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This talk: Recent Results

1. Computationally efficient methods for inexact
sequence matching

¥generalizes computation and significantly improves
time-efficiency of many sequence similarity functions

¥more complex models can be investigated to
enhance performance

2. General Similarity Sequence Models

¥go beyond traditional Hamming similarity using more
OpreciseO similarity metrics to improve accuracy

¥retain computational efficiency (linear time) of
simpler Hamming methods

3. Large scale semi-supervised method for
iImproving bio-named entity and PP predlctlon
from biomedical literature
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¥ Part |: Similarity computation under k-me
seguence model
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K-mer seguence mode

¥ Used in many bioinformatics applications

¥ Genome assembly

¥ Multiple sequence alignment

¥ Homology search (e.g., BLAST)
¥ Sequencing error correction

¥ Genomic complexity studies

¥ Similarity assessment, classibcation,
clustering




K-mer models and similarity inferent

I: Map sequencX¥ to bxed-dimfeature vector FX)

—>

GGAAT] TGAGCAGGACTAATTGGAACTTCTTTAAGATTACTTATTCGAACTGAATTAGGAACCCCAGGATCTTTAATTGGAGATGATCAAATTTATAATACAAT
CTCATGCATTTATTATAATTTTTTTTATAGTTATACCTATTATAATCGGAGGATTTGGAAATTGACTAGTTCCATTAATAATAGGTGCCCCAGATATAC

TG

CTTTCCSC ATAAATAACATAAGATTTTGATTATTACCCCCATCTTTAACTTTATTAATTTCAAGAAGAATTGTTGAAAATGGGGCTGGTACAGGATGAACA
GTTTATCCSCCT TCATCAAATATCGCCCATCAAGGAGCATCTGTTGATTTAGCAATTTTTTCCCTTCATCTTGCTGGTATTTCATCAATTCTTGGAGCTA
TTAATTTTAT AAC JTATTAATATACGAATTAATAATTTATCTTTTGATCAAATACCATTATTTGTTTGAGCTGTAGGAATTACAGCATTATTATTATTACTTTC

ATTACCTGTTT
CTTATTT

Spectrum(5)
14
12
10
a8
6 }
.
2
i L | }
Q0 Q0 VY kK < < O Q g ko ok B g g <
N I - A
585 P P88 SEQ L edFEF

Il: Similarity score

60

50

40

XGAAT
GxXAAT

GGXxAT
GGAXT
GGAAX

Mismatch(5,1)

JTATTACTATATTATTAACAGATCGAAATTTAAATACTTCTTTTTTTGATCCTGCAGGAGGAGGAGATCCAATCTTATACCAACH

Up to m=1 mismatch

‘ features
_F(X)

&( Y) — <|:0() F(Y)> ~—String kernel

SimilarX andY <z Similar FX) and FY) <zlarge KK,Y)

Wednesday, November 13, 13



What are the besk-mer

algorithms?

1. Sufpx trees (Vishwanathan & Smola, 20(
¥ linear-timeall-substrinkgrnel (exact)

2. Sparse dynamic programming (Rousu, 2
¥ gapped kernel (inexact)

3. Mismatch trie (Leslie, 2004)
¥ applies to mismatch, spectrum, gappec
kernels, etc ihexact matching!!!

¥ Complexity o(k™* |t |™(]X | + [Y]))
¥ limits applicability to small k, ]|




Mismatch Trie Algorithir

¥ Depth-pbrst search over completemer tree
with leaves/paths for all possible k-mers

A

k-me tree traversal complexity:

&
A/O¢ oMM (IX |+ [Y])
depth k (;//\Cf O(k™ |>]™ - number of substrings
v Hamming distance of at most
< >
1> | leaves

¥ Problematic for larg& inputs and relaxed
matching (largem) and longer substrings

“—~ Want to address this
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Our Results

¥ New sufbcient-statistased algorithms for similarit
kernel computation with inexact k-mer matching

¥Improvetimecomplexitgaver existing algorithms,
removes dependency on the cardinality of the &

ok"[3|™n) " Ofc, n)
¥ Severabrders-of-magnitusieeed-up in practicez

can now be applied to larger inputs, longer
substringk, with many mismatchas

¥ Enhance performangere complex kernels
Improve predictive accuracy
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Our approach:
Sufpbclent Statistics

Evaluation of sequence similarity in k-mer models us

Sufbclent Statistics
Two steps:

(I) Exact spectrum computation with counting sor

(2) Sufpcient statistios string kernels and their
computation using (1) as a sub-algorithm




(I) Exactk-mer spectrum
computation

Input sequences Features:
X1: GGAA GGA
X2: TTTGAA GAA
X3: GGAAT TTT

substring TG

kernel I
GAA

k=3,m=0 GGA
GAA

AAT

Seq. Index:

W W WNDNNDNDDDNDPEP PP

Counting sort

—)

Kernel updates (pesubstring
K(@J,J) = K(J,J) +'cc

Cc - feature counts, J - sequence INdeX

AAT

GAA
GAA
GAA

GGA
GGA

TTA

TTG

NNDNDNWEFEWDNDPEPEW

TTT

Seq. index: 3
Counts: 1

Seq.index: 123

“Counts: 111
_, Seq. index: 1 3

counts: 11

Seq. index: 2
counts: 1

Counting sort:

O(kn) evaluation for

exact spectrum

How does this extend tanexact matchir(gw>0)’i>
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Approximate sequence matchl

Main issuedensek-mer spectrum, i.e. many more features due to approxi
matching (m>0)

matChin_g function: Introduces for every k-men

(") = Ld,")! m mismatch neighborhood

mito /70, otherwise N(alk,m) of size
O(k™2[™)

frequency_ofy
| | |

| [ | (! 1 |m(#,")}

!I! | k | X, Y%

— - ! ' |m(!,")|m(#’") @
Intersection size of thea andb

mismatch neighborhoods
Observation inumber of substrings withm distanoe

from both a andb is independertf a andb;
It only depends orHamminglistanced(a,b)

K (X, Y [k, m)
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Sufpclent statistics

Observation llkernel value Is incremented only by

min(2m,k)+1distinct values corresponding to Hamminc

distances 2m betweenk-mers

N\

K (X,Y |k, m) =

Sufbcient statistics:

AXIY)

I X #HLY

~

(1, #)

J

Mi = number of pairs of substringa (h X,bInY) at
Hamming distancd(a,b)=I ;| - intersection size

¥Problem: direct computation dfl; is stillquadratic

How to compute matching statistidd; efbciently?
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Computing sufbcient statist

¥ Instead ofM; Prst computeapproximatéwith over-

countingnumber of pair<G at distanceat most (<I)
(as opposed tat distancea)

¥ Algorithm (Eiteratively remove positions, sort and
compute exack-mer spectrum for k-)-mersaChbO

d@,b) = 0 = d(a,b <

¥ Relationship between cumulative matching statist
G and sufbcient statistidd;

Ci& M|O | jzl() 1$<_- JJ%AJ




[I: Sufbclent Statistic
(SS) algorithm

Algorithm . (Mismatch-SS) Mismatch kernel algorithm based on Sufficient Statistics
Input : strings X, Y, parameters k,m,/ ,

1. Compute min(2m,k) cumulative matching statistics, C, using counting sort
2. Compute exact matching statistics, M

) &F - !4_&%)$__ _:0/6 B 1&0,. . RI(K!(PmSP % - 19

)'&"'4&0"1) +

3. Evaluate kernel using :

" %$)/0|&$ q&| &!(5]2111$°/) !/!

18,0
Output : Mismatch kernel value K(X,Y|k,m)

4/

(O = (4

(-8
original complexit _ o
g(trie-basepd) g Sufpcient-statistic based
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Using SufPcient Statistics

compute similarity functior

¥ Spectrum kernels (Leslie, 2002)
K(X.Y) = M

¥ Gapped kernels (Leslie, 2004; Rousu, 2005)
K$X,Y%"' iT'C

¥ Spatial kernels (Kuksa, 2008 & 2010)
T HPOR s 0s 0

¥In all cases reduce computation to multiple round:
exact spectrum kernel computation (counting sort




Summary: algorithms for similarity computation |
mer models with inexact matching

¥ New family of algorithms based aufbcier
statisticeand counting sort

¥ unibed approach

¥ improves time complexity and accurac
over state-of-the-art algorithms

¥ reduces computation t@xact k-mer
Sspectruntomputation
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Empirical evaluation
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Computational advantag

¥Average speed-up in K(X,Y) computation for prote
seqguences

(k,m) Speed-up (ﬂ-ie/Tsé

(5,2) 1
(6,2) 72
(7,2) 125
(7,3) 443

(9,3) 834




Protein remote
homology prediction

Structural classification of proteins (SCOP) E . d : t t
x: prediction task
Class 1 Class 2
very low , R Target superfamily: 1.a
PRAenes, Sy Fold 1.a Foldib 7 Y-.u® . :
positive negatlve
e » ~
Iseque”ce similarity Superfamily Superfamily ¥ Y ...4 train 1a11 Other Sf/
— ta 1.a.1 . 1l.a.1.2 folds
— | =
Positive train Positive test Negative train
moderate * '_ —— y v...4 Negative test tESt 16113 Other Sf/
seguence similarity[ Family Family } Family fOldS
1.a.1.1 1.a.1.2 1.a.1.3

¥ Tasks: infer membership of a protein in tt
target superfamily or fold
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¥Remote homology prediction: average o\
54 superfamily membership problems
Supervised setting

Semi-Supervised setting

kernel | ooc |ROCSO
(k,m)

(5.1) | 87.75 | 41.92
(7.3) | 9131 | 5200
(9.4) | 91.45 | 5351
(10.5) | 91.60 | 53.78

kernel | ROC |ROCS50
SCOP

(5.1) | 9098 | 67.20

- (5.2) | 9142 | 69.85

(7.3) | 9227 | 73.29
UniProt

(5.1) | 96,78 | 81.05

(5.2) | 97.05 | 82.25
(7.3) | 97.78 | 86.32




¥ Multi-class protein fold prediction
¥ 27 fold classes
¥ challenge: very low sequence similarity

kernel | Balanceq F1
(k,m) error | score

Supervised
(5,1) | 51.17 | 61.68
(7,8) | 43.60 | 65.09
SemisSupernvised\(NRDJ
(5,1) | 24.02 | 80.47

(7,3) | 22.49 |81.04
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Part |1
Generalized Similarit
Sequence Models
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Traditional k-mer models

¥ Feature spacadexed by all possiblemers: sparse embeddinc
(spectrum, SSSK), dense embedding (mismatch, proble)

¥ Hamming distandmsed matching

KX, Y [k,m) = "em (HIX) " km (T]Y)
W |
= 1" D)@
"I!X#!Y!!!k
N ,,)_' 1L,h(!,")! m
/0, otherwise

¥ Drawback Hamming distance may not reRRect true underlying
similarity/dissimilarity:
¥ ex: different pairs of AA induce different levels of similari
¥ matching of k-mers should ref3ect biologically meaningfi
similarity, not only simple character-level differences

=> need more OpreciseO similarity measures!
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General similarity

¥ Traditional string kernel&-mer similarity i
measured as the number of identical
substrings In the mismatch neighborhoo
(I.e. Intersection size)

Im (5 D) Im (%, 1)

111k

Intersection size

How to debPne more OpreciseO and meaningful simila
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General Similarity
functions

¥ |dea: replace intersection size-based similarit
with metric similarity function

ZWEZF_IW(!_’#)W(",#) — S(I,")

¥ General similarity kernel function

K(X Y k,S) = S(',")
L1UX #1Y

¥Complexity IN general becomes quadratic!

¥ This is not a proper kernel!
=> How to (1) incorporate general metric S and

(2) preserve linear time complexity?
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ldea: Similarity-preservin
embedding

1. Learn binary symbolic embeddigdor which
Hamming distance accurately approximeases

h(E(a),E(b)) ~ S(a,b)

2. UseHamming-type computatiorefpbciently
evaluate kernek x,vis in linear time

KXY |k, S) = S(,")
LLX #1Y




Learning symbolic
embedding

Input
Sequence V Q A - T
MO b l
Similarity hashing: | g [
R T :
minZS(Oz,B)h(E(a),E(ﬁ))Q 0.05 0.15 0.10
s.t. E@#{"11° ()A £ % }
Idea: minimize average B [ 1
Hamming distanch(E@),E)) v :
between data points similar
according to S(b) E(X) = E(z1), ..., E(z,)

E(xi) =€e...e5 €& #{01
hE(a), E(B)) o< S(a,B)
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Similarity-preserving
embedding

Input
SequenceV Q A - T
MO b |
A [0 0.30 0.06
0.19 0.03 0.09
R S :
y [0.05 0.15 0.10
EO || |
A 0 1 1
1 1 0
B — S 1
\/
0
0l2 ces 3] s aaaa 114 ———T
1! 2 I ok 115 I ok
b=1 b=B

¥ separate 2feature map for each dimensidrl...B
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Similarity-preserving
kernel

(5.9) Kk(E(g/g),E(Y)): T (E(X)), Pk (ECY))#

E #B" k
(X) —® N I | (" [b], #) ’ | ($[H], #)(
i i (1) 2 1 b=1 1" {0,1}k ""E(X) #" E(Y)
B 3 0 0 0 0 $3 $ $
T o [ | o |t (5.10) = L (" [0, $[b])
< > b=1 ""E(X)#" E(Y)
4 $ 3 (F
(5.11) = (" [b],$[b]ﬂ4/number similar
"UE(X)#"E(Y\b=L 5 rowsinaandb
T
Kernel value
- o1k " M ——
approximates general ~ Maihe 1 (ki 1)B,0}" s K
similarity function he = h(E(#),E(3)) $ S(#,9)
KXY S)=  S(.") => K(EKX),E()) ~ K(X,Y|S) !

FTX #IY
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Similarity-preserving

Kernels
¥ Benebts:
¥ Incorporate metric similarity function S into
matching

¥Enhances representation by capturing
Interrelationships between seguence elements
and features according to S

¥ =>Rebne matching of otherwise symbolically
different sequence elements/features

¥ Computationally efbcient: linear time!
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¥ Task 1: Protein remote homology
prediction
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Protein remote homology
prediction

Supervised | Semi-supervise
setting setting

7359 +1M unlabeled
SCOP seqs seqs
(54 superfam (NRDB)

Data

¥ Each amino acid mapped into 20-dim BLOSUI
descriptor

¥ Each protein is encoded as 8-dim sequence,
=8 bits using similarity hashing
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Protein remote homology
prediction

B AA B GSK
60
8. 52.5
O
8:) 45 AA = string kernel
= dePned on amino acid
= sequences
37.5
GSK = general
30 similarity kernel
Improvement Mismatch SSSK

(GSK vs AA): 23% 15%
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Protein remote homology
prediction

Semi-supervised setting
B AA B GSK

90

Mean ROC-50
~ (00
o o

(@))
o

Profile
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¥ Task 2: MHC-peptide binding prediction




¥ MHC-Peptide binding prediction
¥ needed for vaccine, immunotherapy desi

Position Peptide binding strength
MVTEFIFLG 3.47

VITEFIFLGL 6.50
TEFIFLGLS 3.185

cell surface _: 1
MVTEFIFLGLSD. . .. .. T o
antﬁén peptide prediction
(sequence of target system output

protein)
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MHC peptide binding
prediction

¥ Data: tumor, cancer, virus antigens (WT1, PSA, EB
Test ROC50 scores

Allele  |QHMM  |NetMHC |GSK

A0201 162.1 76.9 82.34
A0206 |67.03 83.93 80.97
A2402 166.51 76.35 85.24

¥ QHMM = committee of HMMs

¥ NetMHC = highly optimized neural
network predictor, trained on more data
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Part lll: Blomedical
Literature Mining
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Practical information extractior
retrieval problems in bioNLP

¥ Relevant article detection =
~ @

¥ Interaction/relationship (e.g., PPI)

extraction
—

¥ Goat automatic annotation, information extraction
from biomedical literature
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WCDL (Worad-Class
Distribution Learning)

¥ WCDL: simple and scalable semi-supervise
feature learning method

¥ Use model trained on labeled examples to estirr
word-class distribution (WCD) on unlabeled datze

Model Unlabeled

—

trained » | data ) P

on labeled R

data Word-class
d

I
Istribution

vectors

i |

trai

¥ AddWCD features to the feature set ancbtrain




Segquence Embeddin

words word feature vectors word codebook
4 (exemplars)
) 1
| | protein —
21| gene ) ——
g receptor —
E molecule Clustenng Codebook size
(# word clusters)
— ﬁ "#$%112%&3456'#%7$¢
(dictionary) /8"$'(")90

word-class vectors (WCDL)

language models

"#3B$S$%& () 3PS +,$P$SP& ' $FS$S$B-&H)$1I B3

e e e e === 234.5/3$-36.0/)$70/$3468$90)

( ) JEERS 1) ( ) ) ) 20(390/()
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Gene Mention Predictio

¥ Find gene names in text:
¥ Input text Phenotypic analysis demonstrates that trio
and Abl cooperate 1n regulating axon outgrowth...

¥ Output gene namedgrio, Abl

¥ Data: BioCreative || Competition
¥ Train: 15K sentences
¥ Test: 5K sentences

¥ Unlabeled data for traininGOM sentences
from PubMed (~1.3G words, approximatel
size of entire wikipedia)
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Gene mention prediction

Method Precisior] Recall F1

BioCreative Il (best) sem

supervised method, | 88.48 | 85.97| 87.21
extensive dictionaries

CRF (words) 87.84 | 76.92| 82.02

CRF (WCDL) 90.70 |85.19| 87.86
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PPI relation extractior

¥Task: extract all interacting protein pairs
from a given sentence

¥ Example:

¥ Input sentencerhe protein product of c-cbl

proto-oncogene 1s known to ineract with several
proteins, including Grb2, Crk, and PI3 kinase

¥ Output: (c-cbl, Grb2), (c-cbl,Crk), etc




PPI relat

lonship

extraction

¥ Approach:

1. Learn word embeddings from unlabele

data (WCDL, LM)

2. Cluster words according to similarity S
iInduced by learned embeddings

3. Map words to cluster
4. Evaluate sentence si

Ids w -> c(w)
milarity using clus

word ids (cluster kernel)

3-&.7091363

"HIPSSS& ()IP*+, PSSP E& PSS TSI

] [‘__5:734.5 3)

234.5/3$-36.0/)$70/$3468$90/
=0(390/()




PPI relation extractior

Method Precision|Recal F1
Multiple kernel, multiplg
parser (Makoto et al) 57.8 |66.11] 61.4
(state-of-the art method
Dependency and deef
parsers (Miyao et al) 4.9 05.5] 99.5
Cluster kernel 60.68 |69.08 64.54




PPl interaction article
retrieval

¥ |AS task: classify article abstracts into prot
protein interaction (PPI)-related or not

¥ Labeled data: 5495 abstracts for training
677 for testing

¥ Unlabeled data: 60M sentences from
PubMed (~1.3G words)

¥ use unlabeled data to construct word
descriptors (ECML, 2010)




BioCreative |l contest

¥ IAS test performance

method F1 Accuracy
BioCreative |l (best)| 78.00 75.33

BioCreative Il (rank 2] 77.95 77.10

String kernel (best) | 77.17 74.30
WCDL (GSK) 80.11 79.03

¥ No complex hand-crafted features
¥ GSK +WCDL
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Conclusions

¥ Sequence analysis space is highly non-t
¥ variable size (from short bio-molecules
proteins, to genomic DNA)
¥no all-purpose/generic representations
¥ no standard way to do calculus
¥methods need to scale to very large
datasets

¥Need accurate yet efbciently computable
representations and algorithms
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Conclusions

¥New, computationally efbcient methods f
k-mer sequence similarity models

¥ General Similarity models

¥ Semi-supervised learning method for
annotation and relationship extraction

¥ Benebts: Accuracy + Efpciency




Future work

¥ Sequence typing (whole-genome analys
read sets vs multilocus)

¥ Genes, proteins, small-molecules
Interaction

¥ Genome annotation

¥ Variant identibcation, bnding functionally
Important variants from read data

¥ Dynamic change detection from massive
read data (e.g., microbiome)
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Future work

¥ Massive read sets analysis, comparison,
annotation

¥ Whole-exome sequencing data analysis

¥ Semi-supervised kernel learning, learnin
from unlabeled data

¥EﬂDcient seguence labeling (annotation)
methods
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Thank you!
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