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® Multiple Kernel Learning (MKL)
® Interpretability




Example: Promoter Detection

1 / /TFB\S\ i&z CPG. ./F'romoter

]
| ==

/4 1 nirons an
\ o O/ O// > > VIS Cloéing Exogs
C { TSS

® POL Il binds to a rather vague region of ~ [—20, +20] bp

® Upstream of TSS: promoter containing transcription fac-
tor binding sites

® Downstream of TSS: 5 UTR, and further downstream
coding regions and introns (different statistics)

® 3D structure of the promoter must allow the transcription
factors to bind

G. Rétsch, C.S. Ong and P. Philips: Advanced Methods for Sequence Analysis, Page 3



Features to Describe the TSS

® TFBS in Promotor region
® Condition: DNA should not be too twisted

® CpG islands (often over TSS/first exon; in most, but
not all promoters)

® TSS with TATA box (~ —30 bp upstream)
® Exon content in UTR 5" region
® Distance to first donor splice site

Idea: Combine weak features to build strong promoter
predictor.
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SVM classifier

f(x) = sign (Z vk (X, X;) + b)

1=1
Key ingredient is kernel k(x, x") — similarity of two
sequences.

Natural idea
Use 5 kernels to model each of the heterogeneous
features.




The 5 Kernels

1.

TSS signal (including parts of core promoter with TATA box)
— use Weighted Degree Shift kernel

. CpG Islands, distant enhancers and TFBS upstream of TSS

— use Spectrum kernel (large window upstream of TSS)

. model coding sequence TFBS downstream of TSS

— use Spectrum kernel (small window downstream of TSS)

. stacking energy of DNA

— use btwist energy of dinucleotides with Linear kernel

. twistedness of DNA

— use btwist angle of dinucleotides with Linear kernel
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Combining Classifiers

® Train individual classifiers and combine outputs by vot-
ing methods, SVMs, ...

® Aggregate feature spaces and define ONE kernel.
Problems

® Data scaling problem.

® Combination of kernels.

Recall
If k; and k, are kernels so are
® ok, ifa>0
® [+ ko
® ik
9 | : ]
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Multiple Kernel Learning (MKL)

Possible solution
Linear combination of kernels,

M
k(x,x') = Zﬁpkp(x, x'), B, > 0.
p=1

Discussion

® Choice of weights is a way of feature selection.
® Optimal weights teach us something about problem.

Learning weights from data

® Automatic feature selection.
® Interpretability.
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Minimize Minimize

N N N
1 1
5D aak(xix)) +C Y& SIwlE+ed e )
] i=1 i=1
Subject to Subject to

N yi (W O(x) +b) =16 (2)
Yi (Z a;k(x;,x;) + b) >1-¢& &3>0
j=1 .
£ 0 foralli=1,..., N.
foralli=1,...,N. (1) Maximize the margin (regularization).
(2) Correctly classify the training data.
Representer Theorem: w* = >° o, ®(x,,)

because of I, norm ||w||s.



Two equivalent formulations.

Minimize |w|; Maximize p
Subject to v (w'xi+b) > 1 Subject to i (w'xi +b) > p,
foralli=1,...,N. foralli=1,...,N,
[wllo = 1.



Maximize

Subject to

l,-Norm [1-Norm

P Maximize p
Yi (WTXZ' + b) Z P, Subjectto (WTXZ' + b) > p,
foralli=1,..., N, foralli =1,..., N,
[wllz = 1. [wll, = 1.

[wil2 < [wll;

Using {; norm leads to sparser solution!




Minimize Minimize

N N .
! 1
§Zaiajk(Xz’,Xj)+CZ£i QHW”%JrCZfi

g =1 i=1

Subject to Subject to

N T
yi (W @(x;) +b) 21-¢
Yi (Zajk(Xi,Xj)—l—b> >1-¢ &(20 (x:) +) 3
=1

& =0 foralli=1,..., N.
foralli=1,..., N.

MKL: £(x;,x;) Zﬁp (x5,%,), 3, > 0.



2
M
Z Wl +CZ§n

W.r.1. :( wpeRkseR,ﬁeR{‘f,beR

DO | —

sty Zﬁpwgq)(xi,p)+b >1-¢,Vi=1,...,N
p=1

Problem
Minimization over (3, shrinks them to zero!

= Constraining (3, is necessary.



Constraining the Weights

[o>-Norm
Dense ||3||, = 1 (Lin and Zhang 2004)

[;-Norm
Sparse ||3]|; = 1 (Bach, Lanckriet and Jordan 2004)

® Convex combination of kernels.
® Sparse solution in terms of kernels.
® Allows for interpretation of result.

Constraints on g,

M
Zﬁp: 17 6]) > 0
p=1
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Primal Formulation (Bach, Lanckriet, Jordan 2004)

1 M 2 N
win L (S alwl, | +oY e
p=1 1=1

M
s.t. (Z ﬁpwgcb(xi,p) + b) >1-&,Vi=1,...,N

p=1
M
Zﬁp — 17 ﬂp >0
p=1
Properties

® Equivalent to linear SVM for M = 1.
® Solution sparse in “blocks”.
® Each block p corresponds to one kernel.



From the Standard SVM Primal to the Semi-Infinite Linear Program

SVM
Primal Formulation

MKL - SVM
Primal Formulation

MKL - SVM
Dual Formulation

MKL - SVM
SILP Formulation




MKL Optimization Problem I

Dual Formulation (Bach, Lanckriet, Jordan 2004)

N
1, N
min —vy° — ;
27 1=1
wrt. veR aecRY
N
1=1
N N
Z Z &r@syryst(XM Xs) ’72 <0, Vp=1,....M
J=1 s=1 P
=:5p(ar)
“partial Lagrangian:”
| N M
Lim v = at Y BhiSia) =7
1=1 p=1
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Reformulation as Semi-Infinite Linear Program

M ] N
max min pz::l By <§Sp(a) — ; ozi)

N M
st 0<a<C ) ay=0) f,=1
1=1 p=1

max 0

wrt. € R, B eRY with Zﬂp_l

1. - >
s.t Z;ﬁp<2 Za) 0
P= N
forall e with 0 < e < C'and ) g = 0
=1

ST CHITES S EFD 9) STES oL LRSS o0
p=1 i=1 r=1 s=1 i=1



Semi-Infinite Linear Program

max 0

M
wrt. feR BeRY with Y 3,=1

p=1

M 1 N N N
s.t. Z By (5 Z Z QoY Ys K (X, Xs) — Z Cv,;) >0
p=1

r=1 s=1 1=1

N
forallawith0 << Cand )y, =0
=1

= Linear Problem, but infinitely many constraints
® One constraint for each «.
® Can be solved using Column Generation.

® Most violated constraints can be identified by solving SVM.
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Sonnenburg et al. [2006b]

get o
Solve SVM for current

weighting 3

Obtain most violated
linear constraint on ¢
new 3
new constraint repeat until convergence
Theory: Algorithm converges!
Practice: converges fast!

Solve Linear
Program




Summary

MKL Algorithm
® Automatically computes best convex combination
of kernels
M M
k(x,x') = Zﬁpkp(x,x’), Zﬁp =1, 5, >0.
p=1 p=1

® SILP formulation makes large scale training and
evaluation possible.

Possible Applications

® Heterogeneous data.
® Improving interpretability.
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Promoter Detection with MKL

/ ]I’F B\S B Promoter
\ o/o/ / g 5' UTR Introns and
O Coding Exons

C© d TSS

1. TSS signal — Weighted Degree Shift kernel

2. Features upstream of TSS — Spectrum kernel

3. Features downstream of TSS — Spectrum kernel
4. Stacking energy of DNA — Linear kernel

5. Twistedness of DNA — Linear kernel

MKL to combine different kernels.
Large scale training and evaluation possible.
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Data Generation

True TSS:

® From dbTSSv4 (based on hg16) extract putative TSS
windows of size [—1000, +1000].

Decoy TSS:

® Annotate dbTSSv4 with transcription-stop (via BLAT
alignment of mRNAS).

® From the interior of the gene (4+100bp to gene end) sam-
ple negatives for training (10 per positive), again win-
dows |—1000, +1000].

Processing:
® 38508 positive, 85042 negative examples.
® Split into disjoint training and validation set (50% : 50%).
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Results

Receiver Operator Characteristic Curve and Precision Recall Curve

ROC dbtssv5 — dbtssv4 (chunksize 50) PRC dbtssv5 — dbtssv4 (chunksize 50)
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= 35% true positives at a false positive rate of 1/1000
(best other method find about a half (18%))

See [ ] for more details.
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Which kernel is most important?

using or removing single kernels
96 ‘ ‘

il in ot e I R R SO T S - R =

92+
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area under ROC Curve (in %)
|

82

80

TSS Promotor 1st Exon Angles
WD shift Spectrum Spectrum Linear

= Weighted Degree Shift kernel modeling TSS signal
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MKL and Interpretability

Different scaling of heterogeneous feature spaces
leads to different weightings!

MKL for Promoter Detection

® State-of-the-art recognition accuracy.
® Elegant and flexible formulation.

® Easy and principled combination of heterogeneous
features.

® NO interpretation!
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How about homogeneous feature spaces?




Toy Application |

MKL for Classification

® Separation of two star-shaped classes with different
class distances.

® Combination of 5 RBF-kernels with different widths.
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Toy Application Il

MKL for Regression
® | earning of a sinus wave.
® Combination of 5 RBF-kernels with different widths.

| ——— e _
------ width 0.005 |
width 0.05
0.8 —.- width 0.5
— width 1
0.6 — - width 10

kernel weight
o
i

frequency
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Toy Application Il

MKL for Regression

® [earning of a complex function with varying frequency a
f(x) = sin(ax) + sin(bx) + cx

® Combination of 10 RBF-kernels with different widths.

RBF kernel width

frequency
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Splice Site Detection

Splice sites are locations on DNA at boundaries of
- exons (which code for proteins)
- Introns (which do not)

[ €Xon — intron 1€XON - intron 1€XON - intron 1 €X0ON - intron T— exon i

DNA
ATG GT AG GT AG GT AG GT AG TAGTAA
TGA
transcription
AUG GU AG GU AG GU AG GU AG
pre-mRNA cap | T Po'yA
UAG,UAA
splicing UGA
RNA cs» I "
AUG UAG,UAA
translation UGA
protein N I ¢
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Detection of Splice Sites

Focus on Acceptor Splice Site Prediction

Exon
AAACAAATAAGTAACTAATCTTTTAGGAAGAACGTTTCAACCATTTTGAG

AAGATTAAAAAAAAACAAATTTTTAGCATTACAGATATAATAATCTAATT
CACTCCCCAAATCAACGATATTTTAGTTCACTAACACATCCGTCTGTGCC
TTAATTTCACTTCCACATACTTCCAGATCATCAATCTCCAAAACCAACAC
TTGTTTTAATATTCAATTTTTTACAGTAAGTTGCCAATTCAATGTTCCAC
TACCTAATTATGAAATTAAAATTCAGTGTGCTGATGGAAACGGAGAAGTC

® Aligned sequences of fixed length (AG always at same position).
® Task: distinguish C. elegans splice sites from fake splice sites.

= 2-class classification problem by using substring comparisons.
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Weighted Degree kernel

® Count matching substrings of length upto D at each
position.

K(S1,S2) = W7 +Wi + Wa+ W2 +

S1—=>—AGTC

So—>— TTAT




HMM vs. SVM

Standard Approach: Use two higher order Markov Chains

® one model for fake splice sites and one for true splice sites trained
on = 600, 000 examples, of them only ~ 36, 000 true splice sites

1

ogf — !

o
o)}

true positives

o
IS

0.2f v ff — Markov Chain
| —— Support Vector Machine

10° 10" 107 10°
false positives

SVM classification results are better!
Drawback: We loose interpretability of the result!
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MKL for Splice Site Detection

Weighted Degree kernel

® Count matching substrings of length upto D at each
position.

K(s1,S2) = W7 +W1 + W2+ W2 + W3
S1—=>»—AGTC GGACATCAGTAGACAGA A—>
Il 1
S2—>—TTAT CAAAGACATCAGTAGAC T—>

® Linear combination of LD kernels
Z Z Yal(ugg(x) = vy 4(X)).
d=1 I[=1

D L—d+1
® | earn weights v, 4 with MKL.
® Use weights v, 4 to interprete SVM decision.
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Understanding the SVM Decision
Splice Sites [Raisch et al., 2006]

1. Which positions in the sequence are important for discrimination?

50 -40 -30 -20 -10 Start +10 +20 +30 +40 +50
2. What characterizes those positions?

1
1
o.8
0.8
O
0.2
(=]

-50 -40 -30 -20 -10 Start+10 +20 +30 +40 +50
3. Which motifs at which position are important?

D ONODAWN

-
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Understanding the SVM Decision

Positional Oligomer Importance Matrix (POIM)

[ ; ]

For each k-mer at each position

® Weight contribution of the k-mer observed at this certain
position.

® Weight contribution for all higher order overlapping k-
mers.

® Efficiently computed for WD kernels using suffix tries
representation.
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$ Finding a motif AAA at varying positions.

AAACAAATAAGT AACCATTTTGAG
AAGATTAAAA TAATCTAATT
CACTCCCCAAAT ATCCGTCTGTGC

® WD kernel with shifts.
k($1,S2) = We3 Wes + Wi,

‘)_‘i:iTAT - .
So—>—T CCTGAA




POIM for Motif Finding

Toy Dataset with motif AAA

MAX-PLANCK-GESELLSCHAFT

Toy Dataset with motif AAA

140

130

k—mer

4120

20 40 60 80 100 20 40 60 80 100
Position in Sequence Position in Sequence
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Splice Site Detection

POIM for Interpretation
® WD kernel with shifts.

Acceptor Splice Dataset

Acceptor Splice Dataset

k—-mer
Dinucleotides

20 40 60 80 100 120 140 60 80 100
Position in Sequence Position in Sequence
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Summary

Multiple Kernel Learning (MKL)

® Allows automatic training of convex combinations of
kernels.

® Useful for combining heterogeneous features.

® SI|LP formulation makes large scale applications pos-
sible.

® Weightings allow interpretation in case of homoge-
neous features.

Positional Oligomer Importance Matrix (POIM)

® Efficient computation.
® Allow interpretation of SVM decision.
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