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A proteinis a ...

A protein is alarge
complex molecule
made up of one or
more chains of
amino acids

* Protein performs a
wide variety of
activities in the cell
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Function Assignment to Protein Sequéd

SPSTNRKYPPLPVDKLEEEINRRMADDNKLFREEFNALPACPIQATCEAASKEENKEKNR
YVNILPYDHSRVHLTPVEGVPDSDYINASFINGYQEKNKFIAAQGPKEETVNDFWRMIWE
ONTATIVMVTNLKERKECKCAQYWPDQGCWTYGNVRVSVEDVTVLVDYTVRKFCIQQVGD
VTNRKPQRLITQFHFTSWPDFGVPFTPIGMLKFLKKVKACNPQYAGAIVVHCSAGVGRTG
TFVVIDAMLDMMHSERKVDVYGFVSRIRAQRCOMVOTDMQOYVFEFIYQALLEHYLYGDTELE

vT

« How do we attempt to assign a function to a new
protein sequence?

| hope you remember most of what\

| am going to tell you in the next
~10 slides. If not, dig out your old
CS2220 lecture notes or slides! )

Copyright 2012 © Limsoon Wong
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invariant and Abductive Reasoning ==

Function is determined
by 3D struct of protein &
environment protein is in

Constraints imposed by
3D struct & environment
give rise to “invariant”
properties observed in
proteins having the
ancestor with that
function

— Abductive reasoning

— If those invariant
properties are seenin a
protein, then the protein
IS homolog of this protein

Entailment A = B

Observation/
Conclusion B

Hypothesis
Fact A

= “Guilt by association”

CS4220,AY2011/12
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In the course of evolution...
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Guilt-by-Association

Compare T with seqs of
known function in a db

Poor Sequence Alignment

» Poor seq alignment shows few matched positions
= The two proteins are not likely to be homologous

Alignment by FASTA of the sequences of amicyanin and domain 1 of
ascorbate oxidase

60 70 80 90 100

Aricyanin MPHNVHEVAGVLGEAALEGPHHERKEQAY SLTFTEAGTYDYHCTI HPFMRGEVVY.

Ascorbate Oxidase ILORGTPWIDGTASISQCAINPCGETPFYNPTIVDNPGTFPYHOHLOMORSAGLYG
74 80 20 100 11C

No obviow

ch between

Amicyanin an sorbate Oxidase

EBINUS
National University

of Singapore

Good Sequence Alignment il

» Good alignment usually has clusters of
extensive matched positions

= The two proteins are likely to be homologous

Vg | 15476732 1ref INP_108201,1]  unkoown protain [Mesorkizobizm loti]
i1 14027402 1 4bj IRAESETE2 |1 upknewn piotein [Mesorhizobium leti)

levgth - ll.rf;

Scora = 105 hivs (262), Expact = le-22
ldentities = 61/106 (57%), Positives = 73/105

(56%), Gap: « 1/106 (O%)
Qe0cy: | WEPORLAS [ALA L IFLPMAVFAHAAT 1 [TMERLY | SPTEVSAXVOUT [RFVIEDYFART &0
WK GL

MA FA AATIE#T+» LV 5P W AKVGITL WVN DV ANT

Shjce: | MRACALTRLEVLAAL AL MAAPAAAAT |EST IDELVFEPATVEAKWATIEWVIRIDVVANT 50

200
Amicvamn a1

tch between
known M. loti protein

Discard this function
as a candidate

CS4220,AY2011/12

Assign to T same
function as homologs

Confirm with suitable
wet experiments
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Guilt-by-Association: Caveats

* Ensure that the effect of database size has been
accounted for

 Ensure that the function of the homology is not
derived via invalid “transitive assignment’’

 Ensure that the target sequence has all the key
features associated with the function, e.g., active
site and/or domain

CS4220, AY2011/12 Copyright 2012 © Limsoon Wong



Guilt by Association of Other Properties




What if there is no useful seq homolsg?*

* Guilt by other types of association!
— Domain modeling (e.g., HMMPFAM)
— Similarity of phylogenetic profiles
— Similarity of dissimilarities (e.g., SVM-PAIRWISE)

— Similarity of subcellular co-localization & other
physico-chemico properties (e.g., PROTFUN)

— Similarity of gene expression profiles

— Similarity of protein-protein interaction partners

— Fusion of multiple types of info

CS4220, AY2011/12 Copyright 2012 © Limsoon Wong



Forslund & Sonnhammer. “Predicting protein function from
domain content”. Bioinformatics, 24(15):1681-1687, 2008

Domain Modeling

 Annotate known proteins in a database with their
domains using, e.g., HMMPFAM

 Association-rule approach

— Do association rule mining to get high-confidence
rules D, ..., D, = F

— Predict unknown protein to have function F if
domains Dy, ..., D, are found in the protein

* Probabilistic approach
— Prob of protein having D will have F, P(F|D)
— Prob of protein having D will not have F, P(~F|D)
— Odds ratio, o = P(F|D)/P(~F|D)
=P(F|D) = a/(1 + o)

CS4220, AY2011/12 Copyright 2012 © Limsoon Wong
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Similarity of Phylogenetic Profile 55

 Proteins carry out their function within the
context of biological pathways

« Genes coding for proteins participating in the
same pathway are present together in genomes
where the pathway is functional

By abduction,

« Genes (and hence proteins) with identical
patterns of occurrence across phyla participate in
the same pathway and function together

= Phylogenetic profiling

Pellegrini et al., PNAS, 96:4285--4288, 1999
Copyright 2012 © Limsoon Wong
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E eoli  (EC)

Genomes: |

B. zubtiliz (BS)

H. influcnzae (H))

hvd

Profile Clusters:

Phylogenetic Profile:

EC SC BS HI

Pl 10
P 1 10
P 1 | |
P= 1 0 0
Ps | | l
P ] [
P7 I 1 0

10 0]

[P 10 1p—{Ps 1

Conclusion: #2 and P7 are functionally linked .
P13 und PH aee fenctionally linked

National University
of Singapore

=N US
9

Phylogenetic
Profiling:
How It Works

Pellegrini et al., PNAS, 96:4285--4288, 1999
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Phylogenetic Profiles: EvidencemNnHmsy

of Singapore

No. of non- .HD‘ .HG‘
homologo  neighbors  neighbors
us proteins in keyword in random
Keyword in group group group
Ribosome i 197 27
Transcription 36 17 10
tRNA synthase and ligase 26 11 3
Membrane proteins® 25 89 3
Flagellar 21 89 3
Iron, ferric, and ferritin 19 3l 2
Galactose metabolism 18 3l 2
Molybdoterin and Molybdenum,
and molybdoterin 12 6 |
Hypothetical 1,084 10%,226 8,440

* E. coli proteins grouped based on similar keywords
In SWISS-PROT have similar phylogenetic profiles

Pellegrini et al., PNAS, 96:4285--4288, 1999

CS4220, AY2011/12 Copyright 2012 © Limsoon Wong



Wu et al., Bioinformatics, 19:1524--1530, 2003
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Phylogenetic Profiling: Evidence

> 0.9
® o

o s 0. hamming distance y

S o = #lineages X occurs + JKEGG

c8 #lineages Y occurs — 0 COG
» -g c 0. _ 2 * #lineages X, Y occur
— .2 O LD
T o
2 5 £ 0.4
2E5 ., ob
cEO0Q -
(@)) (@) b

£ ® 0.:
58 09
Oc =@ 01 | "Boossssannanans
c— ®
o O g
.S ou
T (
&= < s £ hamming distance (D)

* Proteins having low hamming distance (thus highly similar
phylogenetic profiles) tend to share common pathways

Why do proteins having high hamming
distance also have this behaviour?
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Similarity of Dissimilarities ”
il I]B

#
I'-'-
: N
Differences ‘
Of uunknownn O?rangel ': .\Bananal
to other fruits ' '
are same as Apple, Color =red vs orange Color =red vs yellow
. y - Skin = smooth vs rough Skin = smooth vs smooth
apple to ’ Size = small vs small Size = small vs small
other fruits Shape =round vs round Shape = round vs oblong
— Orange, Color = orange vs orange | Color = orange vs yellow
Skin =rough vs rough Skin =rough vs smooth
o Size = small vs small Size = small vs small
Shape =round vs round Shape = round vs oblong
Unknown, Color =red vs orange Color =red vs yellow
" ” . Skin = smooth vs rough Skin = smooth vs smooth
unknown @ Size = small vs small Size = small vs small
IS an Shape = round vs round Shape =round vs oblong
“apple”!

CS4220, AY2011/12 Copyright 2012 © Limsoon Wong



Li & Noble. JCB, 10(6):857-868, 2003 =) N US
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SVM-Pairwise Framework

Training Training Features
Data
Feature StS2 S Support Vectors
S1 Generation , S, fu fi, fiz .. Training > | Machine
S2
Sz T T fos (Radial Basis
S3 Sy fy fyp fy3 ... Function Kernel)
—
fglis the local / cee eee e l
alignment score
between S; and S, Trained SVM Model
(Feature Weights)
Testing Testing Features l
Data
Feature St S; Sg .
T1 Generation | Ty fy f figo Classification | RBF
T2 T, fy 3 Tos ... Kernel
T3 } fy o fag oo l
fSliSthe|Oca| 1 - ... v e e - —
. Discriminant
alignment score Scores
between T;and S;

Image credit: Kenny Chua

CS4220,AY2011/12
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Li & Noble. JCB, 10(6):857-868, 2003 =) N US

National University

performance of SVM-Pairwise & 7

SVM paim'/i-se —_—
. SVM-Fisher --—s—-
TN -

alrwise - oo

No. of families with given performance

ROC

 Receiver Operating Characteristic (ROC)

— The area under the curve derived from plotting true positives as a
function of false positives for various thresholds.

CS4220, AY2011/12 Copyright 2012 © Limsoon Wong



Jensen, JMB, 319:1257--1265, 2002 =) N US
The ProtFun Approach ‘;2"7

Jensen, JMB, 319:1257--1265, 2002

-« A protein is not alone P '
. ) 2 o &
when performing its ST S0 e Lo d &
WP T T F TP e @
- - : B L R T g g S
biological function ST ANN F S P
& O & ¢ & &
O&&G@&é&o&@o& ARG e\*’{d’x e"ﬁe'&
- It operates using the same | & @0 o seqt

cellular machinery for
modification and sorting
as all other proteins do,
such as glycosylation,
phospharylation, signal
peptide cleavage, ...

* Proteins performing
similar functions should
share some such
“features”

— Perhaps we can predict
protein function by
comparing its “feature”
profile with other proteins?

* These have associated
consensus motifs,
patterns, etc.

CS4220, AY2011/12 Copyright 2012 © Limsoon Wong



Jensen, JMB, 319:1257--1265, 2002
SBINUS

National University
of Singapore

ProtFun: How it Works

|Ahhriuiatiun | Encoding | Description
|ec |5ing|e value |E}{tinctiun coefficient predicted by ExFPASy FrotFaram
|graw |5ing|e value |Hydrnphuhicit‘y predicted by ExFASY FrofFaram
|nneg |sing|e value |Numberufnegatively charged residues counted by ExPASY ProtParam
|np|:|s |sing|e value |Numbernfpnsitively charged residues counted by ExPASY ProtParam
|ngh,r|: |pntentia| in & hins |N-g|ycnsylatinn sites predicted by Meth Gl
||:|eg|: |pntentia|—threshnld in 10 hins |GaINA|: O-ghycosylations predicted by et Gy
Ipest \fraction in 10 bins \PEST rich regions identified by PESTfind
|ph|:|55T |pntentia| in 10 hins |Serine and threonine phosporylations predicted by MetFhos
|ph|:|5“rr |pntentia| in 10 hins |T3rr|:|5ine phosporylations predicted by FetPhos EX[raCt featu re
Ipsipred  |helix, sheet, coil in 5 hing Predicted secondary structure fram PS1-Fred profile of protei n
|p5|:|r1 |2EI probabilities |5ubce|lu|ar location predtions by PS0OET USi na various
|5Fg |fran:t||:|n i 10 hins |L|.:|w-cc|mph.a}{|tg.-' reg|.|:|n.s identified ky S.EG “redic tion methods
|5|gnalp |mean5, maxy, logicleavage pos) |5|gnal peptide predictions made by SignalP d
|tmhmm |inside, outside, membrane in 9 hins |Transmembrane helix predictions made by ThiH i

Category | Hliﬂ?tzn ‘ Input features
Armino acid hiosynthesis 30 |ec psipred psort tmhimm

30 |E|: psipred tmhbmim

30 |ec netoglyve psipred psort
Af
Average the outputiof ;e veon

the 5 component ANNSy  [ogiyc psipred psort

CS4220, AY2011/12 Copyright 2012 © Limsoon Wong



Jensen, JMB, 319:1257--1265, 2002
%@ NUS

National University
of Singapore

ProtFun: Evidence

O & &
S &&Qo‘)&éb&é& & c & &
FIFF S L N
S AL SIS
\*j,@goi ‘@?‘; S @"«“‘;po%@ & ot » Combinations of
b o & 5 «
5 = “features” seem to
02 — i .
03 8 g e %go g Ammosadbesmiie® characterize some
04 ®) - Biosynthesis of cofactors .
05 6 0@ @O | oo functlonal
O O 0O 0O o O O L Cellular processes C ateg ories
0 00  0@0 O i
O O O O @ @ - Energy metabolism
O 0 O o O O - Fatty acid metabolism
@) @@ O O (O | Purines and pyrimidines
© e 06 @ @ - Regulatory functions
e ©® © O O T
@ e O @ O I Translation
O O 0 O @ O - Transport and binding

Copyright 2012 © Limsoon Wong



Jensen, JMB, 319:1257--1265, 2002

ProtFun: Example Output

Prion A4 TTHY
Amino acid biosynthesis 0.011 0.011 0.011
Biosynthesis of cofactors 0.041 : 3
Cell envelope ().146
Cellular processes 0.027 0.027 0.051
Central intermediary metabolism 0.047 0.139 0.059
Energy metabolism 0.029 0.023 0.046
Fatty acid metabolism 0.017 0.017 0.023
Purines and pyrimidines 0.528 0.417 0.153
Regulatory functions 0.013 0.014 0.014
Replication and transcription 0.020 0.029 0.040
Translation 0.035 s
Transport and binding 0.831 0.827 0.812
Enzyme 0.233 0.367 0.227
Non-enzyme @ 0.633 @
Oxidoreductase (EC 1.—.—.-) 0.070 0.024 0.055
Transferase (EC 2.—.—.=) 0.031 0.208 0.037
Hydrolase (EC 3.—.—.-) 0.101 0.090 0.208
[somerase (EC 4.—.—.-) 0.020 0.020 0.020
Ligase (EC 5.—.—.-) 0.010 0.010 0.010
Lyase (EC 6.—.—.=) 0.017 0.078 0.017

National University
of Singapore

=N US
9

At the seq level,
Prion, A4, & TTHY
are dissimilar

ProtFun predicts
them to be cell
envelope-related,
tranport & binding

This is in agreement
w/ known
functionality of
these proteins

CS4220,AY2011/12
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Jensen, JMB, 319:1257--1265, 2002
SBINUS

National University
of Singapore

ProtFun: Performance

1.0 T

Amino acid biosynthesis [-
Biosynthesis of cofactors

0.8 _ Cell envelope . ,IJ"JL‘
|

~e Cellular processes

—— Central intermediary metabolism H_r

- Energy metabolism

o Fatty acid metabolism
© 0.6 | Purines and pyrimidines i
2 Regulatory functions 4| £
Tg Replication and transcription | |f
Q —— Translation
2 0.4 -~ Transport and binding ]
s 0.
- +

0.2 |

0.0

0.0 0.2 04 06 08 1.0
Sensitivity
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Similarity of Gene Expression Profil&

i
!

\..h..,\

| h ”""__—"j Prob of 2k genes with function F
Cluster [; € B within a cluster C by random chance
genes by , A_
eXpreSSion f 5 \ g N —ng
profiles % A k=1 | ne i

.A.., P(C.F) — 1 i '
’: e e i=0 f\."
—A ( ' ]

!
{
; WU N = # of genes in genome,
{

2 é nF = # of genes having F,
— nC =#of genesinC

 P-value of gene G having function F is thus

P(G.F) = Juin P(C.F).

= Predict G has function F when P(G, F) is small

Xiao & Pan. JBCB, 3(6):1371-89, 2005

CS4220, AY2011/12 Copyright 2012 © Limsoon Wong
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Direction Functional Association in PRPIN™

Level-\l neighbour

 Prob of k genes with &
function F interacting
with unknown gene G :>V.
by random chance °

T N-—-1—-—np
k i I —1
0

PG, F)=1-Y
(’» 1) — Predict G has function
Fwhen P,(G,F) is small

N = # of genes in genome,
nF = # of genes having F,
IG = # of genes interacting with G

Xiao & Pan. JBCB, 3(6):1371-89, 2005

Copyright 2012 © Limsoon Wong
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National University

The approaches described earlier
assume you have lots of training data.

What If you have only a few training
samples?

CS4220, AY2011/12 Copyright 2012 © Limsoon Wong



Bio- BNCES \
|

Redundancy Reduction Sequence Visualizer Others..
| Training Sequences | Y
l Constrants
Gerec Aot | e

IS Databaes Faztures \

1 1
R
I

cores
U Featura Imagration ! SV =
S =1 1 2
P | Cascade Clasaficaton I Train s
W , * NNSearcher
| Trained Classfiar ] | Unseen Sequances ]‘

Ranking

Sirius Prediction
System Builder

Koh et al. JBCB, 7(6):973-990, 2009

Predictions




Ssog

=3

L]
=
- -
B

‘.
-~
5 - "
< -
o~
-

3

%7 35 S0 IS 100 125 150 175 200 225 IS0 275

Sirius PSB

* Visualize &
specify seq
features to
search for
related proteins
w/ low seq
similarity

A

Koh et al. JBCB, 7(6):973-990, 2009

Hydrophillic
membrane core
et

. Hydrophobic TM domain

Hydrophillic domain

Table 4 Top 10 bits of ITISeareh with ETIT1 2 ETT2 a5 quary and

M. Sequerce header

1 sp| Qoo r[ETHL Y EAST Eaticulon like protain 1 O5=Sacch
G =ETHM1

o sp| Q12440 [ETH2Y EA ST Faticulon like protein @ O5=Sacch
S =ETHz2

L=

sp|P2agdl WF OP YEAST Mitcchondrial phosphate correr ¢
camevisiae GIT=NITE1

4 sp| Q140 [Y OF 1 YEAST Probein ¥ OP1 O8=Caccharores

5 sp|P5051 [PEAL_YEAST Prenybied Fab acceptor 1 O8=5a
SH=YIP4

5 sp|PO010) SO0 Y EA BT Chrbochrorne o ciddase subamit & O
G =C0Ma

-

sp|Pimsee MET10.Y EAST Sulfite reductass [ITADPH)] flowcg

D E=Sacctarcrogoas carevisize ST = METIO

& sp| Q5142 [ME 1L YEAST Irnportin suburit beta-1 08 =Sacct
G =F.APas

9 sp|Pa005a [ME4 YEAST Inportin subunrit beta-4 OF =Sacck
G =F AP 120

10 sp|PaEaea[YEsS_YEAST Urchoarnctarized rosrnbrose protein

DS accharcroyoes carevisizne F=YEER2as%/

CS4220,AY2011/12
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. B &
Main Hypotheses of NUS

PPIN-Based Function Prediction

 Proteins with similar  Proteins with similar

function are topolog- function have interac-
ically close in PPIN tion neighborhoods
_ |- Direct functional that are similar
e association o f
S 9 : : What do you get if you
-
=2 - Ind're(_:t f_unCt'onaI apply abduction here?
< associlation
A pair of proteins that participate When proteins in the neighbor-
In the same cellular processes hood of a protein X have simi-
or localize to the same cellular lar functions to proteins in the
compartment are many times neighborhood of a protein Y,
more likely to interact than a then proteins X & Y likely
random pair of proteins operate in similar environment

Copyright 2012 © Limsoon Wong
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Functional Association Thru Interactishs™

* Direct functional association: Level-1 neighbour
. . \
— Interaction partners of a protein are
likely to share functions w/ it
— Proteins from the same pathways >T\
are likely to interact s °
* [ndirect functional association Level-2 ?eighbour
— Proteins that share interaction
partners with a protein may also ®
likely to share functions w/ it o g
— Proteins that have common O
. : . . —
biochemical, physical properties o/? O
and/or subcellular localization are ©

likely to bind to the same proteins

Image credit: Kenny Chua

CS4220, AY2011/12 Copyright 2012 © Limsoon Wong
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NUS
Majority Voting
Precision VS Recall
* Proteins with similar 05 1 asinss
function are topolog- o o1 -0z
ically close in PPIN :
é 0a 1 A
3 %
a 1 Fi
0.2 Fe) ¢¢¢| i
e
S I ﬁ%w
c . uﬂ D.:E El:.li 'Di.ﬁ 'D:.E 1
 Assign a protein a Recall
function that is over » Shortcomings

represented among its

. . — L1 is not sensitive
Interaction partners

— L2 is noisy

Hishigaki et al. Yeast, 18:523-531, 2001
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Why iIs L1 not sensitive?

YALOL2W
[1.1.6.5
[1.1.9
| | [ |
YJRO91C YMR300C YPL149W YBRO55C YMR101C
[1.3.16.1 [1.3.1 |114.4 [11.4.3.1 142.1
[16.3.3 [120.9.13 I
|42.25
'—‘—‘ [14.7.11 YDR158W
[1.1.6.5
YPLO8SW YBR293W 1.1
2.16 16.19.3 . . .
:1.1.9 }42.25 Simred Functions with Fraction
[1.1.3
[1.1.9 YBL0O72C
R Level-1 neighbours exclusively 0.016338
| I iEevet=2 mepghbours exclusively 0226574
YBR0O23C YLR330W YBLOG61C YLR14 0 evigl-1MRATT avtel-2 115-_.;11':1;:111-5 0 463060
110.3.3 1.5.4 |1.5.4 [ |11.4. i : o
132.1.3 }34.11.3.7 110.3.3 Level-L oz Level-2 neighbours 0706872
134.11.3.7 [41.1.1 [18.2.1.1 [16.7
142.1 143.1.3.5 [32.1.3 T20.1.10
143.1.3.5 143.1.3.9 142.1 120.1.21
143.1.3.9 143.1.3.5 120.9.1
[1.5.1.3.2 l 11.5.1.3.2
| YKLOO6W | | |
|12.1.1
YOR312C 116.3.3 YPL.193W YDLO081C YDR0O91C YPLO13C
112.1.1 112.1.1 112.1.1 11.4.1 [12.1.1
7 |12.1.1 |142.16
112.4.1
116.19.3

Chua et al. Bioinformatics, 22:1623-1630, 2006.
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Why Is L2 noisy?

PPl Detection Assays

Sprinzak et al., JIMB, 327:919-923, 2003

« Many high-throughput
assays for PPIs

Generatlng large amounts Expermental method categry* Number of inferacting pars Ce-ociimBon® (%) Cocellular-mie® (%
of expt data on PPIs can be

CLt of ~2 E
- Y2H 1861 73 a2

done with ease pos p 5

- TAP 5t 3 B

% s 0

% 11 15

- Synthetic lethality & 2 B

0 7 b

o0 DE Sodemcsl xodm 614 & ~
v | Growth of BioGrid D2 Bk Fromaneirhy 68 B 88
El: Emremoinera!, &= 105 0 0

Moo | [ 2 e 7 3 1% s
moon | AET rest s & 5
36 Three deerent methods 2 -

oo 1 M Foor different methods % B

Large disagreement between experiments!
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Chua & Wong. Increasing the Reliability of Protein Interactomes.
Drug Discovery Today, 13(15/16):652--658, 2008 B2 ® N U S

Dealing with noise in PPIN 95 e

« Two proteins participating
In same biological process

are more likely to interact :
« CD-distance

- Two proteins in the same  FS-Weight
cellular compartments are
more likely to interact
Cf. ave localization coherence of protein pairs in DIP < 5%
ave localization coherence of PPl in DIP < 55%
1 98
v - AdjustCD (k=2)
CD-distance & FS-Weight: Based g U T gy AmcO=)
on concept that two proteins with s 09 | RREx  CDdistance
many interaction partners in S 085 | TBag.
common are likely to be in same 2 il oy
biological process & localize to g "
the same compartment s we '
07 °¢

0 500 1000 1500 2000 2500 3000
Zinteractions
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Czekanowski-Dice Distance

 Functional distance between two proteins
IN,AN, |
IN, UN,|[+|N, "N ‘

D(u,v)=

* N, is the set of interacting partners of k
« XAY is symmetric diff betw two sets X and Y,
« Greater weight given to similarity

= Similarity can be defined as

S(u,v)=1-D(u,v) = 2X

2X +(Y +2)

Brun, et al. Genome Biology, 5(1):R6, 2003

CS4220, AY2011/12 Copyright 2012 © Limsoon Wong
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FS-Weighted Measure e
 FS-weighted measure

2N, NN, | 2N, NN, |

S(u,v)=

N, N+ 2N, AN, [N, ~N,[+2N, AN,

* N, is the set of interacting partners of k
« Greater weight given to similarity

= Rewriting this as

S(u,v): 2 X 2 X

X
2X+Y 2X+”Z

Chua et al. Bioinformatics, 22:1623-1630, 2006

CS4220, AY2011/12 Copyright 2012 © Limsoon Wong
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Correlation w/ Functional Similarit

* Correlation betw functional similarity & estimates

Neighbours [CD-Distance [FS-Weight

S 0.471810 0.498745
S, 0.224705 0.298843
S;w S, 0.224581 0.29629

 FS-Weight is slightly better in correlation w/
similarity for L1 & L2 neighbours

Chua et al. Bioinformatics, 22:1623-1630, 2006
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Reliability of Expt Sources

« Diff expt sources have diff | source Reliability
I‘e|labl|l.tleS o Affinity Chromatography 0.823077
— Assign reliability to an — S
interaction based on its Affinity Precipitation 0.455904
expt sources Biochemical Assay 0.666667
* Reliability betw u and v Dosage Lethality 05
computed by:
Purified Complex 0.891473
ru,v — 1_ | | (1_ I"|) Reconstituted Complex 0.5
ek, , Synthetic Lethality 0.37386
* r1,is reliability of expt Sunthetic R 1
source i, ynthetic Rescue
* E,,Is the set of expt Two Hybrid 0.265407
sources in which

Interaction betw u and v is
observed

CS4220, AY2011/12 Copyright 2012 © Limsoon Wong



FS-Weighted Measure with Reliabilf&

« Take reliability into consideration when
computing FS-weighted measure:

2 ZUWVW 2 ZUWVW

SR(U,V)Z NmN % NmN

T Znbez Ton [ o Snbone To,

weN, -N, (N,AN,) weN,—N

* N, is the set of interacting partners of k
* Iyw IS reliability weight of interaction betw u and v

= Rewriting
S(0.v) 2X_2X
2X+Y 2X+/7

Chua et al. Bioinformatics, 22:1623-1630, 2006
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Integrating Reliability

« FS-Weight shows improved correlation w/
functional similarity when reliability of
Interactions is considered:

Neighbours |[CD-Distance [FS-Weight [FS-Weight R

S 0.471810 0.498745 0.532596
S, 0.224705 0.298843 0.375317
S; S, 0.224581 0.29629 0.363025

Chua et al. Bioinformatics, 22:1623-1630, 2006
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Improvement to
Prediction Power by Majority Voting

05

s + Neighbour Counting Aw weight Z Considering only

' & Neighbour Counting Av weights neighbours w/ FS
04 } o Neighbour Counting weight > 0.2
*r

035 B .
é 03 F a A <
= 025 F a
3 a .
0‘: o o

0.2 B4 = a &&"’

0.15 st

: Y .
04 } s
i“
-
005 } <
0
0 0.2 04 085 03 1
Recall

Chua et al. Bioinformatics, 22:1623-1630, 2006
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Improvement to NUS
Over-Rep of Functions in Neighbours

of Singapore

o o) o
Fraction of neighbour pairs with Functional Similarity Fraction of neighbours with Functional Similarity
at FSWeight threshold 0.2
! os1-82 1
0.9 0 s2- 81 0.9 - os1.-52
g-?' — m 5152 0.8 o522 -51
"] B All Pairs 0.7 - BS1n S2
g %81 _ £ 0.6 0
E g'i | o ﬁ 0.5 {7 )
= 0.3 1 = 04 -
' 0.3 ~
o2 0.2 -
0.1
0.1
I:I T T T T T
0 1 2 3 4 5 0 ' ' ' ' '
) 0 1 2 3 4 5
MIPS Annotation Level
MIPS Annotation Lewvel

o o o

Chua et al. Bioinformatics, 22:1623-1630, 2006
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Use L1 & L2 Neighbours for Predictigi™

 FS-weighted Averaging (FWA)

0)= 2+ 3 Sulelon) o)

veN weN,

i IS fraction of all interaction pairs sharing function
A is weight of contribution of background freq

d(k, x) = 1if k has function x, 0 otherwise

N, is the set of interacting partners of k

m, 1S freq of function x in the dataset

Z is sum of all weights

Z=1+ Y| Sa(u,v)+ > S (u,w)

veN, weN,
Chua et al. Bioinformatics, 22:1623-1630, 2006
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Performance of FS-Weighted Averagif

47

NUS

National University

g ngapore

%

« LOOCV comparison with Neighbour Counting,
Chi-Square, PRODISTIN

Informative FCs

Precision

.I

Jlt“:..e o N:

094 ™= s ChE
0.8 . H“r. = PRODISTIN

. X = FunctionalFlow
07 J° ”x « FS Weighted Avg
064 oo "

’ o oOpg :I:H
0.5 4 “H

®
0.4 = x
031 ™5 “
:ﬁli & o ®

0.2 5 I“*t,h {’ﬂ.:.% .
D 1 g xﬁft&% f‘ﬂ; r}ix

-n m‘“ﬂ:ﬂfiﬁgmmu

0 EH CIE CIE El-d 0.5 06 07 08 0.8
Recall

1

Chua et al. Bioinformatics, 22:1623-1630, 2006
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. . . BE &
Freq of indirect functional NUS
association in other genomes

D. melanogaster

Functional Coverage Funciional Coverage Funciional Coverage
(Binlogical Process) Molecular Function] (Cellular Component)
| OBLAST  OFPI ®indirect Interactions | | OBLAST OPFl M indirect Interactions | OBAST  ©PPl mlndract Interactions
1 1 14
0E& A 0s - 08 -
% & - %DE % 0g -
Z 04 5 04 - ¢ 0]
BT R
i 2 _d _F & -0 0 -2 —4 -5 = -0 1] - —4 1 -4 -0
log(E-*alue Cutaff) log(E-value Culnf) I B alue Cutoff)
Genome Annotation | 5;-5, Sa-5y =015, S{US,
5. cerevisiae MIPS 0.007193 0226574 | 0463960 | 0.706872
D. melanogaster GO 0.008801 0.168622 0138138 | 0.315561
C. elegans GO 0.007193 0.031237 0.061080 | 0.119310

Chua et al. Using Indirect Protein Interactions for the Prediction of
Gene Ontology Functions. BMC Bioinformatics, 8(Suppl 4):S8, 2007
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Precision vs Recall (Worm / GO Level 3)

1 1
Effectiveness of
08"
. . 0.7
FSWeighted Averaging  £os] _ o,
| SR
in other genomes B N S,
. _y
0.1 -
0 I 1 I I Hqﬁ
0 0.2 0.4 0.6 0.8 1
Recall
Precision vs Recall (Fly / GO Level 3) Precision vs Recall (Yeast / GO Level 3)
0 5123 0 :-3 ‘HFH-”""'H"'H'I-H.H
g:g : 081 o o ;"""';;r
506 - EB;E_ % 8o 0™ 5
204 804
8-03 - 057
0.2 - 0.2 -
0.5 i I I I I 0.8 i
0 02 04 06 08 1 | | | |
¢ Neighbour Counting Recall 0 0.2 0'4Recall : 0.8 1

x NC (Weighted)
O NC {(\Weighted + L2)
+ Weighted Avg

CS4220,AY2011/12

Chua et al. Using Indirect Protein Interactions for the Prediction of

Gene Ontology Functions. BMC Bioinformatics, 8(Suppl 4):S8, 2007
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What have we learned?

* Proteins with similar function are topologically
close in PPIN

— Assign protein to a function that is over
represented in its neighborhood

— Indirect neighbors are useful

 PPIN is noisy
— Not are neighbors are “real”
— Need to clean up the PPIN before “voting”

CS4220, AY2011/12 Copyright 2012 © Limsoon Wong
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But genes ¢
sharing -
annotations & «
do not always
interact... 5w

Network Shortest Path Distance

 Similar functions are
sometimes at large network
distances

Source: Bogdanov & Singh. TCBB, 7:208-217, 2010

CS4220, AY2011/12 Copyright 2012 © Limsoon Wong
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9 NUS
Labeled Motifs 95 s
* Proteins with similar /OS
function have interaction Gaf— 2
neighborhoods that are
similar Network motif ‘g” \.*

« Assign a protein a
function based on
“network motif”’ that
Its neighborhood
matches 4 occurrences of ‘g’ in this PPIN

Image credit: Chen et al. ICDE2007, pp. 546-555

CS4220, AY2011/12 Copyright 2012 © Limsoon Wong
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Chen et al. ICDE2007, pp. 546-555 BB & N US

National University

LaMoFinder

l =2 W T T L
~— Labelled Motif
09 | « MRF --X -
. o
e _-A >§< Prodistin —-fl—- |
\
0.7 | -1
N\
0.6 - —
g
| 05F -
2
o
04 -
03 =
02 | -
0.1 -
0 L1 11 L1 11 I
0 01 02 03 04 05 06 07 08 09 |1

Recall

« Shortcoming

— Works only for
proteins in subnets
that can be mapped to
network motifs

CS4220, AY2011/12 Copyright 2012 © Limsoon Wong
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Pattern-Based Annotation Prediction (PAP)M
K Kirac & Ozsoyoglu, RECOMB2008, pp 197-213 \

 Find the best pairwise graph alignment of the
functionally labeled subgraph rooted at the
unknown protein to functionally labeled
subgraphs rooted at other nodes in the protein
\_ Interaction network /

e Shortcoming
— Rely on topological matching of subnetworks
—=Sensitive to noise & missing edges in PPIN

CS4220, AY2011/12 Copyright 2012 © Limsoon Wong



SBAINU

aaaaaaa | University

Functional Neighborhood Feature® ==
(. R

Bogdanov & Singh. TCBB, 7:208-217, 2010

* Predict function of an unknown protein v by
weighted voting of the k proteins having most
similar functional profiles to v

« Affinity of protein u to protein v

— P, = Prob of random walks from u to v
« Affinity of protein v to function a

- Sf(a) = 2P, ,, over all proteins u having function a
* Functional profile of a protein v

- [Sf,(a,), ..., Sf,(a,)], normalized

CS4220, AY2011/12 Copyright 2012 © Limsoon Wong
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Comparisons

2 MAJ BKNN k=10 OJIND B PAP 0O Actual

MAJ = Majority Voting
KNN = Functional Neighborhood Features
IND = FSWeight

‘41l + Functional
it neighborhood
features is
slightly better

Fig. 10. Number of TP per GO molecular function (FYI, T = 20). The top th an
two functions are considered as predictions for each of the methods. .
The horizontal bars represent the total number of TPs for each GO term. FSWG' 9 ht

Bogdanov & Singh. TCBB, 7:208-217, 2010

CS4220, AY2011/12 Copyright 2012 © Limsoon Wong



What have we learned?

* Proteins with similar function can be far apart

« If the functional neighborhood features of two
proteins are similar, they may have similar
function

— Assign protein to a function based on network
motif (and generalizations thereof) that it matches

CS4220, AY2011/12 Copyright 2012 © Limsoon Wong
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Guilt by Association of
Multiple Types of Information




.
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at' nal University

Difficulties w/ Information Fusmn .

 Differences in nature

— E.qg., sequence homology vs PPI are very different
relationships

« Differences in reliability

— E.qg., noisy datasets such as Y2H PPI and gene
expression

* Differences in scoring metrices

— E.g., E-Score from BLAST vs Pearson correlation
between expression profiles

CS4220, AY2011/12 Copyright 2012 © Limsoon Wong
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Motivation

* Unified scoring of multiple sources has potential

— Lee et al., “Probabilistic functional network of yeast genes”. Science,
306:1555-1558, 2004

— Simple scoring using Log Likelihood
— ldentified many functional clusters

= A simple, flexible, and effective way to integrate
data sources that reports contributing sources in
predictions to allow users to exercise judgment

CS4220, AY2011/12 Copyright 2012 © Limsoon Wong
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Strategy — Step 1

« Model data source as
undirected graph G =
(V,E)

— V is a set of vertices;
each vertex reps a
protein

CDC34 CLN2

Cbea MET30

— E Is a set of edges; CDC53
each edge (u, v)
reps a relationship
(e.g. seq similarity,
Interaction) betw
proteins u and v

Chua et al. Bioinformatics, 23(24):3364-3373, 2007

CS4220, AY2011/12 Copyright 2012 © Limsoon Wong



Strategy — Step 2 95 oo

« Combine graphs from
different data sources
to form a larger graph

7 AL

—

-

Chua et al. Bioinformatics, 23(24):3364-3373, 2007

CS4220, AY2011/12 Copyright 2012 © Limsoon Wong
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Strategy — Step 3

- 5\

 Estimate edge
confidence from
contributing data
sources

* Predict function by
observing which
functions occur ”
frequently in the high- |
confidence {Fas Fol
neighbours

{FB’ FC} {FA’ FB}

Chua et al. Bioinformatics, 23(24):3364-3373, 2007

CS4220, AY2011/12 Copyright 2012 © Limsoon Wong
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Unified Confidence Evaluation & =

« Subdivide each data source into subtypes to
Improve precision (e.g., expt sources, sub-ranges
of existing scores like E-scores)

« Estimate confidence of subtype k for sharing

function f by: Zsf (u,v)
p(k, .I:): (U,V)EEk,f
E.(|+1
* EIs subset of edges of subtype k where each edge

has either one or both of its vertices annotated with
function f

* Si(u,v) =1if u and v shares function f, O otherwise

Chua et al. Bioinformatics, 23(24):3364-3373, 2007

CS4220, AY2011/12 Copyright 2012 © Limsoon Wong
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Combination of Confidence

« Combine confidence of data sources contributing
to each edge:

Fov, s =1- H(l_ p(k, f))

keDy
* P(k.f) Is confidence of edges of subtype k sharing
function f

* D,, Is the set of subtypes of data sources which
contains the edge (u,v)

Chua et al. Bioinformatics, 23(24):3364-3373, 2007

CS4220, AY2011/12 Copyright 2012 © Limsoon Wong



 Weighted Average

Sf (u) — VENu

.

National University
of Singapore

NUS
Function Prediction

{FA’ FD}

Z(ef (v)xr,, ) Fo Ft {Fa Fa)

1+ > 1,

veN,

S(u) is score of function f for protein u

e«v)is 1if protein v has function f, O otherwise
N, is set of neighbours of u

.vf IS confidence of edge (u, v)

Chua et al. Bioinformatics, 23(24):3364-3373, 2007

CS4220,AY2011/12
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Comparison w/ Existing Approache W

« Dataset from Deng et al, 2004

« 4 data sources (Saccharomyces cerevisiae)

— Protein-Protein Interactions
« 2,448 edges

— Protein Complexes
e 30,731 edges

— Pfam Domains
« 28,616 edges

— EXxpression Correlation
« 1,366 edges

CS4220, AY2011/12 Copyright 2012 © Limsoon Wong



Comparison w/ Existing Approach

« 12 functional classes

72

“BAINUS

National University
of Singapore

Category Size
1 Metabolism 1048
2 Energy 242
3 Cell cycle & DNA processing 600
4 Transcription 753
5 Protein synthesis 335
6 Protein fate 578
7 Cellular transport & transport mechanism 479
8 Cell rescue, defense & virulence 264
9 Interaction with the cellular environment 193
10 | Cell fate 411
11 | Control of cellular organization 192
12 | Transport facilitation 306

CS4220,AY2011/12

Copyright 2012 © Limsoon Wong
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Comparison w/ Existing Approache N

 Validation Method
— Lanckriet et al, PSB 2004, pp. 300-311

— Area under ROC curve for each function

— Averaged over 3 repetitions of 5-fold cross
validation

CS4220, AY2011/12 Copyright 2012 © Limsoon Wong



Comparison w/ Existing Approach
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ROC Scores for Functional Classes

O MRF
O Kernel
— B Weighted Avg

4 5 6 7 8 9 10 11 12

Functional Class

Chua et al. Bioinformatics, 23(24):3364-3373, 2007

CS4220,AY2011/12
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GO Terms Prediction for Yeast Protel

01(250)

. l-.*ETfirf-CxLlsm _
* Proteins from S
S aC C h ar O m yC eS _ amnt.o;-é?; rgg;;ltl»c-hsm nifrogen a?w‘-':‘.zil.f;r-‘;\'—:—tat-:llsm
Cerevesiae = B
. assamtlabm?! ma lmetatohsm n‘.-:-ia:g:!.s:: gfsu'ca cycle
— 5448 proteins from GO oifhe it grop creeths o5 peyenions
Annotation (SGD) _______/ T~
01.01.03.01(12) 01.01.03.02 (15)
metabolism of glutamine metaboksm of glutamate
« Functional Annotation i hiomakeddiy gorvhnlod iy
glutamene glutamene
— Gene Ontolo | | :
_ _ 9y * Informative GO Terms (for
— Hierarchical evaluation)
— 3 Namespaces — Zhou et al. (2002)

(molecular function,
biological process,
cellular component)

— FC associated with at
least 30 proteins and no
subclass associated with
at least 30 proteins

CS4220, AY2011/12 Copyright 2012 © Limsoon Wong
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Data Sources s
 PPI * Protein Sequences
— BIND — Segs from GO
— 12,967 unique database
Interactions betw — Each yeast seq is
yeast proteins aligned w/ rest using
— Score = FS weight BLAST

— Score = —log(e_score)

— Top 5 results w/ known
annotations

— 19,808 unique pairs
Involving yeast proteins

CS4220, AY2011/12 Copyright 2012 © Limsoon Wong
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Data Sources s
« Pfam Domains « Pubmed Abstracts
— SwissPfam database — Pubmed abstracts
— Pfam domains for obtained by searching
SwissProt & TrEMBL protein’s name and
proteins w/ E-value aliases on Pubmed
threshold 0.01 — Limit to first 1000
— Score = # of abstracts returned
common domains — Score = Fraction of
— 15,220 unique pairs abstracts w/ co-
involving yeast occurrence
proteins — 61,786 unique pairs

Involving yeast proteins

CS4220, AY2011/12 Copyright 2012 © Limsoon Wong



Chua et al. Bioinformatics, 23(24):3364-3373, 2007

Multiple Data Sources
PFAM  (15,220)

(12,967)
BIND \
(19,808)
BLAST 10,819
/
15,727
524
\
58,835

PUBMED (61,786)

CS4220, AY2011/12 Copyright 2012 © Limsoon Wong
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recision vs Recall
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Precision vs Recall

Molecular Function
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National University
of Singapore

%& NUS
 Weighted Averaging predicts
w/ better precision than top

blast hit

 Using all data sources
outperforms topblast in both
sensitivity & precision

Chua et al. Bioinformatics, 23(24):3364-3373, 2007

Precision vs Recall

Precision vs Recall

Biological ProcesRcal
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Conclusions

A graph-based method that combines multiple
sources of data sources for function prediction

e Itis simple, flexible and can report data sources
contributing to each prediction

* It performs comparable, if not better, than
existing approaches
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There are many other ways to integrate
multiple types of information for protein
function prediction...
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Prob of k 3 : ! witen 3 Claster C by tandom chanoe
- TOD O gw\al.
s g.enes wnh wprey u-c:‘ M\,
function F interacting .. mfm
with unknown gene G vie =

by random chance
N B geven b pemeew
F < 3 o geren Nntng ¥
Ce3oipmmnl

A

- Predict G has function

F when P (G.F) is small * P-value of gene G having function F is thus

wes P(G.F min P(C.F
A p— nin
e
= R - Predict G has function F n P(G, F) is small

log (P(GL F)) = w log(Pr (G F)) + (1 - w) + log(Pp (G, F))

- w=0.0 (gene expression data only)
o | ——  w =05 (unweighted average)
= —= w=0.28 ( optinum weighted average)
-4- w=1.0 (protein interaction data only)
«© _]
o
R A
- - L
= O a b
Combining
— | N\
8 =
<<

04

GE & PPI Data ] N

0.2

0.0

Xiao & Pan. JBCB, 3(6):1371-89, 2005 0 500 1000 1500

# Consistent Predictions
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General Information Fusion Methodf3

 Markov Random Fields
— Deng et al., JCB, 11(2-3):463-75, 2004

— Maximum Likelihood

— Model data sources as binary relation betw
proteins

« Kernel Fusion
— Lanckriet et al., PSB 2004, pp. 300-311

— Discriminative approach
— Models each data source w/ diff feature vectors

— Weighted linear combination of kernels via semi-
definite programming

CS4220, AY2011/12 Copyright 2012 © Limsoon Wong
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