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Protein Classification

« Goal: assigning proteins to structural or func-
tional categories based on their sequences

3D Structure;
Class:
Sequence Globin-like
YDAAVYAKVCGSEAIKAMNLRRSWGEWYLSADIEA
TGLMLMSKMLFTLRPDTKTY FTRLGDWVOKGHK Functiﬂn:

ANSKLRGHAITLTYALMNFYDSLDDPSHRLKG
VVEKFAVNHINRKISGDAFGAIVEPMKETLKA  predict Oxygen transport
EMGNYYSDDVAGAWAALVGYVOAAL

Pattern recognition problem €<%

- Challenges:
* [Imited labeled examples (i.e. proteins with known
structural or functional annotations)
e Jow sequence similarity = important to focus on
right features & (local) matches
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Preview of the results

This work explores:

» Role of feature spacing | arrangement information
INn sequence classification

= Computationally efficient (local) sequence matching

Outcome:

= Efficient (semi-supervised) method for general se-
guence classification

s State-of-the-art results for protein classification from
sequence

 |Improve accuracy by 20-30% over state-of-the-art
* Orders of magnitude speed-up

= Generalizes to many different domains and pattern
recognition problems (text, music, time series, etc)
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Sequence Classification

- Sequence Kernels & SVM - leading methods for
seqguence class prediction

« Rely on the measure of sequence similarity (kernel):
 Mismatch / Spectrum (Leslie, 2002)
e Profile (Kuang, 2004) similarity (kernel) matrix
 Mismatch neighborhood (Weston, 2005) ¢ -

no spacing or arrangement information!
- Main issue: low sequence similarity,  EEEEETEF
almost disjoint samples K(X,Y) = (X)T &(Y)
(®(X) and ®(Y) do not overlap) c(X) = 3, aK(X,X)

How to extend coverage of the features induced by kernels?
€2 RUTGERS

Use information about parts (k-mer featu@ 1]




String kernels: k-mer based

» Use fixed-length spectra of short, fixed-length sub-
strings (k-mers), for arbitrary long sequences X

Spectrum/mismatch
(inexact, contiguous)

Gapped/subsequence
(exact, non-contiguous)

Counts

P R — CI>2(‘ACGAC’)
k=2
m=0

AA AC AG .. CG .. GA .. TT
123 .. Mk
Features (k-mers)

2 - —

Counts

O— —

<I>2(‘ACGAC’)
k=2
g=2

AA AC AG ... CG .. GA

1 23

Features (k-mers)

Count #k-mer instances
with up to m mismatches

O(nkm+1|Z|m)

LT
2"

Count #(non-contiguous)
subsequences

O(kn?)
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String kernels / Inexact matching

Remote protein homology prediction
(54 experiments)

o 5[ : ; e Mismatch is better but costly
‘GC'J' ideal method~—, | : Mt m
% — R — ] O(nk™'[Z|™)
5.0 S\ jmadcmows | ® strong dependency on #allowed
AN _ mismatches m and alphabet size |2
< A \-\, : : . .
_8 30_‘-.‘- ‘\- ..................... gapped ............ |:> m haS to be ||m|ted to
= 4 N (exact with gaps) | lexi
£ 20 / i N control complexity
% I - s;(:;:;;g)rn....‘_‘_______‘___'_"_\____I____I_;‘_‘_ . | ® Main issue: low sequence
2 , similarity, no overlap of spectra
0 0.2 04 0.6 0.8 1
ROC50

=Important question: How to extend the coverage of
features induced by (mismatch, gapped) kernels?

=« Can we do better?

«  How do we model sequence content more accurately
and more efflClently’? é‘“ 5 RUTGERS




Spatial Sample Features

- Include spatial arrangements of simple features
a e’ a oh.. ea [al=k 0=d =d

x_—[a[r[NIDICIQ t=2: double(k,d)
Fixed length _ «k _ " t=3: triple(k,d)
X AlR NID [c]q] k=1, d=3-5
" a < d > a <d »a Extend coverage using
Variable Iength\ e ~ Sho.rter segments
spatial feature (triple, k=2, t=3) variable length patterns
AR...ND..CQ (parts + spacing)

Feature = k-mers + distances
» Reduce computational cost
o Sparse (linear number of features)
 Complexity does not depend on |2|
= Variable length patterns

« Improve accuracy over mismatch/gapped kernels
% RUTGERS



Spatial Sample Features

4Mmutated position:
S’= HKINQIIM

S = HKYNQLIM
xKYNQ| xYNOL xKINO| xINOTI
HxYNQ| KxNQL HxINQ| KxNOI X_‘don’t Care’ Symb0|
E;f“g g;’;@i EE’I‘NS E;‘Ei each feature with ‘x’
-4 pd X X
mismatch| py vy | yrRNOxX HKINQ| KINO corresponds to | |=20
. xnoLI| x0LTM *xNOTII| xOIIM k-mers
YxOLI| NxLIM IxOII| NxIIM
YNxLI| NOxIM INxXTII|NOxIM
YNOx I | NOLxM INOxI| NOIxM
YNOLx | NOLIx INOIx|NQTIIx
HK [H Y|H N|H o|/H___ L||HK|H I|H N|H o|lH___ T
KY |K N|K_ Q|K LIK_ I||KI|K NIK 0Q|K I|K I
YN |Y OolY L|Y I|Y M| |IN|I O|T TI|T |1 M
dOUble'NQNLN I|N M NQ |[N.IIN I|N M
(1,5) OL |Q I|Q M QI |1 IO M
LI |L M ITI |I M

I IM
M\ Shared features /

(red color)
@ Spatial features: Sparse, significant overlap in features
@ Mismatch features: Dense, less overlap (low similarity)

AT,
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+ For large number of mutations/insertions/deletions
direct string comparison may not be enough!




Extending Coverage Il: Neighborhoods

Using only labeled sequences
may not be enough @
sequence X Is represented by a @ X

collection N(X) of feature vectors @
of neighboring sequences @

* Profile kernel (Kuang'04): @ @

probabilistic average (profile) - e
» Neighborhood kernel (Weston'05): - oo sirervicedt

algebraic average
J J Sequence database
cD”eW(X) = Q(N(X)) = query BLAST
| > d)o”g( )/ INX)| S 2 -
X'EN(X) /7
N(X) —
neighboringé
:> sequences
oM X N(X) = { X' : S(X,X) =< 6]

€ RUTGERS

In the paper: general framework for more efficient evaluation of
neighborhood kernels




Computing efficiently

How to efficiently evaluate the inner products in
high-dimensional RKHS space?

= Previous work: suffix trees (Vishnawathan ‘02), mismatch
tries (Leslie ‘04), (sparse) dynamic programming (Rousu ‘04)

= This work: new algorithms for efficient RKHS inner product
evaluation through sorting and sufficient statistics (NIPS’08)

Features Seq. Index
alures Sqg,

O~

—> — & L
Feature - n— ] Seq. 1 :
(eg. k-mel 1 7 Sorting -
: ' [ Seq.2 ::} ;
| S Seqd: 12
Countc: 11

g Seq. 3

Kernel update: K(J,J) = K(J,J) + c ¢’
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Evaluation

=  Two pattern recognition problems:
 Remote protein homology prediction: train a superfam-
Ily classifier to recognize novel families (SCOP)
 Remote fold prediction: train classifier to recognize novel

SU perfamllles Class 1 Class 2

TN

w

~EEEE— very lo
Re m Ote fo Id sequence similarity

prediction
low
EE— s?equence similarity Superfamily Superfamily -
1.a.1 1.a.1
Remote homology \
prediction N Positi ilive test g § .. Negative train
sequence similarit Family [ Family Negathe test
1.a141 1.a.1.3

s Baseline methods: state-of-the-art kernel methods
* Neighborhood mismatch kernel K = M(N(X))'M(N(Y))
« Profile kernel K =P(N(X))"' P(N(Y))
a - I — T
Our method: sparse spatial sample K S(N(X))g_. (NP\Q](T)QFRg
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Number of remote homology experiments

12

Case 1: Remote Homology

* 54 remote homology experiments (SCOP)
« ROC50 score: area under the ROC curve for up to 50 false positives

'_ _' _' _' " . '. _' _' !
ideal method—,, : ‘QC'J' ideal meth_od\i _
________________________________________________________________ E R S
mismatch ol v spatial kernel
>
' i o nel
(inexact contiguos) 1 omaof e YN
spatial kernel (triple) S /
f £
....................... e 830- B
gapped O gappe
exact with gaps) ©
TR GEJ 211 | PET A S
spectrum it ; 10 profile kernel
__________ ectrum.. O A TN B 0F e T T A
(exact) i N g
: : .-\__ . = 0 i i i -
0 0.2 0.4 0.6 0.8 1 0 0.2 0.4 0.6 0.8 1
ROC50 ROC50

« Improve average ROC50 by ~29% over mismatch in the fully-supervised
 Improve average ROC50 by ~9-20% over mismatch and profile in the semi-

supervised

Spatial kernels: STATE-OF-THE-ART performance

(IR
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Case 2: Fold prediction

Fold classifiers
—_— very low

sequence similarity

low
sequence similarity

moderate
sequence similarity

13

Class 1 Class 2
Positive Jrain
Superfamily

1.a.1
M Neg&ive train

[ Family ][ Family ][ Family ] Negative test

Superfamily
1.a.1

1.a.1.1 1.a.1.2 1.a.1.3
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case 2: Fold Prediction

Multi-class, 27 folds

Prediction accuracy, % Prediction accuracy, %
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Top-1 Top-2 Top-5 Top-1 Top-2 Top-5
mismatch B triple mismatch B triple

Fully-Supervised Semi-Supervised

Improve balanced error by ~18% in the supervised setting and by
~15% in the semi-supervised setting

Better ranking quality (top-1, top-2, top-5 measures)*if%é? R”TCEm

2 e
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Complexity & Running time

Kernel matrix computation (~25M values) Semi-supervised (NR) kernel computations
(4M kernel values / 18B equiv.)

Time (s) Complexity ~ Running time (s)
spectrum 1.6 O(kn) Prqflle . 7100
Neighborhood (mismatch) 55763
mismatch 556 O(K™'[Z|™n) Neighborhood (triple) 26
gapped 297 O(g*kn) ‘
triple 59 O(d"n) « NR dataset ~1M sequences

« average |[N(X)| size = 67 seqgs

Orders of magnitude running time improvements
In addition to improvements in accuracy

Spatial kernels:
e complexity does not depend on the alphabet size
e |inear in length number of features / comparisons
O RuTGERS
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Main Contributions

Fast, (semi-supervised) method for sequence classifica-
tion (sparse spatial sample kernels, SSSK)
State-of-art accuracy on two important biological prob-
lems (homology prediction and fold recognition)

Orders of magnitude running time improvements over
existing algorithms

Generalizes to other domains / pattern recognition prob-
lems (text, music, images, time series, etc)

General framework for (neighborhood) kernel computa-
tions in semi-supervised settings, can be used with exist-
Ing kernels (details in the paper!)

Demonstrate the role of spatial information for efficient

seguence classification
More results, datasets, codes:

‘ http://seqgam.rutgers.edu/projects/bioinfo/spatial-kernels ‘
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