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Summary

We developed an integrative approach for discovering genduias, i.e. genes that
are tightly correlated under several experimental comattiand applied it to a three-
dimensionalArabidopsis thaliana microarray dataset. The dataset consists of approxi-
mately 23000 genes responding to 9 abiotic stress conditre-9 different points in
time. Our approach aims at finding relatively small and densdules lending themselves
to a specific biological interpretation. In order to deteehg modules within this dataset,
we employ a two-step clustering process. In the first stepreeans clustering on one
condition is performed, which is subsequently used in theosg step as a seed for
the clustering of the remaining conditions. To validate $igmificance of the obtained
modules, we performed a permutation analysis and detedréneull hypothesis to
compare the module scores against, providing a p-value &h enodule. Significant
modules were mapped to the Gene Ontology (GO) in order tordate the participating
biological processes.

As a result, we isolated modules showing high significandi wéspect to the p-values
obtained by permutation analysis and GO mapping. In thesgulas we identified a
number of genes that are either part of a general stressraspoth similar characteristics
under different conditionscbherent modules), or part of a more specific stress response to
a single stress conditiomi(igle response modules). We also found genes clustering within
several conditions, which are, however, not part of a catieredule. These genes have a
distinct temporal response under each condition. We calhtbdules they are contained
in individual response modules (IR).

1 Introduction

Integrative analysis of coexpression across differentoaicay experiments allows for identi-
fying functional relationships between genes. While pyasiwork, e.g. by Leet al. [7] and
Elo et al. [3], has focussed on affirming the coexpression of genesterdgeneous datasets,
we extend this approach by systematically searching foegeantained in regulatory modules,
which either show a common response in several experimeptddbit a response specific for
a certain experiment.

" correspondence should be sent to strauch@informatikuetingen.de
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The AtGenExpress project has provided a three-dimensigeré-sample-timérabidopsis
thalianagene expression dataset, which is available at the TAIFbdatww.arabidopsis.org).
The dataset monitors the response to different abiotissitenditions in the shoot and root
tissues. All experiments were conducted in the same latagyrand were subject to the same
normalisation protocol. Differences in gene expressiamwbeen the experiments can thus be
correlated to the stress conditions rather than the expatahsetup. By applying our method
to this homogeneous dataset we are able to distinguish @eesponses from those specific
to a certain stress and, subsequently, to identify the nestufes of theéArabidopsis stress
response.

The method we propose is a novel clustering approach foettlirmensional expression
data. The majority of microarray experiments monitor thpression of genes over several
time-points or conditions, providing a two-dimensionatad®t. Such datasets can either be
processed by full-space clustering or biclustering apgitea. Datasets which, additionally,
comprise a time dimension, are motivation for the develapnod clustering algorithms
working on three-dimensional data.

Several clustering methods, such as k-means [14], havedm®ied to two-dimensional gene
expression datasets. They are categorised as unsupdiwpethesis-free) approaches and can
thus be employed to reveal novel gene regulatory relatigrebecting co-expression. Usually,
either the gene or condition dimension is clustered.

Recently, several biclustering methods were proposedzhwpartition the condition as well
as the gene dimension. Cheng and Church [2] introduced thasbering approach in 2000,
followed by further publications of Inmekt al. [4], Tanayet al. [13] and Muraliet al. [9]. A
comparative study on biclustering algorithms has beeropaedd by Préliet al. [11]. These
biclustering methods are all based on greedy search gwatagd aim at finding correlating
subsets of genes and conditions by clustering them simaedtzsiy.

Working on three-dimensional data, Zheial. [16] recently developed the TRICLUSTER
algorithm, which is an extension of the biclustering apploand Zhangt al. [5] introduced
an extension of a full-space clustering approach. Theskgatibns are essentially the first to
handle three-dimensional datasets. In this work we presdifterent extension of a full-space
clustering approach.

Zhaoet al. [16] applied their TRICLUSTER algorithm to an elutriatiomperiment from
the Spellmanet al. [12] cell cycle dataset. To obtain multiple entries in theample-
dimension, they interpreted several attributes of the rava és different samples. Zhang
et al. [5] introduced another algorithm to find clusters from npl#isclerosis (MS) microarray
measurements. Thesample dimension consists of 13 MS patients, monitored over 7 time-
points. The methods of Zha al. and Zhanget al. search for gene groups that have coherent
patterns across both the samples and time-series.

Here, we relax this constraint such that the genes are onlyired to cluster within each
condition. The biological observation behind this applo&that certain gene groups are
expressed in response to various stress conditions, howeyéemporal control may differ
among the conditions. Such a behaviour is particularlyablet for the investigation of co-
regulation and can not be detected by the previously puddisipproaches. In order to avoid
confusion of terms, we will refer to our findings as moduleg aat as (bi/tri)clusters. Modules
can be coherent, such as the clusters found e.g. by the TRBCER algorithm. Moreover, we
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detect genes which cluster under several conditions but shdifferent time trajectory under
each condition (Fig. 3). We refer to the respective modujethb term "individual response”
(IR) modules.

We employ an efficient two-step clustering utilising thepdies of the dataset at hand. The
first property follows from the assumption that genes whaimf modules under various stress
conditions should also cluster within a single stress doordi To find these modules, we apply
a standard clustering techniguerfieans) to an initial single stress condition and use thétses
as seeds. The second property concerns the time-dimemgiah can not be partitioned like
the other dimensions, thus reducing the search space. #arthe run time improvement, the
two-step approach enables us to control and analyse eachmdteidually, making the overall
module formation more intuitive.

To interpret the reliability and biological meaning of thbtaned modules, an assessment
of statistical significance is necessary. Ketrral. [6] proposed bootstrapping to assess the
stability of clusters, and Xiet al. [15] proposed a permutation based significance test to
generate a null hypothesis. In this work, we conduct a petimut analysis and fit a null
hypothesis distribution to the obtained scores. Finatl\ggsociate the resulting modules with
their respective function, a mapping to the Gene Ontolod){a] is performed.

Due to the nature of the approach outlined above, which dogsartition the time dimension,
we do not consider it to be a triclustering method. For thdyesmaof stress responses, however,
regarding gene-time-trajectories under different sts®litions appears to be a promising
concept. Our method encompasses a broader definition aedusvhich we refer to as
modules, and, moreover, we show it to be more robust in the éhaoisy signals than the
TRICLUSTER algorithm.

2 Materials and Methods

2.1 The Clustering Approach
2.1.1 Notation

The gene-condition-time expression matrix is a matix= G x C' x T of real numbers,
whereG = {g1,02,...,94y } IS @ set of genes]’ = {t1,t,...,1;, } is a set of time-points
andC = {c, ¢, ..., ccy } @ set of experimental conditions, respectively. Each entryof £
specifies the expression level of gep@inder conditiorr; at time-pointt;,.

Our aim in introducing this method is to find clusters withimeoconditionc;,,;;.; € C and
to observe how the genes contained therein behave unddreatither conditions. To mine
the complete dataset, for every initial condition each ifigant partitioning is considered as a
seed. As we do not subdivide the time dimension of the thneeisional dataset we operate
on time trajectorieg, = {ge,, - - , gor|} Of fixed length|T’|, whereg,, denotes the expression
value for gengy under conditiort at time-pointt.

Formally, our interest is in mining gene modules, i.e. 2¢8p/ = (G’, C") consisting of a set
of genes?’ C G and a set of condition§” C C. We consider a module M to be significant
if the average Pearson distance of the gepes G’ under the conditions € C’ is below
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the thresholdr. The choice ofr is motivated in section 2.2. The Pearson distance of two
genesy' andg” is calculated by comparing the time trajectorigs= {g.,,, - , g/} and
02 = {92+, 9%} of fixed length|T'.

Let g(cj)”tmd denote the average time trajectory of the gemes G’ under conditior: € C".
Then, for a significant modul@=’, ) the following holds:

1
led

S (g, gigte) (1)

g eq

,uPearson(ch,> <T with ,uPearson(gf/> =

Here,p computes the Pearson distance, 1.e.Pearson coefficient. Using the above definition
of a module we allow three kinds of modules in our results:

1. Single response modules, where|C’| = 1 andupmson(ggﬁ) < 7, i.e. genes that cluster
together under exactly one condition, but not under anyratbiedition.

2. Coherent modules, where|C’ > 1| and fipearson(9%) < 7. Here, the time-trajectories
of all genes follow roughly the same shape (depending ontiresholdr) under all
conditionsc € (.

3. Independent Response (IR) Modules, where|C’ > 1| and ipearson (95 ) < 7 ¥V ¢ € C".
Here, all genes cluster together under each conditioe C’, but with a different
trajectory shape for each condition.

The biological motivation behind each definition is diffieteSingle response modules allow us
to correlate genes to specific conditions, while cohererdutes are similar to biclusters and
may reveal co-regulation under multiple conditions. Thgsees are potentially controlled by
the same transcription factors and display a general sespsnse.

Finally, IR modules capture a more complex type of co-refijutai.e. they hint at the existence
of stress regulation specific to every condition alongsidle common transcriptional control.
Examples of the three module types mentioned are given ingbts section: Fig. 3 (IR
module), Fig. 4 (coherent module) and Fig. 5 (single respomsdule).

2.1.2 Algorithm

For the initial clustering step one stress conditign.;,; has to be selected, which is then
clustered byk-means based on Pearson distances. The gehésG considered in this step
are the genes which meet the fold change criterion underitond;,,;;;,;. In order to obtain
dense clusters, we allow only such genesg-ino be clustered, that have a Pearson distance
below a threshold o6 = 0.05 to at least one other gene. We thus achieve an incomplete
clustering, which does not assign every gene to a clustes. grbvides better gene sets than a
complete clustering which is forced to assign a gene to aerlesen if it does not fit particularly
well into a specific cluster. Lowering or raising the distarthreshold results in tighter or
looser clusters, respectively. To determine the numbelustersk for k-means, an additional
PCA analysis is applied, such thats set to the number of principal components that explain
(1 — a) % of the variation, where a default parametenof 0.05 yields the best results.
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The initial clustering as described above results in annrgete partitioning of the genes
G’ C G under the initial conditiorn;,;;,; into I, clusters of genesL,, ... = {li,ls, ..., 1}
For each of these clusters, the average Pearson distandg {Eqomputed and compared to
the threshold- (Sec. 2.2). Clusters whose average Pearson distance étls this threshold
are regarded as significant and used as seeds.

After the initial clustering step, the significant clustércan be regarded as (preliminary)
modules)M’ = (G', C") with C" = ¢;pii @ndG’ = ;. At this point we know that the genes in
G’ cluster together undef,,;;;.;, i.e. using the trajectory notatiQrp.a,son(9%) < 7. In order

to check whether these genes cluster together only undesitingle condition or if they are
also coexpressed under other conditions, we examine tresgerder all the other conditions
C'\ Cinitiar: We check Whetheppearson(gﬁ') < 7 for one condition” € C'\ ¢ at a time
and append’ to the set of condition§” if the average Pearson distance is below the threshold.
Finally, we have constructed a significant module M = (G’,€9m a significant clustet;,
which has been found under conditiQp;;;;. This process is repeated for all significant clusters
found under all possible start condition}s;;;.;, €.9. salt/shoot, salt/root, cold/shoot, etc. until
the whole dataset is covered.

2.2 Evaluation of Statistical Significance

In order to measure the reliability of cluster findings andetermine a reasonable value for the
thresholdr, we calculatep-values based on null hypotheses. Because the null distibaf
the test statistic is unknown, a permutation analysis wgd@&med to estimate this distribution.
Therefore, 50 000 initial clusterings were performed ordmanly shuffled datasets! For
each cluster size, a probability distribution was fittedhe histogram of the obtained cluster
densities. We considered the normal, log-normal, beta ardnga distributions. This
approximation was then validated by a chi-square te4t (The best distribution, with respect
to the chi-square test, was defined as a null distribution.

In order to determine the threshold value, we chose to s@the cluster density corresponding
to a p-value 0f).05. For big cluster sizes, the 50,000 permutations run did redt ysufficient
data for a smooth histogram. For runtime reasons, we then teethe lowest cluster density
found for a cluster of the respective size in randomly shdiflata. As a consequence, for these
cases binary p-values resyit= 0 for significant ang = 1 for insignificant.

As a post-processing step to evaluate our findings we aldorpera significance analysis
on the modules detected by our algorithm. Gene groups tleasignificantly coexpressed
under several conditions or genes specific for a certaisstendition should be associated
with their respective function. Therefore, using NetAffx[8], we perform a mapping to the
gene ontology (GO) to find the active biological processea@lwithp-values. Note, that the
NetAffx™ p-values refer only to the biological function &trment, whereas the p-values
described above refer to the significance of finding a clustehe given size in randomly
shuffled data.

1Genes, conditions and time-points were permuted, leavithg the expression values intact but no further
information.
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2.3 Arabidopsis Expression Data and Preprocessing

The AtGenExpress project is a multinational effort to urexahe transcriptome d&rabidopsis
thaliana. Within this project, numerous time-series measuremeagsdbon the Affymetrix chip
ATH1-121501 are provided. Among these, we extracted data the abiotic stress treatment
experiments (cold, osmotic, salt, drought, genotoxic, B]Mrvound, heat) for both tissues,
root and shoot, as well as the corresponding control meamants. Each of these time series
contains 6 to 9 measurements after exposure to the stredgiooneach time-point having
two biological replicates. To obtain the fold-change, tHEHA chips were normalised with
GCRMA [10], the biological replicates were averaged andlliinhe log, was taken. After
normalisation, the expression values are in a range betivesad 16. The standard deviation
of the biological replicates is 0.26.

Prior to the clustering, a filter on the fold change was emgdbyin preliminary experiments a
2-fold expression change was found to be significant. Thygjane with a fold change smaller
than 2 in every time-point, with respect to the control measient, is left out. Hence, for each
stress dataset, this filtering results in different geneigso

2.4 Artificial Dataset and Scoring

An artificial dataset was constructed for evaluation puegpsvhich consists of 100 genes
monitored under 30 conditions over 9 different points indimThe three-dimensional data
matrix was filled with random gene-time trajectories dravonf a normal distribution. Then,
10 non-overlapping, perfectly co-regulated coherent nexlwere planted, each comprising
10 genes and covering 3 conditions. The time-dimension wapartitioned. The modules
were constructed using an additive model, which randombpsbs a gene-time trajectory as a
centroid, around which the remaining 9 genes are grouped. dettaset represents noise level
o = 0, as the modules are perfectly co-regulated. Further neisdd are simulated by adding
different random values to each point of the gene-timedtajees. The values are drawn from
normal distributions centered around the mean of the datexraand with different standard
deviationss = (0.1,0.3,0.5,0.7,0.9), resulting in the different noise levels. These noise leves
are a measure comparable to the standard deviation of theglwal replicates (0.26 for the
Arabidopsis dataset). Note, however, that these meastgemtequal.

A score based on the genes which are part of the modules waisaigealuate the results. The
score, as well as the test framework is comparable to theadstimployed in the biclustering
study by Prélicet. al [11]. Two modules); and M, e.g. the planted module and a module
detected by a clustering technigque are compared based aoftesponding sets of genés
and@,. In the case of an ideal recovery, i.e. wheh = M, the score is 1.

|G1 N Gy
_ = el 2
|G1 U G, (2)

Using the above formula, two modules can be compared. Irr dodscore the performance in
recovering all modules, the following formula is employéddere, two sets of result modules

S(Gy, Gs)


http://journal.imbio.de/

Journal of Integrative Bioinformatics 2007 http://journa l.imbio.de/

Ry = (M, ..., Mg,)) and Ry = (M, ..., M|p,)) are compared based on the gexdgsand
conditionsC,, which are part of the respective modules.

Z(Gl,Cl)ERl MAax(Gy,C2)ER: S(GhGQ)
| Ry

S*(Ry, Rg) = €))

2.5 Complexity

Given a condition-specific subset of geri¢'sc G with size|G’| and the number of conditions
|C'|. The overall complexity of the two-step clustering algomitis as follows:

O((GF+IGT+ICl-IG)-1Cl) (4)

First, we need a Pearson correlation table containing jpraorrelations of the genes @,
which takesO(|G’|?) to compute. Then, a linear time k-means clustering is agpbeG’,
which addsO(G’) to the overall complexity. Following the resulting initiellsters through the
other conditions takeg”| - |G’|, as we compute densities and look up p-values for all clsister
(each of them containg:’| genes) under all conditiorts. The above procedure is repeated for
each of théC| conditions.

As for typical microarray datasetS < G, usually no runtime problems arise through
multiplication with the factorfC|. Furthermore, the condition-specific gene subggtsesult
from a fold-change filtering, which on the Arabidopsis thak dataset leaves subsétof no
more than 500-600 genes. This is much smaller than the siteeafataset, which comprises
ca. 23000 genes.

Computing time was below 2 minutes on a desktop machine (AMilolh XP ™, 1150 Mhz)
for each of the datasets.

3 Results

3.1 Artificial Data

Both, the two-step clustering and the TRICLUSTER algoritiu@are run on the artificial
datasets described in 2.4. For the two-step clusteringuitgbarameters were employed. To
ensure comparability, no fold-change filtering was apppeidr to executing the algorithm.
TRICLUSTER was run with minimum cluster size constraintg(G] = [2,3,10], as the
clusters expected to be found comprise 10 genes, which aregatated under 3 conditions.
The range window size was set to values between 0.01 anddefBnding on the noise level
of the current dataset. For details on the TRICLUSTER alfjorisee Zhaet. al [16].

A summary of the runs on artificial data is given in Figure 1.pApently, the TRICLUSTER
algorithm performs well at noise level = 0 and is even slightly better than the two-step
clustering. However, with increasing noise level, the gyalf the TRICLUSTER results
clearly falls below the score attained by the two-step eliisg. Naturally, it is hard to compare
parameter-intensive clustering methods. We have confitmea@bility of the TRICLUSTER
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two-step clustering

score

TriCluster

] 0.1 0.3 08 0.7 0.9
noise level

Figure 1: Results from the evaluation on artificial data. Theplot shows the scores obtained at
different noise levels ranging fromo = 0 (clear signal) toc = 0.9 (distorted signal). In case all 10
modules are found without additional or missing genes, thetimal score of S=10 can be obtained.

algorithm to detect clusters in three-dimensional datawéler, runs on biological data show
its weakness in the face of noisy signals (see Section 3@)reake the two-step clustering
appear to be the method of choice for our purpose.

Surprisingly, the two-step clustering attains its bestiltest noise leveb = 0.1. The slightly
weaker result under = 0, i.e. with no noise added to distort the signal, is alwaystdusme
modules being found in two parts. Thus, the optimal scora fmodule with no genes missing
can not be obtained, even though all target genes have beswtified.

A possible explanation for this behaviour might be the faeit tunder noise levet = 0 the
condition-specific pre-filtering already separates theeexély homogeneous signal from the
background even before the k-means clustering is appliét;hathen attempts to find more
subpartitions than are actually present in the data. Sudmnstellation, however, will most
likely never occur on biological datasets, which are a#ddty signal noise.

3.2 Arabidopsis Gene Expression Data

We found the two-step clustering to be more useful for apgilbm to theArabidopsis stress
response dataset. Using the TRICLUSTER algorithm we obtamumerous dense clusters,
which were, however, stationary, i.e. clusters with flat egéme trajectories under all
conditions. In order to uncover the stress respong&ralfidopsis we are looking for changes
in the trajectory shapes under different stress conditions

Several significant modules could be obtained by employirgg tivo-step clustering. An
overview of the modules found in the root and shoot tissuggviesn in Figure 2. It could be
shown that a diverse stress response occurs in the sham, tigsere the response to wounding
and UV-B stress is especially prominent. These two respgoase understandably, absent in
the root. Less modules could be identified in the root, wheacts only to cold, salt, osmotic
and heat stress. Obviously, the root is often confronted vsmotic and salt stress, as well as
it is affected by temperature changes.
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shoot root

# modules

cold osmotic salt drought genot. oxid. UV-B wound heat cold osmotic salt drought genot. oxid. UV-B wound heat

Figure 2: Number of significant modules detected under the rgpective initial conditions in the
shoot and root tissues. Single response modules are reprased by black, IR modules by grey and
coherent modules by white bars.

In the following, three prominent signals, which are momovepresentative of the three
module types, are discussed in further detail: By clustgttie heat dataset from the root tissue
we obtain a module consisting of 6 genes (Fig. 3), 5 of whicp toahe GO term "response to
heat” (-value:9.83-10-233). Furthermore, all genes map to the GO term "response tddedo
protein” (p-value: 3.69 - 10~2°1), as well as to "protein folding”g-value: 1.67 - 10-°°). All of
these genes code for heat shock proteins, whose chapeltonty & especially needed under
heat stress but also of general use. Interestingly, undey encluded condition the clusters
have smallp-values, however these clusters have quite differentdi@jes with respect to
each other. This module is an example of an IR module. In facte modules detected in
the Arabidopsis dataset belong to the IR than to the coherent type, suggebenexistence of

a common regulatory component plus condition-specific @nftes in these cases. The most
abundant module type, however, is the single response modhich is due to the approach
taken by our algorithm: We search for single response madulhe first place and, if possible,
extend these into IR or coherent modules.

In Figure 4, a coherent module for the conditieak andosmoticis presented. Obviously, there
is a close relationship between the two conditions invalMéte most significant GO mappings
are "response to wategi{value: 3.25 - 10~'4), "chitin catabolism” p-value: 2.63 - 10~1¢) and
"response to abscisic acid stimulug-yalue: 6.94 - 10~3%), the latter being responsible for
closing the plant’s stomata to prevent loss of water. Appidyethe GO mapping confirms the
clustering result. Numerous modules were found which cthweresponse to osmotic stresses,
some of which are, unlike the example shown, specific for §a#tss and not active under
general osmotic stress.

In contrast to the modules just mentioned, Figure 5 shows duieavhich is specific just for
exposition to UV-B radiation. This module is enriched witlo@nnotations like "ripening”
(p-value: 7.56 - 10713) , "respiratory gaseous exchangg-value: 2.84 - 1073%) or "ethylene
biosynthesis”g-value:3.17-10~'2). This coincides with ethylene being a plant hormone which
stimulates the ripening of fruit, the opening of flowers amohvolved in biotic and abiotic stress
signalling responses.
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Figure 3: Module generated with heat/root as initial condiion (p-value: 1.87 - 10~%). The shaded
conditions are not included into the cluster, whereas all coditions with a p-value below 5% are.
This leads to an IR module containing all conditions except ¥-B and cold.
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Figure 4: Coherent module found for salt/shoot as initial cadition (p-value: 7.12-10~7). All other
conditions do not receive a p-value below 5 % and are therefa not included into the module.
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Figure 5: A module obtained by starting with UV-B/shoot as iritial condition (p-value: 9.08-10~7).

Obviously, the genes participating in the initial cluster d not cluster under the other conditions.
This is an example for a single response module, which is spgc for the highlighted condition

UV-B.

4 Conclusion

We have applied a two-step clustering approach to a thmeertBionalArabidopsis thaliana
dataset. Such a three-dimensional dataset with a suffisganpling rate in each dimension is
very rare and makes it particularly suitable to apply exéehdlustering methods. However,
because of the three-dimensional nature of the datasettonal clustering and biclustering
algorithms will be of limited use. Our clustering approashable to discover statistically
significant single and coherent as well as IR modules. Skweoaules with meaningful
biological processes could be revealed and several stsditions could be related to
specific stress response processes. For instance, the thesst siodule shows a highly
significant enrichment for "response to heat” and "respdasenfolded protein” under almost
all conditions.

The simple incomplete clustering applied separately tt eandition considerably improves
the capability even of standard clustering techniquesdntifly dense clusters in front of a noisy
background. This condition-specific pre-filtering resuitsa greater resistance to noise than
global approaches such as the TRICLUSTER algorithm, whichdcmost likely be improved
by adopting this strategy.

Overall, the introduced method is suitable for finding gethasact as part of a stress response,
either specifically to a single condition or to a number ofaf#nt conditions. Our method,
in contrast to previously published work, is capable of dising IR modules. These
findings of stringent co-regulated gene modules open upgpertunity for direct experimental
investigations in the laboratory, as well as for interegttomputational applications.
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Software

A Matlab implementation of the proposed algorithm inclgia GUI and the Arabidopsis
dataset can be downloadedrdtt p: / / ww«+ r a. i nformati k. uni -t uebi ngen. de/
software/ | ACEN i ndex. html .
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