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Abstract. This paper concerns the discovery of Order Preserving Clus-
ters (OP-Clusters) in gene expression data, in each of which a subset of
genes induce a similar linear ordering along a subset of conditions. After
converting each gene vector into an ordered label sequence. The problem
is transferred into finding frequent orders appearing in the sequence set.
We propose an algorithm of finding the frequent orders by iteratively
Combining the most Frequent Prefixes and Suffixes (CFPS) in a statis-
tical way. We also define the significance of an OP-Cluster. Our method
has good scale-up property with dimension of the dataset and size of the
cluster. Experimental study on both synthetic datasets and real gene
expression dataset shows our approach is very effective and efficient.

1 Introduction

In gene expression dataset, each row stands for one gene and each column stands
for one condition. Traditional methods for pattern discovery in gene expression
matrices are based on clustering genes (conditions) by comparing their expres-
sion levels in all conditions (genes). However, general understanding of cellular
processes leads us to expect subsets of genes to be coregulated and coexpressed
only under certain experimental conditions. Recent research works [1-8],focus on
discovering such local patterns embedded in high dimensional gene expression
data.

Order preserving clustering (OP-Clustering)[9] is one discipline of looking
for submatrices in which value the rows induce the same linear ordering in the
columns. In former study of gene expression profiles, researchers regard there are
certain stages for genes. They use on or off to stand for the state of gene. There
could be more than two stages. The idea of stages encourages us to measure
the similarities by comparing the condition orders between two genes. Therefore
we expect the data to contain a set of genes and a set of conditions such that
the genes are identically ordered on the conditions. By finding the hidden order
and genes that support it, we can potentially find the different stages shared by
the genes. Figure 1 shows an example of the order preserving subsequences in
two data sequences. In Figure 1(a) there is no obvious trend between the two
sequences. However, if we only consider columns [c d e j] as shown in Figure
1(b), the two subsequences show strong coherence on these four columns. The
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(a) (b)

Fig. 1. An example of the Order Preserving Subsequences in two sequences.(a) Original
data, (b) the OP subsequences.

two subsequences show the same ascending pattern if we rearrange the columns
as [j d e c].

Problem Statement. Given an n×m gene expression dataset A, where G =
{g1, g2, . . . , gn} is the set of genes (also the rows), C = {c1, c2, . . . , cm} is the set
of conditions (columns). Order Preserving Cluster (OP-Cluster) OPC = (P, Q)
is a submatrix of A, where P ⊆ G, Q ⊆ C, that all the genes in P share the
same linear order on the conditions in Q.

That means there is a permutation of the conditions in Q, after which all the
genes in P show the ascending patterns. An embedded OP-Cluster can be iden-
tified by the order of conditions which involve in. Here we call the permutation
of conditions the order of the OP-Cluster and the subset of genes the supports
for that order. From this point of view the work of finding OP-Clusters is related
to the so called sequential pattern mining in some other literature [10][11][12].

In this paper we propose a model of OP-Clustering on numerical dataset.
After converting the numerical dataset into a sorted label sequence set. We
present a heuristic method of finding the frequent orders by combining the most
frequent prefix and suffix iteratively in a statistical way. The structure of the
paper is as follow. In section 2 some related work is discussed. The OP-Clustering
algorithm (CFPS) is presented in section 3. The experimental results on both
synthetic dataset and real gene expression dataset are presented in section 4 and
we draw the conclusion in section 5.

2 Related Work

The concept of Order-Preserving SubMatrix (OPSM) was first introduced by
Ben-Dor et al.[9] and they also proved the OPSM problem was NP-hard in the
worst case. By discovering a subset of genes identically ordered among a subset
of conditions they focused on the coherence of the relative order of the conditions
rather than the coherence of actual expression levels. A stochastic model was
developed by them to discover the best row supported submatrix given a fixed
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size of conditions. For OPSM the quality of their resulted cluster is very sensitive
to some given parameters and the initial selection of partial models.

Liu et al.[13] proposed an exhaustive bicluster enumeration algorithm to dis-
cover all significant OP-Clusters. Their pattern discovery algorithm is heavily
inspired in sequential pattern min-ing algorithms [14]. Mining sequential pattern
was first introduced in the work of Agrawal et al.[10], and most methods in this
area are based on breadth-first or depth-first search. Liu et al. used a compact
tree structure to store the identities of the rows and the sequences sharing the
same prefixes. A depth-first algorithm was devised to discover the OP-Clusters
with a user-specified threshold. The drawback is that the construction of the
OPC-Tree is very time consuming and it needs excessive memory resources. For
large dataset pruning techniques have to be taken before it can be effective.

Bleuler S. and Zitzler Z.[15] used a scoring function which combines the mean
squared residue score with the OPSM concept. It allows the arbitrarily scale and
degree of orderedness required for a cluster. They proposed an evolutionary algo-
rithm framework that allows simultaneous clustering over multiple time course
experiments. A local search procedure based on a greedy heuristic was applied
to each individual before evaluation. Their method is still time consuming and
they can only find non-overlapping clusters in one run.

Most existing methods based on exhaustive searching and need excessive com-
putation and memory cost. In our work, a heuristic method based on statistical
information is proposed to find the OP-Clusters by finding the frequent orders
in the sequence set which comes from the original numerical dataset.

3 Algorithm

In this section we present the algorithm. Firstly the main procedures of the
algorithm is introduced in section 3.1. Then some details of the algorithm are
given in section 3.2-3.4. Examples are used to to illustrate the algorithm.

3.1 A Top Down Algorithm to Find Frequent Orders

We divide the model into the following three phases. In Step 1 numerical dataset
is converted into sequence set. This processing takes only once in the first run.
In Step 2 and 3 the frequent orders is constructed iteratively. These two steps
would be repeated when necessary.

Step 1. Sorting Phase. Each condition is identified with a label. Then each
gene expression vector is sorted in non-decreasing order. According to the sorting
result each gene expression vector is converted into an ordered label sequence.
The order of each label in a sequence stands for the ranking of the corresponding
condition in the particular gene expression vector. Now the whole dataset is
converted to a sequences set.

The conditions with very close values are grouped to form an order equivalent
group in which we make no no difference on their relative order. That means
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(a) (b)

Fig. 2. (a) Original numerical data matrix, (b) sequences of column labels of the data
matrix

conditions in order equivalent group could have exchangeable orders. The strict
order requirement is too sharp in OP-Clustering scheme and orders between
close values would be meaningless. Since order between some conditions might
be disturbed by sampling processing especially when noises exist. We define
a threshold θ. When difference between two conditions is smaller than θ, we
group them together to form an order equivalent group. θ is relative to the
magnitude of dataset. Figure 2 shows an example the sorting phase. “()” means
order equivalent group. Before going on we give some notations.

Definition 1. For any two labels, no matter they are adjacent or not in a
sequence with no repeating labels, the one that comes before is called the prefix
and the other one is called the suffix. E.g. in sequence “fdecab”, “e” is prefix of
“c”, “a” and “b”. Also it is suffix of “f” and “d”.

Definition 2. For two label sequences x and y, if all labels of x are contained in
y and any two labels of x have the same order as they have in y then we say x
is a subsequence of y or x appears in y. E.g. “dca” is a subsequence of “fdecab”.

Definition 3. Sequence x is different from sequence y when any of the following
two cases occurs, 1. There are labels in x which do not appear in y, 2. The
common labels of the two sequences have different orders. E.g. sequence “adcdf”
and “acbed” are different from sequence “abcde”, while “abe” is not.

An embedded OP-Cluster can be identified by first finding the order of its
columns, which is the frequent order appearing in the sequence set. The idea
of frequent order is similar to the frequent pattern in the sequential pattern
mining problem [16][11][12]. However, in our work it is more complicated than
conventional sequential pattern mining problem. The original sequences we are
handling have the same length. Different labels appear once and only once in each
sequence. The identities of the genes associated with each frequent order have
to be recorded in order to determine the genes involved in an OP-Cluster. While
conventional sequential mining algorithms only keep the number of appearance
of frequent subsequences but not their identities.
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Step 2. Counting Phase. We scan the label sequences and construct an order
matrix O which counts the occurrence of any label being prefix or suffix of any
other labels. In the example there are 6 labels. Then order matrix O is a 6 × 6
matrix as Figure 3 shows. Each row/column stands for one label. O(a, b) stands
for the occurrence frequency of “a” being prefix of “b” (or “b” being suffix of
“a”) in all the rows. Suppose the original numerical data matrix has n rows an
m columns then O is a m × m matrix and O(a, b) + O(b, a) = n + z (z is the
number of order equivalent groups which contain “a” and “b”).

Fig. 3. Finding the frequent prefix and suffix combination of [d e] from order occurrence
matrix by picking out the row (column) with the maximum accumulated occurrence
frequencies

Order matrix shows occurrence frequencies of any length-2 subsequences. Sup-
pose original dataset is randomly constructed, orders between any two labels
would be evenly distributed in the rows. That means the possibility of occur-
rence of “a” before “b” would be the same as that of “b” before “a”. However
if an OP-Cluster exists in data matrix some labels would have much higher
frequencies of being prefix/suffix then the other labels in the global way. This
statistical information is useful to find the frequent orders shared by a significant
number of gene vectors.

Step 3. Finding the most frequent prefix and suffix. We accumulate the
total number of occurrences of each label being prefix (suffix) of another labels in
all rows. It is the summation of the corresponding row (column) of order matrix
O. The most frequent prefix (suffix) is the label with the maximum number of
accumulated occurrences of being prefix (suffix). In the example of Figure 3 “d”
and “e” is the most frequent prefix and suffix respectively. We combine the most
frequent prefix and suffix to form an initial frequent order candidate which has
higher occurrence frequency in the sequences set. So [d e] is the seed for growing
the frequent order in this example.

Only the supporting rows for this order is kept. Other rows which do not
support the order is removed. And we extract subsequence between the current
prefix and suffix from the remaining rows. Figure 4(a) shows the 3 subsequences
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(a) (b)

Fig. 4. (a) Set of the extracted subsequences, (b) updated order matrix

“acb”, “abc” and “ac”. Then we go back to step 2 and update order matrix
O based on the remain subsequences as shown in Figure 4(b). In the second
run [a c] is found as the new prefix and suffix combination. Since order [d e] is
supported by all remaining rows and “d” is the first prefix (“e” is the last suffix)
of all labels in the subsequences, [a c] is put between the former prefix and suffix
to form an enlarged frequent order of [d a c e]. Step 2 and 3 could be repeated
when the minimum support (will be discussed later) is satisfied. By iteratively
finding the most frequent prefix (suffix) and combining them we enlarge frequent
order candidate step by step. Due to the noise in data we could miss some prefix
or suffix of target frequent order during iterations. Enhancement can be made
by repeating the whole procedures on the remaining rows and all columns.

3.2 Minimum Support for the Frequent Order

Some researchers choose an exact value as the minimum support While we use
p(t) as the minimum support criterion,

p(t) =
1 − pini

ln(t) max
ln(t) + pini (1)

where t stands for the current iteration. In the first iteration p(1) = pini and
p(t) ≤ 1. p(t) increases with the iteration. t max stands for the maximum value
of t. If original dataset has m columns, the maximum value of the iteration would
be m/2.

We compute the portion of number of supports for enlarged frequent order
to number of current remaining rows. Iteration goes on only when the value is
bigger than p(t). Since we delete the non-supporting rows after each iteration,
number of remaining rows keeps decreasing. If non-frequent sub-prefix or sub-
suffix is added to the frequent order candidate number of remaining supports
would decrease by a large number. In this way we reject non-frequent orders. To
loosen the minimum support requirement one can use p(t)2 instead.
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(a) (b)

Fig. 5. (a) Updated sequence set (the gray elements construct an OP-Cluster), (b)
updated occurrence matrix

3.3 Find Proper Single Label When No Frequent Combination of
Prefix and Suffix Exists

When target frequent order has an odd number of labels, it can not be discovered
by including both prefixes and suffixes to the frequent order iteratively. The
hidden OP-Cluster in Figure 6(a)has frequent order of [d a e]. [d e] would be
found in the first interation and [a b] in the second iteration. While for order
[d a b e] there are only two supports. That could lead to a non-frequent order.
So when no significant prefix and suffix combination could be found, we count
the occurrence frequencies of all labels in remaining subsequences. Column with
the maximum number of appearance would be checked to see whether it could
be added into the candidate order. So “a” is added to form the frequent order
[d a e] and result in a 3 × 3 OP-Cluster when satisfying the minimum support.

3.4 Find Multiple OP-Clusters

We repeat the whole algorithm and whenever we find a new frequent order candi-
date we compare it to all existing frequent orders. If the candidate is not different
from the existing frequent orders (see Definition 3), we ignore it and update the
occurrence matrix O then repeat until new candidate which is different from the
existing ones is found. Theoretically as iteration goes on, all label combinations
could be tested. But frequent orders would be processed first and non-frequent
sequences would be rejected at very early stage without much processing. This
scheme reduces a large proportion of computation cost. There is rarely multi-
ply operation in our algorithm. The major cost is on computing matrix O by
counting the accumulated occurrence. Cost for the whole algorithm is hard to
estimate since number of iteration varies a lot for different datasets. In step 1
the sorting requires time in O(nm) and only take place for once. Calculation of
matrix O in the first run is an O(m2n) effort. This cost drops dramatically in
following iterations since number of supporting rows and length of subsequences
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decrease a lot. Space complexity of the whole algorithm is O(nm) which is very
small comparing to most of the existing methods.

4 Experiments

The algorithm is tested with both synthetically generated datasets and real
gene expression datasets for effectiveness and efficiency. The experiments are
implemented with MATLAB and executed on a computer with a 3.2 GHz and
0.99 GB main memory.

Size of OP-Cluster, which means number of columns and rows involved, is
the measurement for its significance. Also length of potential frequent order and
number of its supports are two critical factors that affect the performance of our
algorithms. However, the best OP-Cluster is hard to define since shorter orders
are supported by much more genes. For n rows with length m, the probability
of finding at least k supports for any order with length m is,

P (n, m, k) =
n∑

i=k

(
1
m!

)(
m! − 1

m!
)n−iCi

n (2)

P decreases with the increasing of m and k. P could be used to measure the
significance of an OP-Cluster. The smaller P is, the more significant the OP-
Cluster is.

4.1 Synthetic Data

We generate the synthetic data in this way: Firstly, random datasets were gener-
ated. Then OP-Clusters were inserted manually into the datasets. In the follow-
ing experiment each case has been implemented for 10 times. We get the average
value of all runs.

Sometimes instead of finding the exact manually inserted OP-Cluster we find
OP-Clusters which overlap with the inserted one. These OP-Clusters could be
formed by chance when other conditions were included in the frequent order.
Suppose a k × l OP-Cluster was inserted and an OP-Cluster, which has p rows
and q columns in common with the inserted one, is found. The found OP-Cluster
could have more conditions than the inserted one. In that case it may have fewer
supports than the inserted one. We define the accuracy to be,

accuracy = (
p

k
+

q

l
)/2 (3)

When the exact OP-Cluster is found, the accuracy is 1. In other cases the accu-
racy is proportional to the volume of the overlapping part between the embedded
OP-Cluster and the found one.

Test For Effectiveness. Number of supporting rows and length of frequent
order relative to the size of dataset are the two important factors which effect the
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Table 1. Result on varying the size of the dataset and the inserted OP-Cluster

100 × 30 200 × 30 500 × 30
20 × 15 100% 100% 96.5%
40 × 10 100% 100% 100%
200 × 15 – 100% 100%

(a) (b)

Fig. 6. Scale-up experiments. Response time V.S. (a) number of rows of dataset,
(b)number of columns involved in OP-Cluster.

performance. To test the effectiveness we run the algorithm with combinations of
different sizes of datasets and OP-Clusters. For the OP-Clusters we also change
the ratio of rows to columns.

Table 1 shows the result. Rows of the table show the size of inserted cluster
and columns show the size of the original dataset. Average accuracy of each case
of 10 runs was shown. Our method works very well in nearly all cases, especially
when size of inserted OP-Cluster is significant to size of original dataset. 20×15
OP-Cluster was exactly found for 9 out of the 10 runs when it is inserted into
a 500 × 30 data matrix. And in another case our algorithm finds a 6 × 16 OP-
Cluster, which covers all the columns involved in the inserted OP-Cluster.

Test For Scalability. The scale-up properties of the algorithm were analyzed
by varying size of dataset and embedded cluster. We report the time cost for
the first run. Figure 6(a) shows the result when varying the number of rows of
dataset. A 50×20 OP-Cluster was inserted into datasets which have 50 columns
but increasing number of rows from 100 to 1000. Figure 6(b) shows the result
when increasing the number of columns involve in the OP-Cluster. An OP-
Cluster with 200 supports was inserted into 1000× 50 datasets. The number of
conditions involve was increased from 5 to 40. Our algorithms got high precision
almost in all cases and scale linearly with size of dataset and size of OP-Cluster.

4.2 Microarray Data

In addition to simulated datasets, we run our algorithm on the breast tumor
dataset from Chen et al. [17]. This dataset has 3,226 genes and 22 tissues. Among
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Table 2. Comparison of result significance with OPSM algorithm and OPC-Tree
algorithm. (N/A: not available)

Number of tissues Number of Max supporting rows
CFPS OPSM OPC-Tree

4 771 347 690
5 142 N/A N/A
6 124 42 126
7 32 8 47

(a) (b)

Fig. 7. (a) The largest 5-tissue OP-Cluster, (b) the largest 6-tissue OP-Cluster

the 22 tissues, there are 7 brca1 mutations, 8 brca2 mutations and 7 sporadic
breast tumors. Our experiments demonstrate the power of finding biological OP-
Clusters in the gene expression data. We compared our result with that from
the OPSM algorithms of Ben-Dor et al. [9] and OPC-Tree of Liu et al. [13].

Firstly, we report the significance of our clusters in table 2 with compar-
isons with other two algorithms. Our clustering algorithm generates much more
significant clusters than OPSM. It costs only 7.17 seconds for the finding the
first 20 OP-Clusters. These OP-Clusters cover all the 22 tissues and 74.3% of
the genes. Ben-Dor et al. reported only three clusters with size 4 × 347, 6 × 42
and 8 × 7 respectively. However, our OP-Clustering algorithm was able to find
4 tissues clusters supported by a maximum of 771 genes, which doubles the
number of genes of the result of OPSM and also outperformed OPC-Tree. Our
algorithm also found 5-tissue clusters with a maximum support of 142 genes.
P (5, 142, 3226) ≈ 1.1659e−55 that means the cluster has very high significance.
5-tissue clusters were not reported by OPSM and OPC-Tree. The order imposed
on these five tissues are interesting, 3 brca2 mutations show lower expression,
1 brca2 mutation in the middle and 1 sporadic breast tumor shows the highest
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expression. This result suggest these 142 genes has different expression levels
in these tissues. Figure 7 shows the largest 5-tissue and 6-tissue OP-Clusters
and type of the tissues involved. No OP-Clusters with more than 7 tissues were
reported. Since our algorithm is good at finding the statistical majority. Larger
clusters would be found first. And we only process the first 20 clusters, small
cluster would lose the chance of being found.

5 Discussion

Order preserving clustering has been used in many applications to capture the
consistent tendency exhibited by a subset of objects in a subset of dimensions
in high dimensional space. We proposed a heuristic approach CFPS which dis-
covers the OP-Clusters by finding the frequent orders using a top-down scheme
in a statistical way. The method is easy to use with a low computation and
space cost. Few parameter has to be initialized for the algorithm. We define
the significance of an OP-Cluster and by it we can discriminate the meaning-
less OP-Clusters constructed by chance. The algorithm works very well in the
experiment. It scale linearly to the size of the dataset and the size of the clus-
ters. For the real gene expression profiles our method outperform OPSM and
OPC-Tree in finding significant clusters. But the nature of NP-hardness of this
problem implies that there may be sizeable OP-Clusters evading the search by
any efficient algorithm.

There are several extensions we can make based on our algorithm. Although
we permit exchangeable orders for conditions with very close values, the require-
ment on exactly the same order is still sharp in some applications, especially
when noise or outlier exists. One extension of the current model is to explore
similar but not exact the same order among conditions. There are many over-
lapping OP-Clusters in our result. Further steps could be taken to merge some
of the overlapping clusters to form new clusters with more columns.
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