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I ntroduction

Nowadays with high-throughput chromatin-immunoppéation technologies becoming increasingly
popular for the genome-wide identification of Thding sitescis-regulatory module detection (CRM)
can be used in combination with ChIP informationctamputationally predict with which other TFs a
ChiP-assayed TF potentially interacts. In conttasgene centered methods, ChIP information allows
reducing largely the regions in which the motiftbé assayed TF should be located (typically 500 bp
instead of thousands of bp). However, as the bindite of the assayed TF often not coincides with t
peak location, searching for CRMs in ChlP-Seq a@efiregions still boils down to a combinatorial skar
problem. In addition, as it is not known in advandgéh which other TF the assayed one interacts, the
CRM detection approach needs to be able to searéh@RM that can include any of the known motifs.

M ethodol ogy

In this study we developed an analysis flow (Figlyehat allows performing CRM detection on ChIP-
defined regions by combining a powerful combinatbgearch algorithm with a strategy to reduce the
search space in a biologically motivated way. Tdteet is done by constraining the number of possibl
motif sites during the screening step using epitienfiitering and the number of valid motif
combinations during the combinatorial search. Toenltnatorial search is performed by CPModule, a
novel approach of CRM detection with a performathee is competitive to that of other state-of-aul$

but that in contrast to previous tools can handlechmlarger datasets (such as 100 sequences in
combination with a library of 516 PWMs). The adage of CPModule is that it builds upon a constraint
based itemset mining framework CP4IM: this offdrs advantage of flexibly adding relevant constgaint
and a straight forward application of existing isshmining principles. This allowed us to use CPMed

in a query-based setting, searching for moduleg trat contained our motif of interest, i.e. thetiinof

the assayed TF and that meet other biologicallgverit constraints that help us to prioritize thesimo
likely biologically true modules, such as encompagsa restricted region (proximity constraint) or
occurring in a high number of sequences (frequeongtraint (support)). Benchmarking with otherestat
of-the-art CRM tools shows that CPModule is contpetiwith other CRM tools in effectively searching
CRMs in large sequence sets, even in the presdraceamsiderable amount of noisy motif sites.
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Figure 1: Analysis flow. The input consists of a library of PWMs and adfetequences. In a first step
prior to the actual CRM detection a screening witblic motif databases is performed. Here we combin
standard PWM screening with filtering based on epéic features. Only regions containing a moté si
that display a low GC content and a low nucleosonwipancy are withheld. The second step consists of
the actual combinatorial search. Here we use atreansd based itemset mining approach to enumerate
all valid CRMs i.e. combinations of motifs thatdf)which the motif sites contributing to the CRMcac

in each others proximity (user defined) 2) thatuscfrequent in the input set (i.e. in all sequences
displayed in red) 3) that are non-redundant. V&IRMs are finally ranked based on their specififity

the input set.

Results

We demonstrate the performance of our analysis adetim real ChlP-based experiments conducted by
Chenet al. 2008 for five key transcription factors KLF4, NAKBD OCT4, SOX2 and STATS3 involved in
self-renewal of mouse embryonic stem cells. We tisegreviously described combinatorial interaction
amongst those TFs as a benchmark. Table 1 displaigh of the previously described CRMs involved in
self renewal could be recovered by CPModule amal dilsplays their rank amongst the total numbeilof a
possible CRMs or of all that contain the ChlP-asgayF. To further validate the detected CRMs we use
the ChIP-Seq of Cheet al. 2008 in a cross validation set up: we verified tike the motifs contributing



to the predicted CRMs fell within the binding peakfsthe other ChlP-Seqg-assayed TFs: the reported
modules were validated in at least 10% of the chgdbe ChlP-Seq data of the cognate validatios. set
For instance when considering the CRM composed @K% and OCT4: here we could predict by
performing CRM detection on the ChlIP-Seq regiomsiified for SOX2 that it most likely interacts tvit
OCT4. This retrieved module was ranked first amorigs 22 potential CRMs that contained OCT4.
OCT4 and SOX2 co-occurred in 63% of the SOX2 Chdig-Blentified regions within a distance of 150
bp and the identified sites for OCT4 fell withiretldentified OCT4 ChIP-Seq regions in 79% of theesa
Table 1 also clearly shows the added value of uSintlP-Seq data to constrain the search by querying
only those CRMs that contain the motif of the assayF. This is illustrated by the rank of the ‘true
module’ amongst the possible number of CRMs (socondt those containing the sites of the ChIP-Seq-
assayed TF). By enumerating all possible CRMs andling them based on their statistical significance
CPModule allows having an insight in the positidra@ertain CRM amongst all possible CRMs. For this
dataset it seems that of the benchmark CRMs méolye containing STAT3 sites rank poorly. This is
probably due to the low specificity of the scregniesults obtained with the STAT family of TFs:eaft
screening and epigenetic filtering we still obtamaverage 11 sites per sequence, indicating haT$
sites are frequently occurring sites in the geno®ech high genomic frequency deteriorates the
specificity of CRMs containing STAT3 sites for tket of input sequences and decreases their rank.
Without ChIP-Seq data these CRMs would never bsidered.

Comparing the outcome obtained on the same datatbedifferent screening strategies also showed tha
the quality of the screening input largely affettte outcome of the combinatorial search. A too dens
screening obtained by a non-stringent screeningshimld results in too many motif combinations that
make the problem intractable or in case an outpwobtained decreases the prediction power (too many
false positive valid combinations are possiblektdncreasing the stringency of the screening sewnhs

to be an option as then many true sites and ttsgstale CRMs seem to be missing. With the avaitgbil

of ChIP-Seq and ChIP-chip data for eukaryotic TiFsideed becomes increasingly clear that onlyein f
cases the physically bound sites correspond tthtst conserved or highest scoring’ sites obtaimid

a PWM screening. This is probably partially duethe fact that PWMs stored in public database are
biased towards sites discovered by their resembltnthe already stored motif model (circular reasg)

but also because other physical factors such asrzitim positioning determine the accessibility aita.
Using a lower screening threshold in combinatiothwai filtering procedure based on epigenetic festur
seemed to provide a good trade off between reauydrue sites while still keeping the number oféal
positives within a reasonable range.

Conclusion

Our results illustrate that using ChiP-Seq infolioratogether with combinatorial CRM detection ideab
to prioritize true combinatorial interactions beemethe assayed TF and any other TF. The success of
approach stems from combining ChIP-Seq informat@not only determine a set of coregulated genes,
but to also delineate the region in which at ldhst assayed TF binds with a powerful combinatorial
approach that allows detecting combinations oftiineling site of the assayed TF with any other known
TF for which a PWM have been reported.

Table 1: CRMs obtained with CPModule in combination with epigenetic filtering (non-stringent
screening with filtering for all TFs except the assayed one). The set of sequences corresponding to the



100 top scoring peak region of the assayed TF veereened with a set of 516 non-redundant
TRANSFAC motifs using a non-stringent screeningeshiold. Epigenetic filtering was applied on all
motif sites except on the ones of the assayed TF.

ChIP-SegassayeCRM Rank Suppor Cros! Proximi Total number ¢ Percentileof
TF validation ty solutions/Numb rank
constrai er of solution
nt (bp) containing th

ChlIP-Seg-
assayed TF
KLF4 KLF4, STAT4 143/2 60% 40.00% 300 147/3 97.28%/66.67%
NANOG NANOG, OCT1 6846/4 61% 70.49% 300 6868/17 99.68%/23.53%
NANOG, STAT3 14017/10 60% 25.00% 350 14033/26 99.89%/38.46%
OCT4 OCT4, STAT1, XFD2, 5/5 63% 11.10% 150 5068/613 0.99%/0.82%
STATA4, STAT6]
SOX2 SOX2, OCT4 430/1 63% 79.40% 150  14180/22 3.03%/4.55%

SOX2, STAT3, €DXA, 61807/24 60% 23.33% 250 117006/18952.82%/12.70%
PAX2, STAT5A]

STAT3 STAT3, OCT4, $TATL, 1/1 61% 24.59% 150 1366/20 0.07%/5.00%
STAT5A, STAT6]

ChlP-Seg-assayed TF: TF from which the top 100 binding peaks were usegédrform the analysis.
CRM: obtained CRMs that correspond to previously welsadded modules for the assayed; TF
[between brackets are indicatetther TFs that were predicted to belong to the s&RM, but that have
not previously been described to interact with dssayed TF Rank: rank this CRM received (ranks
were assigned by taking into account all the foGRMs/CRMs that contained the assayed. Bapport:
the percentage of sequences from the input sethinohwthis CRM occurs (should be higher than the
frequency constraintlCross validation: we started from the ChIP-Seq data of one TF ard to predict
using CRM detection with which other TFs the asdal€ interactsWe verified whether the motif sites
contributing to the predicted CRMs fell within tihending peaks of the other ChIP-Seqg-assayed TFs.
Proximity constraint (bp): the proximity constrainfit which the displayed CRM was fountiotal
number of solutions/Number of solutions containing the ChlP-Seg-assayed TF: the total number of
valid CRMs/the number of solutions containing thetifnfor the ChlP-Seqg-assayed TPercentile of
rank: the percentile of the rank comparing with the Itotiamber of solutions/total number of solutions
containing the motifs for the ChiP-Seqg-assayed TFs.




