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  KIRMES Overview

‣ Combine motif finding 
   with SVMs
‣ Model degenerate
   motifs and regulatory
   modules of promoters 
‣ Input: 
   sets of co-expressed genes
‣ Output: 
   a function that classifies
   genes as co-regulated or not

First hit in Google Image Search for "KIRMES"
bocholt.de
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Transcriptional Regulation

‣ Transcription factors (TFs) are proteins 
regulating transcription (activate, repress, …)

‣ TFs bind to euchromatic sequences, e.g. promoter 
regions, regulatory regions in introns, …

‣ TFs recognize conserved binding motifs (TFBMs) 

‣ TFs form complexes, bind to modules of TFBMs

‣ Relative distance of TFBMs to transcription start 
and among TFBMs is relevant

Transcription StartTFBM A TFBM C TFBM BTFBM B

TF 
A

TF BTF 
C
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Machine Learning Method

‣ SVM for a 2-class problem: genes are 
co-regulated by the same mechanism or not 

‣ Compare region similarity

‣ Straightforward: string kernel looks at whole 
regulatory region

‣ Our method: windows around motif 
positions, relative distances, conservation

Transcription Start
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Experimental Data
‣ Microarrays of Arabidopsis thaliana

‣ Statistical methods identify co-expressed 
genes in (several) experimental conditions

‣ Which are co-regulated? 
Unclear for many genes

‣ not on chip

‣ change below detection threshold

‣ Classifier needed, train on co-expressed genes

‣ Predict co-regulation for whole genome
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Co-Expressed Genes

1.
‣ Obtain sets from e.g. microarray 

experiments

‣ Genes react the same way over all 
experimental conditions

‣ Obtain negative control set: genes 
invariantly expressed at high levels

set of gene sequences
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Regulatory Regions

2.

‣ Core promoter: 400 bp upstream from 
transcription start site, up to 3000 bp

‣ Here: 1000 bp core promoter upstream

5' UTR

translation 
initiation site

3' UTR

transcription 
stop

transcription start

exon 1 exon 3exon 2intron 1 intron 2

selected genegene gene

stop codon

1000 bp core promoter sequence
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Identify over-represented motifs

3.

‣ Gibbs sampling (Lawrence et al., 1993)
‣ identifies over-represented weight 

matrices that characterize TFBMs
‣ Oligo counting (faster)
‣ count occurrences of all nucleotide 

sequences of length six
‣ Relative position, window around motifs 

constitute SVM input vector

Transcription Start
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Learn to Classify Genes

‣ Labeled training data sets with genes 
coexpressed on microarrays

‣ Classification output:
function that can classify all genes

‣ Optional output: top-ranking motifs
4.

Classifier
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Predict Co-Regulation

5.

‣ Learning step creates classifier

‣ Prediction of co-regulation

‣ All other genes, not on chip

‣ Different regions than training data Classifier
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Machine Learning Methods

‣ String kernel: Weighted Degree kernel

‣ Uses whole regulatory region: can't identify 
modules, no positional interdependence

...AGTCAGATAGAGGACATCAGTAGACAGATTAAA...
  |||||||      ||  ||     |||     

...TTATAGATAGACAAAGACATCAGTAGACTTATT...

...CGAACGCTACGTATTTTAGTCGGATTCGC...
    \\\\\      //////   ///      .
...TCGAACGAAAGGTTTTAGCCTGATGACGG...

‣ With shifts: still limited, no modules

Rätsch G and 
Sonnenburg S 

(2004)

Rätsch G, 
Sonnenburg S, 

and Schölkopf B 
(2005)
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Novel SVM Kernels
‣ Idea: compare characteristic sequence

‣ Motif finder identifies TFBMs over background

‣ Novel kernels:

‣ Relative positional information

‣ Window around motif positions

‣ Sequence conservation

‣ Sum up kernels (concatenates feature space)

Transcription Start

Schultheiss S, 
Busch W, 

Lohmann JU, 
Kohlbacher O, 
and Rätsch G 

(2008)
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Kernel for Regulatory Modules

‣ RBF kernel

‣ Relative position of motif matches to start 
and among each other

‣ Pairwise distances between match positions 
of motifs

‣ Weighted degree kernel with shifts on 
windows

‣ Set of windows around best-matching motifs

‣ Highest similarity: all motifs appear in both 
sequences
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‣ WDS kernel 
extended with 
conservation 
information

‣ A. thaliana AGI 
regions aligned 
with other plants

‣ How many of 
A. thaliana's genes 
were aligned?

WDS Kernel with Conservation

0%

30%

60%

90%

Oryza Medicago Populus Carica A. lyrata

83%

53%

40%

26%

18%

% AGIs matched out of 30144
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‣ WDSC kernel on 
sequence windows

‣ Indicator function on 
similarity over all 
aligned genomes G

‣ All genomes 
contribute equally

‣ conservation 
parameter A = 1

WDS Kernel with Conservation
TCAGATAGAGGA

  |||||||  |  

CAAGATAGATTA

  |||||||  |  

AAAGATAGATAA

 ||||||||  |  

ACAGATAGACAG

   ||||||  |  

CTCGATAGACAA

 |||||

GTGCATAGACAT
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KIRMES

transcription start

regulatory sequence

sequence windows around best motif match
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Fig. 1. The idea behind the regulatory modules kernel: A motif finder is applied to the regulatory sequences in the input set (gray bars), which identifies
overrpresented motifs (colored bars). The best-matching motifs (boxed) in every sequence serve as starting points, where we excise a window of 20 bp around
the center of each motif occurrence for the WDSC kernel. Conservation information for these windows is looked up in a pre-computed multiple genome
alignment (cf. Supplementary Materials for alignment details). Additionally, we construct an input vector for the RBF kernel of the pairwise motif distance,
and their distance to the transcription start.

pre-generated alignments of sequences from G other organisms:

!A
d,i,x = 1 +

A
Gd

GX

g=1

dX

j=0

I(xi+j = xg
i+j), (3)

where xg is the sequence of the syntenic regions in the genome of
organism g = 1, . . . , G and A > 0 is a parameter allowing one to
control the importance of the conservation. We add 1 to not ignore
unconserved sequences: ideally, the conservation should only add
information by emphasizing the conserved and hence likely func-
tionally important regions of the regulatory sequence. All results
shown were obtained with the setting of A = 1. Using this defini-
tion of a conservation score, we can now define the weighted degree
kernel with shifts and conservation (WDSC):

kwdsc
!,S,A(x, x!)=

LX

l=1

!X

d=1

SX

s=0
s+i"l

!d,i,x!d,i,x!

2d(s + 1)
· (4)

·`I `
x[l+s:l+d+s] = x![l:l+d]

´
+ I

`
x[l:l+d] = x![l+s:l+d+s]

´´

The above kernel, like the WDS kernel, corresponds to a feature
space spanned by all possible k-mers at every position. While the
feature value is 1 for the WDS kernel if the k-mer is present at a
certain position, for the WDSC kernel the feature value is !d,i,x ,
i.e. it is computed depending on the conservation of the k-mer at
this position.

2.4 A kernel for regulatory modules
Suppose we are given a set of M motifs Mm, m = 1, . . . , M ,
which may either come from a database or from a de novo motif
detection method. Such motifs are often represented in a way that
one can easily scan a given sequence for occurrences of the motif
(e.g. as PWMs). In a pre-processing step, we compute the best-
matching position pm,x(i) of each motif Mm in all considered
sequences x(i), i = 1, . . . , N . In case of PWMs, the PWM score
and in case of oligo-based motifs, the Hamming distance may be
used to decide which position in the sequence matches best.

Kernel for multiple motifs: For the kernel functions, all input vec-
tors need to be of the same length. Therefore, we have to choose
the same number of matches per sequence for all motifs (1 in our
case), regardless of the quality of the matches, as shown in Figure 1.
Biologically, a threshold quality seems more intuitive. Then, several
good matches would be considered, or no match for sequences that
do not contain the motif. However, a soft margin during training
allows the algorithm to ignore some mislabeled data points without
strong effects on generalization.

Similar ideas have been proposed and successfully used in image
analysis, using kernel methods where motifs correspond to points
of interest, e.g. sharp edges (Mikolajczyk et al., 2005; Nowak et al.,
2006).

The main idea of the kernel that we propose is to repre-
sent an input sequence x by the set of sequences xm :=
x[pm,x#w,pm,x+w] originating from the region of length 2w around
the best motif match pm,x of motifMm in x. Each sequence region
xm contributes independently to the similarity between two input
sequences: k1(x, x!) =

PM
m=1 k(xm, x!m). This term characte-

rizes the co-occurrence of a collection of motifs in two sequences
x and x!. The similarity is highest if all motifs appear in both
sequences (in arbitrary order). We propose to use a position-specific
kernel, for instance the WDS kernel, to compute the similarity of
the regions.

Modeling positional information: For the first part of the kernel,
the position of the motif does not influence the similarity at all. In
the second part of the kernel, we try to capture the relative posi-
tion of the best motif matches to each other and to the transcription
start site. This is achieved by computing all pairwise distances bet-
ween match positions of motifs: v(x) = (p1,x ! ptss, . . . , pM,x!
ptss, p1,x ! p2,x , . . . , pi,x ! pj,x , . . . , pM#1,x ! pM,x)$, for all
i "= j = 1, . . . , M , where ptss is the position of the transcription
start site in the sequence. A simple way of computing the similarity
between two such vectors is to use the RBF kernel, e.g. Schölkopf
and Smola (2002):

krbf(v, v!) = exp

„
#v ! v!#2

"

«
,

where " is a kernel hyper parameter to be found by model selection.
Having both parts of the kernel defined, the question how to com-

bine them remains. We propose to simply add both contributions:
k(x, x!) = k1(x, x!) + krbf(v(x), v(x!)). Please note that if we
add the two kernels, it amounts to concatenating the two feature
spaces. If one multiplied the contributions of distances and motif-
sequence similarity, the kernel would be in some sense similar to
the previously proposed oligo kernel (Meinicke et al., 2004).

3 METHODS
3.1 KIRMES Pipeline
Below, we describe an integrated PYTHON pipeline, called KIRMES, using
the previously described kernels to classify promoter regions of genes as
transcription factor targets or not. Sequences considered in the set can be any
part of the euchromatin of arbitrary length, e.g. upstream and downstream
regions of a gene, intronic and exonic parts, as well as untranslated regions

3
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Results: Proof of Concept

Baseline: spectrum kernel

Baseline: weighted degree with shifts

Gibbs with regulatory modules kernel (RMK)

Gibbs with RMK & conservation

Oligo counting with RMK

Oligo counting with RMK & conservation

0 0.2 0.4 0.6 0.8 1.0

0.49

0.50

0.75

0.70

0.69

0.64

mean area under the ROC curve

‣ Sets of co-expressed genes from  A. thaliana under 
different conditions, auROC curve evaluation

‣ Baseline method performs close to random guessing

‣ Oligo counting outperforms Gibbs sampling

σ = ±0.1
σ = ±0.04
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Results: Proof of Concept
‣ Sets of co-expressed genes from  A. thaliana under 

different conditions, auROC curve evaluation

‣ Baseline method performs close to random guessing

‣ Oligo counting outperforms Gibbs

Sebastian J. Schultheiss <sebi@tuebingen.mpg.de>                    Kernels for Transcriptional Regulation: KIRMES                 NIPS MLCB Workshop Dec 12, 2008

A
lcA

::G
U

S
 4

fo
ld

 (co
n

tro
l)

H
eat S

h
o
ck

 4
fo

ld

W
U

S
-C

L
V

3
 su

b
tract

S
T

M
=

C
L

V
3
 in

tersect

W
U

S
+

L
F

Y
 jo

in

C
L

V
3
-W

U
S

 su
b

tract

W
U

S
-S

T
M

 su
b

tract

S
T

M
-W

U
S

 su
b

tract

W
U

S
 lo

o
p
 lo

g
ic

W
U

S
=

L
F

Y
 in

tersect

A
lcA

::L
F

Y
 4

fo
ld

A
lcA

::W
U

S
 4

fo
ld

A
lcA

::S
T

M
 4

fo
ld

A
lcA

::C
L

V
3

 4
fo

ld

0.45

0.5

0.55

0.6

0.65

0.7

0.75

0.8

0.85

0.9

0.95

SVM Kernel Accuracy

WDS-Oligo, ! = 0.7

WDSC-Oligo, ! = 0.75

WDS-Gibbs, ! = 0.64

WDSC-Gibbs, ! = 0.69

Gene Set

au
R

O
C

 c
u
rv

e

mailto:sebi@tuebingen.mpg.de
mailto:sebi@tuebingen.mpg.de


Results: Kernel Contributions
‣ Tested on one gene set (42 positive, 1562 negative)

‣ Sequence windows show major discriminatory 
power, both necessary and sufficient

‣ Conservation and position helpful, not essential
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Motif kernel (sequence, conservation, position)

Sequence windows and positional information

Sequence windows and conservation

Sequence windows only

Positional information only
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Comparison to PRIORITY

‣ Sets of co-regulated genes from S. cerevisiae

‣ Mode of comparison: 

‣ PRIORITY and KIRMES get 80%:20% split gene sets 

‣ Inter-motif distance of the top-ranking motif 
matches in the remaining 20% determines auROC

Gordân R, Narlikar R, and Hartemink AJ (2008) A Fast, Alignment-Free, Conservation-Based Method 
for Transcription Factor Binding Site Discovery. In Vingron M and Wong L: RECOMB 2008
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Comparison to PRIORITY

‣ Sets of co-regulated genes from S. cerevisiae

‣ Mode of comparison: 

‣ PRIORITY and KIRMES get 80%:20% split gene sets 

‣ Distance of occurrences of the top-ranking motif 
in the remaining 20% determines auROC

Gordân R, Narlikar R, and Hartemink AJ (2008) A Fast, Alignment-Free, Conservation-Based Method 
for Transcription Factor Binding Site Discovery. In Vingron M and Wong L: RECOMB 2008

Sebastian J. Schultheiss <sebi@tuebingen.mpg.de>                    Kernels for Transcriptional Regulation: KIRMES                 NIPS MLCB Workshop Dec 12, 2008

PRIORITY

KIRMES
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Results: Biology

‣ WUSCHEL, a key player 
in Arabidopsis stem cell 
maintenance

‣ TFBM verified* (SELEX, 
gel shift)

‣ TCACGTGA

A. thaliana wild type     wus mutant
*Wolfgang Busch, Andrej Miotk, Federico Ariel 
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Discussion

‣ Powerful approach

‣ exploits relationships 
between motifs

‣ uses modules for 
prediction

‣ Conservation is useful

‣ Oligo counting works 
surprisingly well

‣ Future directions:

‣ Use established 
methods on our data

‣ Visualize modules

‣ Use other motif 
finder, e.g. PRIORITY

‣ Alternative inclusion 
of conservation 
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Galaxy Webservice:
http://galaxy.tuebingen.mpg.de

Slides:
http://www.fml.tuebingen.mpg.de/raetsch/lectures

Thank you for your 
attention!
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