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Abstract. Clustering still represents the most commonly used technique to analyze gene expression data—be it classical clustering approaches that aim at ﬁnding biologically relevant gene groups or biclustering methods that focus on identifying subset of genes that behave
similarly over a subset of conditions. Usually, the measurements of different experiments are mixed together in a single gene expression matrix,
where the information about which experiments belong together, e.g., in
the context of a time course, is lost. This paper investigates the question of how to exploit the information about related experiments and
to eﬀectively use it in the clustering process. To this end, the idea of
order preserving clusters that has been presented in [2] is extended and
integrated in an evolutionary algorithm framework that allows simultaneous clustering over multiple time course experiments while keeping the
distinct time series data separate.

1

Motivation

A central goal in the analysis of genome wide gene expression measurements is
to identify groups of genes with shared functions or shared regulatory mechanisms. To this end diﬀerent clustering concepts have been developed. Standard
clustering methods such as k-means, hierarchical clustering [6], self organizing
maps [11], partition the set of genes into disjoint groups according to the similarity of their expression patterns over all conditions. Thereby, they may fail
to uncover processes that are active only over some but not all conditions. In
contrast, biclustering aims at ﬁnding subsets of genes which are similarly expressed over a subset of conditions, which often better reﬂects biological reality.
The usefulness of this concept in the context of microarray measurements has
been demonstrated in diﬀerent studies [5, 12, 10].
A promising biclustering approach, which is especially useful in the context
of time course experiments, is the order preserving submatrix (OPSM) method
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by Ben-Dor et al. [2]. This method concerns the discovery of one or several
submatrices in a gene expression matrix in the which the expression levels of
the selected genes induce the same linear ordering of the selected experiments.
However, there are several potential drawbacks of this approach: the algorithm
(i) does not allow to relax the clustering criterion, i.e., deviations from the perfect
linear ordering will be not considered as clusters, (ii) needs excessive computing
resources if applied to large gene expression matrices, and (iii) does not provide
means to keep diﬀerent types of experiments separate from each other. The
ﬁrst issue has been addressed in [7] by assigning similar expression levels equal
ranks but still searching for perfect linear orderings. The third issue, which
applies to most of the existing clustering approaches, is important insofar as
the mixture of diﬀerent types of experiments on the one hand side may blur the
clustering outcome and on the other hand does not allow to study similarities and
diﬀerences between the distinct experiment groups. Therefore in this paper, we
– propose a cluster scoring scheme that represents a relaxation of the strict
order preserving criterion introduced in [2],
– present an evolutionary algorithm for clustering that uses the above scoring scheme, allows to treat strongly related experiments such as time series
separately, and can be applied to arbitrarily large data sets, and
– demonstrate the usefulness of the suggested approach on various data sets
for Arabidopsis thaliana.
The proposed method can generally be applied to combine data sets from
diﬀerent experiment groups which cannot be compared directly. It even is possible to use separate scores for measuring similarity in the diﬀerent groups. In this
paper, though, we focus on the analysis of time courses as an example for such
data sets. This approach is conceptually diﬀerent from other methods for the
analysis of time course data as it focuses on the relation between diﬀerent time
courses while most other methods focus on the relation between the diﬀerent
time points within a single experiment, cf. [1].
In the following, we will ﬁrst discuss the underlying clustering concept, before
a corresponding implementation of an evolutionary algorithm is presented. Later,
the proposed method is compared with the OPSM approach on various time
series data, and especially the issue of mixed and separated time courses is
investigated. The last section summarizes the main results of the study.

2

Order Preserving Clustering

In the remainder of this paper, we will assume that the measurements of several
experiments are given in terms of an m × n-matrix, E, where m is the number of
considered genes and n the number of experiments. A cell eij of E contains a real
value that reﬂects the abundance of mRNA for gene i under condition j relative
to a control experiment (absolute mRNA concentrations are seldom used). A
time course stands for a sequence of measurements that have been performed at
diﬀerent points in time under the same condition for the same organism. Such
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2

Fig. 1. (a) On the left hand side, a gene expression matrix is shown, on the right
hand side, the corresponding expression levels are replaced by their ranks within each
row; the shaded area marks the largest order preserving submatrix. (b) The same gene
expression matrix as in a) is now divided into two time courses, each consisting of
two experiments; the resulting ranking induces a larger order preserving submatrix
compared to a), as each time course is treated separately

a time course measurement is represented by a gene expression matrix E where
each column stands for one point in time and where the order of the columns
reﬂects the order of the experiments in time.
2.1

The Order Preserving Submatrix Problem

Given the above notation, the order preserving submatrix problem, which has
been introduced by Ben-Dor et al. [2], can be described as follows: ﬁnd a subset
G of genes (|G| ≤ m) and a subset C of experiments (|C| ≤ n) such that the
submatrix D of E deﬁned by G and C maximizes a given score f (G, C) and
is an order preserving submatrix (OPSM), see below. The score f reﬂects the
probability of observing an OPSM of size |G| · |C| in a randomly chosen matrix
of the same dimensions as E. A submatrix D is order preserving if there is a
permutation of its columns (experiments) such that the sequence of (gene expression) values for each row (gene) is strictly increasing; this concept is illustrated
in Fig. 1a.
A potential problem with the approach presented in [2] is that the running
time of the proposed algorithm can increase considerably with the size of E.
Another drawback with the OPSM concept is that the homogeneity criterion
(perfect order) is a hard constraint. However, if slight deviations from a perfect
ordering would be allowed, this often may better reﬂect biological reality.
2.2

A Score for the Degree of Order Preservation

The ﬁrst question we address is how to relax the condition of order preservation
such that slight disagreements between the genes are still acceptable. If the
allowed error is adjustable by the user, it is possible to account for errors in
the measurements and to adapt the cluster criterion to the current biological
data set.
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Several measures to quantify the unsortedness of a sequence of integers have
been suggested in the literature, see, e.g., [9]. One potential measure is to compare all possible pairs of the sequence elements and count the number of pairs
that appear in the wrong order. When we extend this concept to a submatrix, one
could consider the total number of mismatches over all genes. However, the corresponding number strongly depends on the actual order of the selected columns
and ﬁnding the order that minimizes this scores is itself an NP-hard problem [8].
Therefore, we propose a scoring scheme that is independent of the actual order
of the columns; it is based on another biclustering approach proposed by Cheng
and Church [5] that uses the mean squared residue score.
The optimization task in [5] is to ﬁnd the largest bicluster that does not
exceed a certain homogeneity constraint. The size f (G, C) is simply deﬁned as
the number of cells in E covered by a bicluster (G, C), while the homogeneity
g(G, C) is given by the mean squared residue score. Formally, the problem is to
maximize f (G, C) = |G| · |C| subject to g(G, C) ≤ δ with (G, C) ∈ X, and where
g(G, C) =

1
|G||C|



(eij − eiC − eGj + eGC )2

i∈G,j∈C

is called the mean squared residue score and
1 
1 
1
eij , eGj =
eij , eGC =
eiC =
|C|
|G|
|G||C|
j∈C

i∈G



eij

i∈G,j∈C

denote the mean column and row expression values for (G, C) and the mean over
all cells, respectively. The threshold δ needs to be set by the user and deﬁnes
the maximum allowable dissimilarity within the cells of a bicluster. Roughly
speaking, the residue expresses how well the value of an element in the bicluster
is determined by the column and row it lies in. A set of genes whose expression
levels change in accordance to each other over a set of conditions can thus form
a perfect bicluster even if the actual values lie far apart.
In our scenario, we use a scoring function h which combines the mean squared
residue score with the OPSM concept. Given a submatrix D, we ﬁrst rank the
values in D per row and then replace the expression values with their ranks;
afterwards, we apply the mean squared residue score to the transformed submatrix D in order to assign a score to D. Since the ranks in each row of D sum
up to the same value, the row mean eiC and the total mean eGC cancel each
other out and the scoring scheme is reduced to measure the unsortedness of the
column means of the ranks. It can be easily shown that a score of 0 using this
modiﬁed scheme h is equivalent to D being an OPSM. Additional tests with
small random matrices showed that h correlates well with the abovementioned
count of unordered pairs.
2.3

Clustering Scores for Time Course Data

This paper focuses on time series data, although the presented concepts can
be used for other types of experiments as well. As time series often consist of
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a few experiments only (usually 6 to 10), in the following we will consider the
optimization task to ﬁnd the largest subset G of genes that has a score h(G) ≤ δ,
where δ is a constraint set by the user and all experiments in E are considered,
i.e., the submatrix D extends over the rows of E speciﬁed by G and all columns
of E. As we will show later in Section 4.2, this restriction is reasonable if n
is small.
The situation changes, though, if multiple time series data are taken into
account. The common way is to combine several time courses into a single matrix;
however, thereby information is lost and the resulting OPSM can be small. Here,
we propose to treat each of the time courses separately as depicted in Fig. 1b.
We still aim at maximizing the number of genes in the cluster, but the constraint
on h is now computed for each time series separately. That is, given G, for each
time course the resulting submatrix D is computed and it is checked whether
the corresponding h score is lower than or equal to the constraint δ; only if the
score constraint is fulﬁlled for all time series, the cluster G is considered a feasible
solution. In the next section, we present an EA implementation for this problem.

3

Evolutionary Algorithm

The main idea is to use an evolutionary algorithm to explore the search space of
possible gene sets systematically. As we will see, the representation and most of
the operators are generic while the local search procedure and the environmental
selection are more speciﬁc to the proposed optimization problem.
Each individual encodes one cluster. For reasons of simplicity we have chosen
to use a binary representation with a bit string of length m where a bit is set to 1
if the corresponding gene is included in the cluster. We apply uniform crossover
and independent bit mutation. As to environmental selection, a special diversity
maintenance mechanism was used which is described later in this section. For
mating selection, a tournament selection is used.
Since the objective is to ﬁnd large clusters the ﬁtness of an individual is
calculated as the inverse of the number of genes included in the cluster which
leads to a minimization problem. The threshold on h is used as constraint and
a local search is performed before the ﬁtness assignment which produces only
feasible solutions.
Local Search. In order to increase the eﬃciency of the EA a local search procedure is applied to each individual before evaluation. This procedure is based
on a greedy heuristic which tries to reduce h while keeping a maximum number
genes in the cluster. The algorithm is similar to the one proposed in [5] and
consists of two main steps: First genes are removed from the cluster until the
homogeneity constraints h(G) < δ for all time courses are met and in a second step all genes which can be added without increasing h(G) are included in
the cluster. This procedure guarantees to produce a feasible solution because in
the extreme case a cluster is reduced to a single gene which always has perfect
homogeneity (h = 0).
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while number of genes > threshold do
calculate eGj for all columns j for all time
courses
calculate h for all time courses
for all genes in the cluster do
calculate
separately:
d for all time courses
2
1
d= m
j=1..m (eij − eGj )
if d > αh for any time course then
remove the gene
end if
end for
if nothing was removed then
switch to Single Gene Deletion
end if
end while

while constraint violated for any time course
do
calculate eGj for all columns j for all time
courses
for all genes in the cluster do
calculate
separately:
d for all time courses
2
1
d= m
j=1..m (eij − eGj )
sum up the d for all time courses into s
end for
remove gene with maximal s
end while
continue with Gene Addition

Fig. 2. Algorithm for Multiple Gene Dele- Fig. 3. Algorithm for Single Gene Deletion
tion

The removal and addition of the genes is generally done one by one in a greedy
fashion which requires to update the homogeneity score h after the addition or
removal of each gene. If many genes need to be removed this recalculation can
increase the running time heavily. To prevent this multiple genes are removed
in each iteration while the number of genes in the cluster is above a certain
threshold (default = 100). The complete local search thus consists of the three
steps described in Figures 2, 3 and 5.
Additionally, it is necessary to specify what happens with the result of the
local search. In this study, we use Lamarckian evolution which means that the
solution found by the local search is kept and replaces the individual the local search started from as opposed to Baldwinian evolution where the locally
optimized solution is just used to calculate the ﬁtness of the individual.
Diversity Maintenance. As a whole population of clusters is evolved simultaneously it is possible not only to optimize one cluster but also to ﬁnd a set of
clusters which fulﬁll a desired property like total coverage or minimum overlap.
To this end a special diversity maintenance mechanism is used. The general idea
is to select the biggest cluster ﬁrst and in each following step the cluster which
adds most to the coverage of the set of all genes. The algorithm is described in
detail in [3].

4

Results

In the simulation runs mainly two questions were investigated: (i) How does
the EA compare to the OPSM algorithm proposed in [2] when applied to ﬁnd
perfectly ordered clusters, and (ii) what is the eﬀect of separating the diﬀerent
time series?
4.1

Data Preparation and Experimental Setup

All simulations were performed on gene expression data generated with
Aﬀymetrix GeneChips from Arabidosis thaliana, a small plant. The data set
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Table 1. Default parameter settings for this study
α
1.2
probability of 1 in initalization 0.001
mutation rate
0.001
crossover rate
0.1
tournament size
3
population size
100
number of generations
100

used in this study was provided by the ATGenExpress consortium 1 and used to
investigate the response of Arabidopsis to diﬀerent kinds of stresses. It consists of
8 time series with 6 time points each. The total expression matrix thus contains
22746 genes and 48 chips. All expression values were preprocessed using RMA
[4] and the logratios with the measurement from an untreated control plant were
calculated.
The EA parameter settings used in the following simulations are described
in Table 1. The crossover rate refers to the percentage of parents involved in
crossover. The mutation rate is the probability for bit ﬂips in the independent
bit mutation.
The EA was programmed in C++ while the OPSM algorithm was implemented in Java. The implementation closely follows the description in [2]. The
OPSM algorithm takes a parameter l describing how many candidate solutions
should be further investigated during the greedy search for OPSMs, see [2] for
the details. Consistent with the value used in [2] we set l to 100.
All simulation runs were performed on a 3 GHz Intel Xeon machine. For each
run, 30 replicates with diﬀerent random number generator seeds were performed.
4.2

Single Time Series

As mentioned above, searching for perfect OPSMs which extend over all chips
in the data set corresponds to setting the constraint on the inhomogeneity h to
zero. It is thus interesting to compare the clusters found by the EA to the ones
found by the OPSM algorithm. To this end we ran both algorithms on six time
course data sets. The largest cluster found by the EA equaled the one found by
the OPSM algorithm in all cases with sizes ranging from 290 to 662 genes. Often
this cluster was found after only a few generations.
While the OPSM algorithm is tailored to ﬁnd one maximal OPSM for each
number of chips the EA can ﬁnd several clusters in one run. Without the diversity mechanism described in Section 3 the population quickly converges to a
set of clusters with large overlap with the best cluster. The diversity mechanism
prevents this: for one data set, as an example, all 100 clusters in the ﬁnal population were non overlapping and consisted of an average of 90 genes. These groups
have diﬀerent orderings of the expression levels. It makes sense to investigate
these clusters as well and not just concentrate on ﬁnding the biggest OPSM.
1

See http://web.uni-frankfurt.de/fb15/botanik/mcb/AFGN/atgenex.htm
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Fig. 4. Size of the largest cluster found by
the EA on the two “cold” data sets. Mean,
max and min over 30 runs

while a gene was added in the last iteration
do
calculate eGj for all columns j for all time
courses
calculate h for all time courses
for all genes not inthe cluster do
2
1
calculate d = m
j=1..m (eij − eGj )
if d < h for all time courses then
add gene
recalculate all eGj and h
end if
end for
end while

Fig. 5. Algorithm for Gene Addition

The high number of large clusters found by the EA makes it unnecessary to
relax the constraint in the case of such small data sets. The eﬀect of relaxing the
constraint will be discussed in the following section where several time courses
are combined into one data set.
4.3

Multiple Time Series

In a second set of experiments we investigated the eﬀect of keeping the time
courses separated during the search for order preserving clusters. To this end we
ﬁrst combined two data sets and then tested the algorithms on the combination
of all eight data sets.
Two Time Series. When comparing the performance of the OPSM algorithm
to the EA on the combination of both data sets in same sense as in the previous
section, both algorithms found OPSMs consisting of two genes and all twelve
chips. When relaxing the constraint for the EA, larger clusters can be found;
for instance, if the constraint on h is set to 0.5 which means that the average
diﬀerence between the actual rank and the column mean of the ranks must be
smaller than 0.5 the largest cluster found by the EA contained 6 genes (mean
over 30 runs).
We then used the EA to search for groups of genes which fulﬁll the homogeneity constraint of h = 0 on both data sets separately. As shown in Figure 4
the largest cluster found by the EA contained 31 genes. Additionally the ﬁnal
population contained 100 clusters with an average size of 7 genes and no overlap
between them. It is obvious that many signiﬁcant clusters are missed if the data
sets are mixed and the proposed EA is able to retrieve many of them.
Eight Time Series. When applying the algorithms to the total of 48 chips
another drawback of the OPSM algorithm becomes apparent: the running time
increases rapidly with the number of chips in the data set. While the OPSM
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algorithm takes 30 seconds to run on a data set of six chips is takes more than
two hours to ﬁnish on the full data set. The EA run time lies between 10 and 20
mins. For the EA, however, the running time can be adjusted by changing the
number of generations and the population size. The EA is thus still applicable
for large data sets which cannot be analyzed using the OPSM algorithm.
As expected neither OPSM nor EA found perfect cluster over all 48 chips.
Also for the separated data sets no cluster was found which had a perfect ordering
for all time series. Relaxing the constraint to 1 for each time course allowed the
EA to ﬁnd clusters of a maximal size of 9 genes. Higher constraints could be
used to ﬁnd larger but less coherent clusters. Also for the combined data set
large clusters can be found but the constraint must be relaxed to about 25
which does not provide a good ordering anymore.
4.4

Identifying Diﬀerences in Multiple Time Series

Another problem which is of high biological relevance is to identify groups of
genes that behave similarly in some of the time courses and exhibit inhomogeneous expression patterns in other time courses. There are diﬀerent possibilities
to include these objectives into the EA depending on the biological scenario. We
chose the following: the expression values for at least one time course must be
ordered, i. e., h must be zero. Under this constraint the maximum h over all
time series is maximized. The local search procedure was changed accordingly
so that only the constraint of the best ordered time course must be fulﬁlled.
We tested this method on the combination of all eight data sets. In the
resulting clusters in general only the expression levels of one time course are
well ordered. Figures 6 and 7 show one example where time course on the left
hand side is well ordered and the one on the right hand side stands as example
for all the others which are not well ordered.
This shows that the problem of ﬁnding diﬀerences in multiple time series can
be address using the proposed approach, however, further investigations and
biological analysis of the results are necessary.
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Conclusions

The order preserving submatrix problem as deﬁned in [2] consists of ﬁnding large
submatrices in a gene expression matrix such that for each submatrix there is
a permutation of the columns under which the sequence of expression values
is for each row strictly increasing. We have extended this approach in three
aspects:
– A more ﬂexible scoring scheme was proposed that allows to arbitrarily scale
the degree of orderedness required for a cluster.
– Based on this scoring scheme, a methodology to handle diﬀerent set of experiments such as distinct time series in a systematic way was introduced.
– An evolutionary algorithm for this order preserving problem was presented
that is capable of ﬁnding multiple non-overlapping clusters in a single optimization run.
The eﬀectiveness of the suggested approach was demonstrated on eight time
series experiments covering overall 48 measurements for about 20000 genes of
Arabidopsis thaliana. Especially, the separation of diﬀerent time series experiments has proven to be a valuable concept: the cluster sizes could be improved
substantially in comparison to the common approach where all time series experiments are combined in a single gene expression matrix.
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