'C

Definition 2: The connectivity ¢ of acluster C isdefined as
the product of the threshold a and cardinality of cluster C
"=1(c]

Definition 3: A node is said to be connected to a cluster C,
if its repulsion to the cluster is less ie. it satisfies the
following

r(x)" !

where, r(x) is repulsion of node x to cluster C.

During expansion of the cluster, the threshold a is
calculated dynamically based on the number of unclassified
genes, i.e., U,.

Un:Dg-(COUClUCZUm.UCn)

where, D, isthe total set of all genes, C; isthe " cluster.
The parameter o is based on (i) dissimilarity values of the
nodes (genes) yet to be clustered and (ii) no. of pairs of genes
yet to be clustered and it is computed dynamically asfollows:
D(i, )
a=t (@)
‘D(i,j) i,jEUn
In the clustering process, first the repulsion of al of the
genesis set to zero. The clustering starts by selecting the gene
[ from the set of unclassified genes with the least dissimilarity
value with its pair (min{D(/, m)}). The gene [ is then
expanded using the routine given in Fig. 6. [ is assigned to a
cluster C and the cardinality |C]| is found. The repulsion of al
the unclassified genes is updated with respect to the elements
in the current cluster C. The threshold o and connectivity ¢ is
calculated using (4) and (5).
E =a|C]| ()
Now, from the set of unclassified genes, a gene x is selected
which has minimum repulsion with the cluster C and whose
repulsion value satisfies the connected-ness condition as given
in Definition 3. Cluster expansion continues recursively with
this selected gene x. When no more genes can be added to a
cluster, the cluster creation process starts with another
unclassified gene, as given in Fig. 5 and the process continues
till all the genes have been classified.

Cluster_creation()
While U, != @ do
FORal u! U, do
Set r(u) = 0;
End FOR
Create empty cluster C;
Pick an element /! U, such that D(I, m)=min{ D(I, m) | n, m
U}
Cluster_expand(/, Cluster_id);
Cluster_id = Cluster_id +1;
End While
End

Fig 5 Cluster formation module

Cluster_expand (/, Cluster_id)
IF l.classified ==CLASSIFIED
RETURN;

c=cUr

l.classified = CLASSIFIED;

[.Cluster_id = Cluster_id,;
//Update repulsion of all unclassified genesw.r.t. genes
/lpresent in current cluster C
FORali! u,UcC

r(x)=r(x)+" abs(D(x,y)),x! Un,y! C
Kk C

End FOR |
" D(,])
— _LitUn ;
‘D(i, j)‘i.j! Un

" =1[c|
Pick agenex! U, suchthat (r(x)! &) && (#(x) = min{ »(w)
|wEU,)};
Cluster_expand(x, Cluster_id);
End

Fig 6 Cluster expansion module

In the clustering process, we have not used any global
threshold. Our threshold value is calculated by the process and
adapts dynamically to the number of unclassified genes.

I1l. PERFORMANCE EVALUATION

In this paper we focus on Cho@® dataset [15] because of the
wide availability (i) of these data and (ii) its functiona
classification which alows the validation of the clustering
results. This dataset contains 6218 genes at 17 time points.

A. Standardization of Cdc28 data

Cho et al. [15] used the temperature-sensitive mutant strain
CDC28-13 to produce a synchronized cell culture of the
Saccharomyces cerevisiae from which 17 samples were taken
a 10 minute intervas and hybridized to Affymetrix chips. It
was not possible to get the original images or scanner outputs,
but the final data was downloaded from htp:/lyscdp.
stanford.edu/yeast_cell cycle/full data.html. Since the dataset
contained negative expression values, as found in [4], we have
shifted the scale by +610. Expression levels were then
normalized to have mean = 0 and variance = 1. A reduced
gene set consisting of 600 genes was obtained when the

Cluster 0 Cluster 1 Cluster 2
Cluster 3 Cluster 4 Cluster 5
Cluster 6 Cluster 7 Cluster 8




PAPER IDENTIFICATION NUMBER 56

Cluster 11

Cluster 9 Cluster 10

Fig 7 The trends of some of the different clusters

feature selection procedure of phase 1 was applied. The result
was aso validated by using the approach given in [4].

We tested our method on the previously published data set
of [15] to determine whether it could quickly and
automatically find the known patterns without using prior
knowledge. For this purpose, we used data from the study of
Cho et al. in which the authors synchronized the
Sacharomyces cerevisiae in G1, released the cells, and
collected RNA at 10-min intervals over two cell cycles (160
min). Expression levels of 6,218 yeast ORFs were measured
by the authors and used visual inspection to identify 416 genes
showing peaks of expression in early G1, late G1, S, G2, or M

phase.
PO OHHOPO

D

ks

5

g

0 20 40 60 80
Time (min) —»
Fig 8 Cluster 1 detail consisting of 46 genes

100 120 140 160

As found in [4], the proposed method can also
automatically and quickly (computation time 15.07 sec)
extract the cell-cycle periodicity. The trends of some of the
different clusters (a tota of 29 clusters were detected)
identified by our method are shown in Fig. 7, with expression
levels dong y-axis and time points along x-axis. The clusters
(0, 1, 7 for example) contain genes with peak expression in
late G1 phase (Fig.7 & 8). The genes agree well with those
identified by visual inspection.

IV. CONCLUSION AND FUTURE WORK

This paper presents a dissimilarity measure for clustering
gene-expression time series data. The dissimilarity measure
gives the shapes of the patterns of the gene expression data
unlike the Euclidean distance. In comparison to Pearson(
correlation coefficient, our method is less susceptible to
outliers as we have used the row values as well as the median
while computing dissimilarity. Moreover, unlike Spearman®
rank correlation, it aso retains the information about the

regulation of the patterns. Again, a parameter-less clustering
technique has been proposed here which uses a dynamically
calculated threshold to assign cluster membership. Our
experimental results have shown that the clusters obtained are
similar to those obtained by [4].

However, work is going on to test the robustness of the
method in terms of other gene expression datasets.
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