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In this paper, we study methods to identify di erential coex  pression patterns in case-control gene expression data. A
di erential coexpression pattern consists of a set of genes that have substantially di erent levels of coherence of the ir
expression pro les across the two sample-classes, i.e., highly coherent in one class, but not in the other. Biologically , a
di erential coexpression patterns may indicate the disrup tion of a regulatory mechanism possibly caused by disregula tion
of pathways or mutations of transcription factors. A common feature of all the existing approaches for di erential
coexpression analysis is that the coexpression of a set of genes is measured on all the samples in each of the two
classes, i.e., over the full-space of samples. Hence, these approaches may miss patterns that only cover a subset of
samples in each class, i.e., subspace patterns, due to the heterogeneity of the subject population and dise ase causes. In
this paper, we extend di erential coexpression analysis by de ning a subspace di erential coexpression pattern, i.e. , a
set of genes that are coexpressed in a relatively large percent of samples in one class, but in a much smaller percent
of samples in the other class. We propose a general approach based upon association analysis framework that allows
exhaustive yet e cient discovery of subspace dierential c  oexpression patterns. This approach can be used to adapt a
family of biclustering algorithms to obtain their correspo  nding di erential versions that can directly discover di e rential
coexpression patterns. Using a recently developed biclust ering algorithm as illustration, we perform experiments on  cancer
datasets which demonstrates the existence of subspace di e rential coexpression patterns. Permutation tests demonst rate
the statistical signi cance for a large number of discovere d subspace patterns, many of which can not be discovered
if they are measured over all the samples in each of the classes. Interestingly, in our experiments, some discovered
subspace patterns have signi cant overlap with known cance r pathways, and some are enriched with the target gene sets
of cancer-related microRNA and transcription factors. The  source codes and datasets used in this paper are available at
http://vk.cs.umn.edu/SDC/.
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1. Introduction

Diseases are often caused by perturbations in networks of genes or their products thatre working together to
keep a cell in a healthy state. DNA microarrays are one of the most popular tdmologies for studying these
perturbations and understanding their e ect on the expression of genes at a large scale, aneventually linking
them to diseases. The genome-wide expression proles of many types of diseases, partarly tumors, have
been analyzed, and several associations have been identi ed between gene expression prodesl phenotypes
corresponding to di erent stages of cancer?® Traditional analysis of gene expression data for this task focuses on
the identi cation of (groups of) genes with substantially di erent expression values (up- or down-regulated) across
sample-classes of interest, commonly known as di erentially expressed (DE) genésr patterns).® An example of
such a group of di erentially expressed genes is shown in Figure 1(a), where thegenes have signi cantly higher
expression levels in the disease class than in the control class.

However, given that diseases are often caused by the disruption of a system, or meirk, of genes, identifying
only the individual di erentially expressed genes may not be adequate for discoveringtie underlying mechanisms
of all the diseases. An important example of such mechanisms is the dysregtilan of signaling pathways in
cancer!* A complementary view for studying these mechanisms is provided by a di erential coegression pattern
(DC), 20222734 which is de ned as a set of genes that have substantially di erent levels of coherence of thei
expression pro les in the two sample-classes, i.e., highly coherent in one class, butnia the other. An example
of a DC pattern is shown in Figure 1(b), where the constituent genes are either all up-down-, or neutrally-
regulated for each sample in the control group (shown by the vertical streak), but they do not follow any
particular trend in the disease group. Biologically, a di erential coexpressia pattern may indicate the disruption
of a regulatory mechanism possibly caused by the disregulation of a pathwa§ or a mutation of a transcription
factor,1617 among other mechanism. Figure 1(c) illustrates one of these mechanisms, where tmeutation of a
regulator causes the disruption of the normal activity of a pathway. Speci cally, GO is a dominant regulator of
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Fig. 1. llustration of (a) a di erential expression (DE) pattern, (b) a di erential coexpression (DC) pattern, and (c)
a possible mechanism for the occurrence of a DC pattern due to the mutation of a regulator. Note that, while GO is a
dominant regulator of G1-G4, the latter genes are also regulated by other independent regulators, that are not shown in
the two pathway graphs for simplicity. ((a) and (b) taken from Kostka and  Spang (2004).20)

G1-G4 that leads to the coordinated and hence coherent expression of all of them. However, onceitated in the
disease stateGO is unable to regulate these genes, and their regulation may be taken over by othéndependent
regulators that may only be active in the disease state. Now, since the reguteon of G1-G4 is independent,
they are no longer coordinated, thus leading to the disruption of the coherence of their expregm. Therefore,
DC patterns can serve as biomarker candidates for some diseases, e.g. cancer and itistgpes, 162047 as well as
for di erentiating between evolutionarily-related species.!” Furthermore, at a representation level, a DE pattern
can be considered as a connected subgraph of a coexpression network, which is intact imecsample-class but
not connected in the other. Such a convenient representation of these patterns can be very uséffor their
visualization and understanding, and we present some examples of this in Section 3.

Owing to their de nition, di erential coexpression patterns cannot be discovered via univariate analysis,
since the coherence of expression values of a group of genes has to be measured collecti@dyresponding to
this need, several techniques for identifying DC patterns have been proposed in the litature, the rst ones of
which only searched for gene-pairs with su ciently di erent correlations (or other statistical measures) between
the two classes?{?33¢ Extending this to larger groups of genes, di erential coexpression has also been stuati
in the context of clustering!’#* and coexpression networkg;}112.27.4748 where a cluster or a sub-network of
genes is considered di erentially coexpressed if they collectively have di erent pairwie coexpression across the
sample-classes of interest. Some algorithms also employ di erential coexprése measures collectively for a set
of genes?®?? instead of only pairwise coexpression measures. Recently, some studies have adapa related but
di erent perspective and have proposed methodologies for identifying di erentidly coexpressed gene-pathway
pairs®® and pathway-pathway pairs.®

Despite the di erences in the methodologies adopted by these approaches for nding DC patternsa feature
common to all of them is that the coexpression of a set of genes is measured over #ie samples in each of
the two classes, i.e., over thefull space of samples. For instance, the example shown in Figure 1(b) is a full-
space DC pattern. However, as pointed out for the discovery of di erentially expressed gene®*146 the causes
of diseases as well as the population a ected by them, are often heterogeneous in na&urin such a scenario,
full-space approaches may not always be appropriate and may ignore patterns thatover only a subset of the
samples in each class, i.esubspace patternsFor instance, a set of genes may only be coexpressed over 60%
of the samples in the normal class, and may not be even slightly coexpressed ovaeny of the samples in the
disease class, thus qualifying to be a valid subspace pattern. However, this garn may not be uncovered if the
discovery algorithm requires the constituent genes to be coexpressed over all the splas in the normal class.
Indeed, even if a pattern can be discovered by both full-space approaches and subspace apples; the latter
can better indicate the subgroup of samples on which the pattern is coexpressed, and thusay allow further
study of the dierent causes of diseases and di erent demographics among subgroups of sarepl which may
potentially help personal diagnosis and treatment. These challenges call forne design of new approaches that
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can discover patterns that only show di erential coexpression over subsets of the saptes in the two classes,
and can also indicate these subsets as a companion to the patterns. Interestinglyinsilar challenges faced by
traditional clustering approaches have motivated the design of a variety of bialistering algorithms.>2%

In this paper, we address these challenges by extending di erential coexpression anaigsto enable the
discovery of subspace DC patterns. We de ne these patterns as sets of genes that are coexpegsever a relatively
large percent of the samples in one class, but in a much smaller percent of sampieghe other class. Following this
de nition, we propose a general approach based upon association analysis frawork! that allows exhaustive? yet
e cient discovery of subspace di erential coexpression patterns. This approach can beused to adapt a family of
biclustering algorithms that have antimonotonicity 2428434951 tg obtain their corresponding di erential versions
that can directly discover di erential coexpression patterns. Speci cally, we illustrate the features of our approach
by extending a recently developed biclustering algorithm?® Experiments using this approach on lung cancer
datasets demonstrate the existence of subspace di erential coexpression patterns iral-life data. Permutation
tests demonstrate the statistical signi cance for a large number of discoveregubspace patterns, many of which
can not be discovered if they are measured over all the samples in each of the classkgerestingly, some
discovered patterns also have a signi cant overlap with known cancer pathways, ad some are enriched with the
target gene sets of a cancer-related microRNA and a cancer-related transcription facto These results suggest
that subspace DC patterns may aid in developing new understanding about the mechanisms underlyy cancer
and other diseases.

2. Proposed Approach

In this section, we rst extend di erential coexpression analysis to subspace pattens, then we will describe a
general approach for the discovery of subspace di erential coexpression patterns.

2.1. Subspace Di erential Coexpression Analysis

A subspace di erential coexpression pattern is a set of genes that are highly coexpresséu a relatively large

percent (not necessarily all) of samples in one class, but in a much smaller percetf samples in the other
class. We formulate the problem of subspace di erential coexpression pattern diseery as follows. Let D be

a gene expression dataset with a set op genes,G = fgi;0;:::;gp0, and two classes of samplesA and B,

which can be considered as cases and controls of sike, and Ng, respectively, i.e., A = fas;ap;::;;an, g and

B = fby;bp; by, 0. Let be a coexpression measure for a set of genes ( G). To illustrate, this measure

could be a test as to whether the minimum of the pairwise correlation of the expressn pro les of the genes in

is above a particular threshold. We useA ( ) (B ( )) to denote the subset of samples iPA (B) on which is

coexpressed,i.eA () AandB () B.The two ratios, jAjA(j J and ijB(j U are respectively the percentage
of samples inA and B on which is coexpressed. They are denoted aR, ( ) and Ry ( ), respectively. The

absolute di erence of these two ratios can be used to measure the subspace di erentiabexpression of :

De nition 2.1.  Subspace Di erential Coexpression §DC)
SDC ()= ]jRa( ) Rg()j 1)

Given a threshold d, a set of genes ( G) is called d dierentially coexpressed if SDC () d.
Then, the problem of subspace di erential coexpression pattern discovery with reference ta threshold d can be
formulated as discovering all thed di erentially coexpressed patterns.

We will explain our approach for addressing this problem using Figure 2, which shes a number of types
of subspace and full-space, di erentiating and non-di erentiating, coexpression patterns Figure 2(a) shows a
conceptual example of a dierential full-space pattern, while Figure 2(b) shows a conceptuaexample of a
di erential subspace pattern. Figures 2(c) and 2(d) are examples of non-di erential patterns. Although Figure
2(e) is a di erential full-space pattern, it contains a redundant gene, i.e., the dashed cure.

aGiven a threshold, an exhaustive search guarantees to disco ver all the patterns w.r.t. that threshold. Di erent from br ute-force
search, exhaustive search may avoid exploring the whole sea rch space by pruning a large number of patterns that are guara nteed to
disqualify the threshold.
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Fig. 2. Dierent types of full-space and subspace, dierential and non-di erential coexpression patterns. Each curve
denotes the expression values of a gene on all the samples. The horizontaline separates all the samples into class A and
B. Five patterns are illustrated, with a brown line indicating th e samples on which the set of genes are coexpressed.

Given De nition 2.1, an e ective mining algorithm is expected to discover patterns like (a), (b) and (e) in
Figure 2, but not the patterns that are equally coexpressed in the two classes (as stvm in Figure 2(c) and (d)).
However, if we take a further look at pattern (e), we can observe that, althoudn the four genes together have
di erential coexpression, two genes are coexpressed in both of the two classes (theo red curves). Only one of
the two coexpressed genes is enough to form a di erential coexpression pattern withhe other two genes (the
two blue curves). Indeed, including both genes would lead to redundancy that is conceptually unappealingnd
increases the number of patterns, without improving the SDC measure given in De niti:m 2.1. We considered
the patterns like (e) as redundant ones that can be represented by their subsets. Thereforeprf the control of
redundant genes as well as for e cient pattern discovery, patterns like (e) will alsobe pruned together with the
non-di erential ones like (c) and (d) in the pattern mining process.

A common property of the ve patterns in Figure 2 is that, they are all coexpressedin a large percent of
samples in classA. In the meanwhile, the common property of the three patterns that are expected to beyruned,
namely (c),(d) and (e), is that they all have at least one pair of genes that are coexpmssed in a large percent of
samples in clas$B . Motivated by these two observations, we re ne the target of subspace di erentid coexpression
pattern mining as those sets of genes that are coexpressed in a relatively largeent of samples in one class,
while all of the pairs of genes in the set are coexpressed in a much smaller percerfitsamples in the other class.
Mathematically, we de ne a measure for this re ned criteria as follows:

De nition 2.2. Re ned De nition of Subspace Di erential Coexpression (:tDC) (AssumeR,A( ) Rg()
$DC ()= Ra( ) maxz (Re(fisj ) 2)

$DC is computed as the di erence between the percent of samples in clags on which is coexpressed and
the maximal percent of samples in clas® on which a size-2 subset of is coexpressed. A large value fo6DC
indicates that a set of genes, is coexpressed on a much larger percent of samples in claAscompared to the
coexpression of any size-2 subset of in classB. Therefore, given a proper threshold,d, $DC can di erentiate
interesting subspace di erential coexpression patterns like patterns (a) and (b) fom uninteresting patterns like
patterns (c) (e).

Mathematically, for some coexpression measure§DC has another property called antimonotonicity, which
basically means that $DC( ) is guaranteed to be no less than the$DC of any superset of . For $DC( )
to have the antimonotonicity property, it is su cient that the coexpression mea sure used to de ne S’BDC( )
is antimonotonic (A formal proof is given in Fang et al.®). Indeed, the coexpression measures used in several
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existing association-based and subspace clustering based biclustering algorithms leathis property.242843:49,51
This antimonotonicity property guarantees that, given a threshold, d, $DC can be used in a systematic yet
e cient pattern mining framework, namely Apriori, ! to discover all and only the patterns with $DC  d. We
brie y describe the computational algorithm for this approach in Section 2.2.

2.2. Computation Algorithm

The Apriori framework is essentially a bottom-up exhaustive combinatorial search framework initially designed
for association analysis on binary data. Di erent from brute-force search,given an antimonotonic measureM
and a threshold m, the Apriori search algorithm can avoid exploring the whole search space dll sets of items
(genes in our case) by pruning a large number of candidates that are guaranteed to disqlify the threshold based
on the antimonotonicity of M.

The process of searching patterns witldDC  d in the Apriori framework can be viewed as the generation
of a level-wise pattern tree. Every level of the tree contains patterns with the sene number of genes. If the level
is increased by one, the pattern size (number of genes in each pattern) is also increadgdone. Every pattern has
a branch (sub-tree) which contains all the supersets of this pattern. The search is lgadth- rst. We rst check all
the patterns at the second level, since the elemental component of di erential coexpresmn analysis is a pair of
genes. If a pattern does not satisfy the user-speci edDC threshold d, the whole branch corresponding to this
pattern can be pruned without the need of further checking. This is guaranteed by the antmonotone property
of $DC measures® Following this approach, the pattern tree grows level-by-level until all the quali ed patterns
have been discovered. This algorithm is systematic yet e cient for handling large-gale datasets. Note that, in
De nition 2.2, it is assumed that R,( ) Rg( ). In practice, the algorithm will be run twice, one time to nd
patterns for which R, ( ) Rg( ), and the other to nd patterns for which Rg( ) R, ( ). Use of the general
measure$DC in the Apriori framework allows the e ective pruning of non-di erential coexpressi on patterns like
(c) and (d), and also controls gene redundancy in patterns like (€)$DC also provides the antimonotonicity that
allows exhaustive yet e cient discovery of di erential coexpression patterns like (a) and (b) (Figure 2) in the
Apriori framework. We will use $DC-Apriori to denote the the approach of using the general measur$DC in
the Apriori algorithm.

The coexpression measures used in several existing association-analysis-based sufaspace-clustering-based
biclustering studies have the antimonotonicity property?428434951 and can be adapted to yield their correspond-
ing di erential versions that can directly discover di erential coexpression patter ns. Because of the complemen-
tarity of biclustering algorithms (i.e. they may discover patterns in common with each other, as well as some
unique to their formulation), their corresponding di erential versions are also complementary to each other.

2.3. DiRange: an illustration of SDC

In this paper, we shall use a specic instance of this approach based on a recently prosed antimonotonic
coexpression measure, namely range-suppoff. This measure is intended for the discovery of constant-row bi-
clusters”?® in the Apriori framework. Conceptually, a range-support pattern is a set of genes hat are coexpressed
(the expression value of the set of genes fall within a close range) over a set ofnelitions in a gene expression
data matrix. Let RangeSug, ( ) denote the range-support of in classA (an instantiation of R, ( )), i.e. the
percentage of samples in clasé that fall within the prede ned range threshold r. From De nition 2.2( $DC),
the corresponding di erential range-support measureDi Range (Di erential Range-support) can be adapted:

De nition 2.3.  Given a range thresholdr, the Di Range of a subset of genes ( G) on classA and B

DiffRange ( )= RangeSug,( ) max;j2 (RangeSug; (fi;j g)) 3)

3. Experimental Results

In this section, we describe the experimental design for the analysis of the subspa di erential coexpression
patterns discovered by Di Range . The, we present experimental results which demonstrate that the proposed

bIn a constant-row bicluster, the set of genes have similar ex pression values on each condition/sample.
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general approach discovers statistically signi cant and biologically relevait subspace di erential coexpression
patterns in real-life data. .

3.1. Datasets and Preprocessing

In the experiments, three lung cancer dataset$®>3¢ are used, which are all generated with A ymetrix microar-
rays.® To have a larger sample size for better illustration of the existence of subsm® patterns and of their
statistical signi cance, we combined the three datasets resulting in 102 samples with lung cancer and 67 nor-
mal samples (total 169 samples). Across the three datasets, 8787 genes arencaon. We preprocessed the three
datasets with RMA-normalization. 18 Additional cross-platform normalization algorithms 232 were also tested
and gave similar results, so only RMA normalized results are included here. The e ecof di erent normalization
methods on di erential coexpression pattern mining will be studied in future work.

Instead of normalized gene expression data, we used rank-converted values, i.e., thgpression values are
converted to expression ranks ranging from 1 to 169 (number of samples) sepaedy for each gene (similar
as used inSpearman's rank correlation). Our analysis shows that rank-conversion can allow the discovery of
patterns containing genes with di erent ranges of expression values but still showingdi erential coexpression.
Thus, we focus on the analysis of the patterns discovered on rank-converted datanowhich more patterns are
discovered. The patterns discovered on the data with expression value are presented onr website. Note that,
rank-transformation is especially useful forDi Range , since it is based on the biclustering algorithn?® designed
to nd constant-row patterns. 2> Such rank-transformation may not be required in the SkDC—Apriori framework
for other biclustering algorithms that are able to nd coherent additive, coherent mult iplicative or coherent
evolution biclusters.?®

Higgins et al.l¢ collected a list of genes that are shown to be related to cancer. Out of the 8787 genes in
the dataset, 1975 are on the cancer gene list. In the following experiments, wanalyze the subspace patterns
discovered on these 1975 genes (rank-converted data, and denoted as dataBé), because cancer genes are more
likely to have disregulated patterns and based on the existing knowledge of these cancgenes, the evaluation
on the patterns discovered from these genes can better illustrate the biological reVance of subspace di erential
coexpression patterns. Note that although these 1975 genes are known to be retat to cancer, the subspace
di erential coexpression patterns discovered on them can provide new insights aboutheir relationship with
cancer, e.g., by identifying the interactions among individual cancer genes.

3.2. Pattern Discovery

With parameters r = 0:27, and d = 0:2, Di Range is used in the Apriori framework to discover subspace DC
patterns on D% Most patterns are of size-2 (gene-pairs), but there are also size-3 and size-4 patternso(larger
size patterns are discovered for the selected parameters). To control the redundancy oéges among size-3 and
size-4 patterns? we order them by decreasingSDC value and sequentially select a subset of the patterns in
which none of the pairs of patterns have greater than 25% overlap of genes. This cqract set has 95 patterns (88
size-3 patterns and 7 size-4 patterns). Figure 3(a) shows the size and SDC value forakadiscovered DC pattern.

3.3. Are the discovered subspace di erential coexpression patterns st atistically signi cant?

Due to the issues of low sample size and high-dimensionality for data sets used fproblems such as biomarker
discovery, many patterns may be falsely associated with the class label byandom chance, especially when a
large number of combinations of genes are searched. This raises the multiple-hygwsis testing problem32 In this
paper, a permutation test is used to evaluate the statistical signi cance of thediscovered subspace DC patterns.
Speci cally, the original class labels are randomly shu ed 1000 times. For e&h random labeling, the same

CThe rst two use platform HG-U95A, while the other uses platf ~ orm HG-U133A

dThe patterns discovered from the three datasets separately are not statistically signi cant in the permutation test (r efer to Section
3.3 for details), due to the low sample size of each individua | datasets.

€In this paper, we union the two lists respectively downloade d in October 2008 and June 2009, with a total of 2622 genes

fIn the rank-converted data, this means k genes have coherent expression if the rank di erence of thei r expression is less than 20%
of the 169 samples, i.e. 33.

9Note that in the discussion of pattern (e) in Fig. 2, the redun  dancy is within a pattern rather than among the patterns like here.
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Fig. 3. Patterns discovered with the original class labels (a) and indication of the statistically signi cant ones (b).

Di Range parameters = 0:2 and d = 0:2) are used to discover a set of patterns. With the 1000 randomized
labels, only size-2 patterns are discovered, with SDC values in the range of;[@4620]. Figure 3(b) indicates this
range by overlaying a double-arrow on top of the patterns discovered with the oginal class labels (as shown
in Figure 3(a)). Considering 0:4620 as a statistical signi cance cuto, Ellipse A indicates the 560 statistically
signi cant gene-pairs whose SDC value was never exceeded by any random pattern. In additiosjnce there are
no size-3 and size-4 patterns discovered with randomized labels in the permutation testhe 88 size-3 patterns
(Ellipse B) and 7 size-4 pattern (Ellipse C) are also considered statisticdy signi cant. Note that, although a

di erential coexpression pattern can be highly coexpressed in either the cancer class ohé normal class?!??
all the statistically signi cant patterns in the three ellipses are highly coexpressed in the normal class while less
coexpressed in the cancer class.

3.4. How di erentially coexpressed are the discovered subspace patter ns when measured

over full-space?
In this experiment, we measure the full-space di erential coexpression for the sttistically signi cant subspace
patterns selected based on the above permutation test, i.e., the 560 gene-pair pattes and the 88 size-3 patterns
and the 7 size-4 patterns. We will show that there are subspace patterns that have closetrandom di erential
coexpression when considered as full-space patterns. A variety of full-space di erenfi@oexpression measures are
proposed in existing work as discussed in section 1. As used in several studi@$*44 we will use the correlation
di erence of a pattern between the two classes for illustration purpose. For a gene-pe pattern, correlation
di erence is just the di erence of the two correlations respectively in the two classesFor a pattern of size greater
than 2, we compute the di erence between the average pair-wise correlation in the nonal and cancer class to
measure the correlation di erence.

The three sub gures in Figure 4 plot the correlation di erence and SDC for the statistically signi cant
size-2, size-3, and size-4 patterns, respectively. The three dashed lines indicate the sitital signi cance cuto
of correlation di erence for size-2, size-3 and size-4 patterns (0361, 05176 and 04953), respectively, which is
also decided via permutation test. For the gene-pair patterns (Figure 4(a)), sevel observations can be made:
(i) some patterns are considered statistically signi cant by both correlation di erence and SDC (region A); (ii)
some gene-pairs are considered signi cant only by SDC but not by correlation di erence (egion B). Among these
patterns, several pairs have close-to-zero correlation di erence(within the circle), imich means they show very
little di erential coexpression when considered as full-space patterns; and (iii) here are also 801 gene-pairs that
are only considered signi cant in terms of correlation di erence but not by SDC (region C). This is as expected
since many factors can a ect the discovery of DC patterns, e.g. di erent coexpressio measures, di erent mining
algorithms, and the parameters used in the algorithms. Our highlight is the exstence of subspace di erential
coexpression patterns that show close-to-random di erential coexpression when considered full-space patterns.
Similar observation can also be made in Figures 4(b) and 4(c) which respectaly plot the correlation di erence
for the size-3 and size-4 patterns.
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Fig. 4. lllustration of the full-space di erential coexpression (correlat ion di erence) for the discovered statistically signif-
icant subspace di erential coexpression patterns. The dashed lines in (a) (c) indicate the statistical signi cance cuto s
for correlation di erence for size-2, size-3 and size-4 patterns regectively. The solid line in (a) is the statistical signi -
cance cuto for SDC (0 :4620). There are no corresponding lines in (b) and (c) because all the patterns of size 3 and 4
are statistically signi cant in terms of SDC as discussed in section 3. 3. Region A contains patterns that are considered
signi cant by both correlation di erence and SDC; Region B has patterns t hat are not signi cant as full-space patterns,
several of which have close-to-zero correlation di erence (within the circle); and Region C shows the signi cant full-space
patterns that are not discovered by SDC.

Fig. 5. A statistically signi cant subspace di erential coexpression patt ern, for which the minimal pairwise correlation
in the normal class is only 0:28. For better visualization, samples are sorted by increasing range of expression ranks
separately in the two classes (similar for Figures 6(a), 6(b) and 7(a)).

In Figure 5, we illustrate a subspace DC pattern with very small correlation di erence (0.19). This pattern
is coexpressed in only 58% of the normal samplel and the minimal pairwise correlation of the genes in this
pattern over all the normal samples is only 028. For this pattern, it is not reasonable to assume that the genes
are coexpressed on all the normal samples. Furthermore, discovering the pattern assubspace DC pattern can
explicitly show the subgroup of samples on which the three gene show coexpression, j.the 39 normal samples
and the 3 cancer samples in the cancer class. This allows further analysis of the di erendeetween the 39 normal
samples with the pattern and the 28 without it (e.g., di erent demographic characteristics), which may help
personalized diagnosis and treatment.

The existence of subspace patterns that show small and insigni cant di erential coexpresion when considered
as full-space patterns demonstrates the potential usefulness of subspace di erential erpression analysis. Next,
we will evaluate the biological relevance of the discovered subspace patterns.

3.5. Are the discovered subspace di erential coexpression patterns b iologically relevant?

Quantitatively, two enrichment experiments are used to evaluate the biologicé relevance of the discovered sub-
space di erential coexpression patterns: (i) enrichment with ten known cancer-relatedsignaling pathways', > (ii)
enrichment with the 5452 gene sets in the Molecular Signature database (MSigDBY’ Since patterns of size-2

hThis is with respect to the DiRange parameters used to discover the patterns, r = 0:2. Similar for Figures 6(a) and 6(b)
Ihttp://cbio.mskcc.org/CancerGenes/Select.action

I Speci cally, MSigDB contains 386 positional gene sets, 189 2 curated gene sets, 837 motif gene sets, 883 computational gene sets,
and 1454 GO gene sets. http://www.broadinstitute.org/gse  a/msigdb/
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(@) The pattern that is enriched with the TNF =NF B  signaling pathway
(enrichment p-value 0:0011).

(b) The pattern that is enriched with the  WNT signaling pathway (enrichment
p-value 0:0042).

Fig. 6. Two patterns that are respectively enriched with the  TNF =NF B and the WNT signaling pathway.

are di cult to assess in terms of enrichment, we perform the two biological ewaluations only for the 95 patterns
of size 3 or 4. Brie y, (i) six patterns have an overlap of 2 or more genes wh one of the ten known cancer-related
pathways, (ii) in the MSigDB enrichment, 40 patterns have enrichment p-value lessthan 0.001, among which
ve have p-value less than 0.0001. Detailed enrichment results can be found on the par website.

Note that, due to the limited knowledge about dierentially coexpressed patterns, the current stage of
di erential coexpression pattern mining is still hypothesis generation rather than hypothesis veri cation, as
discussed in Kostka and Spang® Indeed, since all the 95 patterns are statistically signi cant in the permutation
test, and all the genes contained in the 95 patterns are known cancer-related gerés(as described in section
3.1), they can be considered as hypotheses that may lead to new understanding of the intmtions among them,
and of the relationship between di erential coexpression and cancer mechanism. Therefey in addition to the
above standard enrichment analyses, we will illustrate and discuss severatteresting patterns that are enriched
with known cancer pathways, or target sets of cancer-related microRNAs and transription factors.

Figure 6 displays two patterns that are enriched with the TNF =NF B  signaling pathway and the WNT
signaling pathway respectively. Several observations can be made from these dwgures. Firstly, they both
show strong di erential coexpression, i.e. they are both highly coexpressed in the mmal class, and much less
coexpressed in the cancer class. Secondly, both patterns are subspace di erential coexpresspatterns, i.e., they
show coexpression in only 67% and 64% of the normal samples respectively. Sianilto the pattern shown in
Figure 5, these two patterns are coexpressed in only about two-third of the normbsamples. Discovering them
as subspace patterns also points out the subgroup of samples covered by them. Thidoals further study of
the di erent causes of diseases and the di erent demographics among subgroups of samplesnélly, both the
TNF =NF B and WNT signaling pathways have been shown to be related to lung cancéf:*® Discovering
the di erential coexpression patterns enriched with these pathways may shed new lighon the understanding of
the two pathways and their relationships to cancer mechanism.

Among the six patterns that are enriched with at least one cancer pathway, three areenriched with the
TNF =NF B pathway. In Figure 7(a), the union of the three patterns, containing ten genes, ae plotted.
All the ten genes are known cancer-related gené$. Out of the ten genes, six overlap with the TNF =NF B
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(a) Visualization of the pattern. (o) Enriched IPA subnetwork.

Fig. 7. The union of the three patterns that are all enriched with the TNF =NF B  signaling pathway. There are ten
genes in this combined pattern (all are known cancer related genes), ou of which six are included in the TNF =NF B
signaling pathway (enrichment p-value 1:4024 10 5).

pathway (enrichment p-value 1:4024 10 °). This may suggest that the other four genes may also participate in
or interact with this cancer pathway. 3! Figure 7(b) shows the enriched IPA¢ subnetwork, containing 8 of the ten
genes (the 8 genes are shaded). Interestingly, IPA also shows that the connecting compoteiiNF B complex,
ERK, Mapk and Cyclin E) are also known to be related to cancer.

Speci cally among those patterns that are not considered signi cant by correlation dierence (Region Bs in
Figure 4), some are enriched with the target gene sets of cancer-related microRNAand transcription factors.
For example, the rst two genes in the pattern (PIK3C2B,TSC22D1,AKAP12 ) are among the set of target genes
of miR-101 (p-value 0.001), a small non-coding RNA that regulates gene expressiomiR-101 was shown to be
down-regulated in cancer!® This agrees with the loss of coexpression of its target gene®I(K3C2B,TSC22D1)
in the cancer class. Furthermore, the miR-101 targets are enriched for several sigling pathways, and the third
geneAKAP12 is a known regular of protein kinase A (PKA), a central signaling pathway involved in cell growth
and proliferation. This may lead to the di erential coexpression of (PIK3C2B,TSC22D1 ) and AKAP12 together
as a DC pattern. In another example, the rst two genes in the pattern (ETV4,PTHLH,CBX5 ) are among the set
of genes with promoter regions [ 2kb;2kb] around the transcription start site containing the motif TTACGTAA
which matches the binding site for the transcription factor ATF2 (p-value 2:5119 10 ). Mutations of ATF2 was
shown to be related to cancer!®> which agrees with the loss of coexpression of its target geneETV4,PTHLH )
in the cancer class. In addition, the ATF2 targets show enrichment for transcription regulation (repression), and
CBX5 is component of heterochromatin, an epigenetic factor in the regulation of gene expssion. This may lead
to the di erential coexpression of (ETV4,PTHLH ) and CBX5 together as a DC pattern.

4. Conclusions

In this paper, we studied methods to identify disease-related change of coexpressiontmetworks, i.e. di eren-
tial coexpression analysis. Speci cally, we extended di erential coexpression angsis to subspace patterns and
proposed an approach based upon association analysis framewérthat allows exhaustive yet e cient discovery
of subspace di erential coexpression patterns. This approach can be used to adapt arfaly of biclustering al-
gorithms to obtain their corresponding di erential versions that can directly dis cover di erential coexpression
patterns. We illustrated the general approach on a recently-developed biclustering glorithm, and presented the
results of experiments on lung cancer datasets using this algorithm. The results shed the existence of mean-
ingful subspace di erential coexpression patterns in real-life data. Permutationtests demonstrated the statistical
signi cance for a large number of discovered patterns, many of which can not be deovered if they are measured
over all the samples in each of the classes. Interestingly, some discovered fmanhs also have a signi cant overlap
with known cancer pathways, and some are enriched with the target gene sets of ameer-related microRNA and

kKingenuity Pathway Analysis: http://www.ingenuity.com/
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a cancer-related transcription factor. These results suggest that subspace DC patternsiay aid in developing
new understanding about the mechanisms underlying cancer and other diseases.

5. Limitations and Future Work

In this section, we discuss several limitations of the proposed approach, pdbte solutions and future work.

(1) Size of patterns : Due to the xed thresholds imposed on$DC in the Apriori framework, there may be
some larger patterns that do not satisfy the thresholds and are split into sméder ones. This limitation of
association analysis is usually addressed by pattern summarizatiot® in which smaller size patterns are
merged into larger ones under some criteria. For example, the size-10 pattern in Rige 7 is obtained by
merging three smaller patterns as described in Section 3.5. More sophisticated sumarization approaches?
can be exploited in future work.

(2) Enhancing scalability : The scalability of the approach depends on the mining algorithm, as well as the
permutation test. Generally, the algorithm itself takes about ten minutes for 2000 genes, several hours for
4000 genes and more than a day for all the 8787 gerdesvhich is acceptable. However, the real challenge
comes from the permutation test in which the mining algorithm is called 1000times, the total time of which is
unacceptable on all the 8787 genes. Thus, to have a comprehensive evaluation of the digex®d patterns, we
limited the pattern discovery and the follow-up statistical and biological analysis to the subset of genes that
are known to be related to cancer. In future work, for the e ciency of the mining alg orithm, more e ective
pruning schemes should be studied together with preprocessing procedures such as standard déeiabased
gene ltering™. For the scalability in the context of permutation test, e ciency could possibl y be improved
by reusing the calculation over the large number of permutations as studied by Zhag et al.>°

(3) Modifying other biclustering algorithms . In this paper, Di Range is presented as an illustration of
the general approach,$DC-Apriori , for modifying a biclusteirng algorithm to its di erential version. As
discussed in Section 2.1$DC-Apriori can also be applied to modify other biclustering algorithmg44349.51
with the antimonotonicity property, and their corresponding di erential versi ons are expected to complement
Di Range for discovering di erential coexpression patterns.

(4) Di erential biclustering : Di erential coexpression patterns can essentially be considered as biclusters tha
exist mostly in one class but not in the other. Indeed, such type of biclusters have atady been observed
in several studies?%3851 where a set of biclusters are discovered in the rst step and then the ones that
are unique to a single class are selected in the second step. Such a two-step approach ekso be used to
discover di erential coexpression patterns. However, the general approach proposei this paper, $DC-
Apriori , can be considered as an initial e ort towards a more generaldi erential biclustering problem,
where more e cient discovery of di erential biclusters are possible by making use of class labels within the
biclustering process. Similar problems can also be formulated as di erential/dscriminative co-clustering and
di erential/discriminative subspace clustering in the data mining community.

(5) Pattern-based classication : Since a subspace di erential coexpression pattern explicitly captures the
subgroups of samples it covers, it will also be interesting to investigatehe predictive power of subspace
di erential coexpression patterns in a pattern-based classi cation framework?4? where the combination of
traditional di erentially expressed genes and subspace di erential coexpression pattrns may provide more
accurate disease diagnosis.
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