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Protein Function Prediction Approach&s=

« Sequence alignment (e.g., BLAST)

 Generative domain modeling (e.g., HMMPFAM)

e Discriminative approaches (e.g., SVM-PAIRWISE)
 Phylogenetic profiling

o Subcellular co-localization (e.g., PROTFUN)

o (Gene expression co-relation

 Protein-protein interaction

e Information fusion, ...
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Information Fusion

« Markov Random Fields (Deng et al., JCB, 2004)
— Maximum Likelihood

— Model data sources as binary relation betw
proteins

« Kernel Fusion (Lanckriet et al., PSB, 2004)
— Discriminative approach
— Models each data source w/ diff feature vectors

— Weighted linear combination of kernels via semi-
definite programming
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Difficulties w/ Information Fusion

e Differences in nature

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

o Differences in reliability

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

 Differences in scoring metrices

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

e Problems:

— Complex models such as MRF and Kernel Fusion
are computationally expensive

— Difficult or not possible to identify contributing
sources in a prediction

e Unified scoring of multiple sources has potential
(Lee et al., Science, 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
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Strategy — Step 1
« Model a data source as
undirected graph G =(V,E)
. . CDC34 i

— V Is a set of vertices;

each vertex reps a cDC4

protein MET30

CDC53

— E Is a set of edges; each
edge (u, v) reps a
relationship (e.g. seq
similarity, interaction)
betw proteins u and v
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Strategy — Step 2 SR

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

7 AL

<

e
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 Estimate edge
confidence from
contributing data
sources

 Predict function by
observing which
functions occur 2
frequently in the high-
confidence neighbours

{Fa Fp}

{Fe, Fcl {Fa Fg}
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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: ZS u’v)

p(k f ) (u, v)eEk f
E, ; ‘ +1

* E,¢Is subset of edges of subtype k where each edge has
either one or both of its vertices annotated with function f

e S{(u,v) =1if uand v shares function f, O otherwise
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Discretization of Existing Scores &

e« Scores may come in many forms
— E.qg., Blast e-values, Pearson’s correlation

« A simple approach to discretization
— Split ranges into n equal intervals
— Each interval becomes a new subtype
— Assume linearity in range
— Other strategies possible
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Combination of Confidence

« Combine confidence of data sources contributing
to each edge:

M =1 | | (1_ p(k, f))
keDy
o 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)
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Function Prediction

 Weighted Average
{Fn Fol

Z(ef (V)X Moy, 1 ) (For Fd o {Fa Fa)
S (u) __veN,
1+ D %,

veN,

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

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

* 1,,+IS confidence of edge (u, v)

u,v,f
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Level-2 Neighbours

e Increase coverage of Protein-Protein interactions
— Indirect function association (Chua et al. 2006)
— Topological weight applied to PPI

— Divide into 3 subtypes:
A A A

B
C

Level-1 Neighbours Level-2 Neighbours  Level-1&2 Neighbours

— A theshold of 0.01 is applied on L2 neighbours to
limit false positives
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Topological Weight Applied to PPNUS
FS-Weighted Measure with Reliability
 Take reliability into consideration when
computing FS-weighted measure:

2 ZUWVW 2 UWVW

N mN Hal\'H

PRORERS ) 0TI oA . e Th

Nr\N WNmN NmN NmN

S (u,v)=
|

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

= Rewriting
S(uv) = 2X_2X
2X+Y 2X+”Z
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Comparison w/ Existing Approache ‘:’3

 Dataset from Deng et al, 2004

4 data sources (Saccharomyces cerevisiae)

— Protein-Protein Interactions
o 2,448 edges

— Protein Complexes
e 30,731 edges

— Pfam Domains
e 28,616 edges

— Expression Correlation
e 1,366 edges
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Comparison w/ Existing Approach

12 functional classes

SEAANUS

L/ Mational 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
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Comparison w/ Existing Approache l}?

e Validation Method (Lanckriet et al, 2004)
— Receiver Operating Characteristics (ROC)
— True Positives vs False Positives
— Area under ROC curve for each function

— Averaged over 3 repetitions of 5-fold cross
validation
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Comparison w/ Existing Approach

ROC Scores for Functional Classes

0.95 - O MRF
0.9 - O Kernel

0.85 - — W Weighted Avg

0.8
0.75 4 M m

ROC

0.7 - — |
0.65

0.6 -
0.55 -

0.5

1 2 3 4 5 6 7 8 9 10 11 12

Functional Class
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GO Terms Prediction for Yeast Proteths™

01 (250)
METABOLISM
e Proteins from
01.01 (100) 01.02 (120)
SaC C h arom y ces amino acid metabolism nitrogen and sulfur metabolism

Cerevesiae

— 5448 proteins from GO
Annotation (SGD)

01.01.03 (35)
assimilation of ammonia, metabolism
of the glutamate group

01.01.05 (65)
metabolism of urea cycle,
creatine and polyamines

01.01.03.01 (12) 01.01.03.02 (15)
metabolism of glutamine metabolism of glutamate
. . 01.01.03.01.01 (6) 01.01.03.01.01 (3)
d F U n Ct' O n al A n n O t at | O n biosynthesis of degradation of
glutamine glutamine

- nge Or?tology e Informative GO Terms (for
— Hierarchical evaluation)

— 3 Namespaces — Zhou et al. (2002)

(r_nole(_:ular function, — FC associated with at
biological process, .
least 30 proteins and no
cellular component) ) .
subclass associated with
at least 30 proteins
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Data Sources

 PPI  Protein Sequences

— BIND — Segs from GO database

— 12,967 unique (archive.godatabase.org)
Interactions betw yeast — Each yeast seq is aligned
proteins w/ rest using BLAST

— FS weight used as score (cutoff E-Score = 1)

— -log(e-score) used as
score

— Top 5 results w/ known
annotations

— 19,808 unique pairs
Involving yeast proteins
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Data Sources

e Pfam Domains

SwissPfam database
(nttp://www.sanger.ac.uk/
Software/Pfam/ftp.shtml)

Precomputed Pfam
domains for SwissProt
and TrEMBL proteins w/
E-value threshold 0.01

Number of common
domains used as score
15,220 unique pairs
iInvolving yeast proteins

Mational Un
of Sin gapcure
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%

e Pubmed Abstracts

Pubmed abstracts obtained
by searching protein’s
name and aliases on
Pubmed

Limit to first 2000 abstracts
returned

Fraction of abstracts w/ co-
occurrence used as score
61,786 unigue pairs
involving yeast proteins
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Multiple Data Sources
PFAM (15,220)

(12,967)
BIND I

(19,808)
BLAST
/

15,727

524

\_

58,835

\_

PUBMED (61,786) N
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Validation

e Precision vs Recall
— Precision

Z_K k. KiIs the number of functions correctly

ZK m predicted for protein |
m, is the number of functions predicted for
— Recall protein i

K

Dk

ZIK " n, Is the number of functions annotated for
i protein |
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Precision
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Combining all data

Recall

Cellular Component®

| Biological Process I -

- - x 7 sources outperforms
0.3 { ¢ PFAM “.
0.2 | -PuBMED ] - + - = |
x| xeran o S any individual data
0 | +ALLSOURCES | | |
0 0.2 0.4 0.6 0.8 source
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Precision vs Recall

Precision

1 s LY,
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o BLAST_SGD TOP
o BLAST_ALLTOP
ABLAST_SGD

X BLAST_ALL

+ ALL SOURCES

0

0.2 0.4 0.6

0.8

« Weighted Averaging
predicts w/ better precision
than transferring function
from top blast hit

 Using all data sources
outperforms topblast in both
sensitivity and precision

Precision vs Recall
1 - . © BLAST_SGD TOP
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Predictions

Novel Predictions for biological_process - transport

gl Il III IIn I S -

No. Protein Known Functions Predicted Function Evidence \
1 |Protein: SG0 5000006221 | biclogical_process Score: D.SESIBLDIZSthSi SE0_S000001E5E 0.6B6B51211072554 \
Aliases: YPRO17C, DS54 |Function: 0045045 Est. 0.982142857 14285% | Pubm=d SR
Desc.: Nucleotide Category: biclogical_process | Precision: Lz = I
ralegse fackar Level: s Support: 56 I SED_SOOD0DE3S 0.642657142857143
functioning in the . S e Uz 0.642B57142857143
post-Golgi L= secretory pathway Cat N —— | |seo_seooonssaz 0.4417028091 301688 |
secretory cellular_component ategaory: blological_process Fubmed 0.441702E51 3515665
pathway, required [ Function: 0005624 Level: 3 SGED_SOOD0DE25S 0.375765740440445 I
for ER-tD-Gn:_rlgl Catagory: callular_componeant Dasc.: vasicle-mediated R 0.37ETE5740440446
transport, binds | 3 el e SED_SOO000LT7E 0.376765740440445 I
zinc, found both : Parents: Level 4: 0006810 '
on membranes Desc.: membrane fraction aren tr?lr-lipnrt— Rl PP T T L o I
and in the == L Lol 2+ 0051234 SED_SHO0003202 0.378765740440445
q.rtnsnl,-. quaning | catagorny: cellular_component establishment of Fubmad B T e s I
nuclectide 7 I = localization SE0_S000001EES 0.201 666666666667
dissociation sl | 2, Pubmad 0.201EEEEEEEE66ET
: . - Level 2: 0050875
stimulator Desc.: soluble fraction cellular phggigl.:.gica' SED_SOODDD0EES 0.257 767546906765 I
molecular_function process Blast 0. 257767 S4B067ED
Function: ooos270 LE‘-’E_| 2: 0051173 FB_FBEGNODZZ020 0.25776TS4E00ETED I
Category: molecular_funciion :_“E"'IZTF'EE esay | |2 0.257767545506758
Laval 5 gvel 1t LUI30840 | seD_s000001266 0.21151 5646670615 |
v celiular process Pubmed D0.21151 5845670618
Dasc.: zinc ion binding Level 1: 0007582 — :
Function: 0005085 physiclagical | S oy |
. - process ubme - SE486
e s aONE e S Pl Level O: 0008150 SED_SOO000Z2LE 021161 5E466T0615 I
Level: E biolagical_process || |Pubmed 0.21 1515846670618
Desc.: guanyl-nucleotide SED_S000004258 D0.211B1 5845670618 I
Eﬁfh.a"'ge factor I Pubmed 0.21151 5B466T061E
=ctivity SED_SHO00DS562 D.0B424381BIREITLS |
. . Lz 0.05424381E2863715
Contributing edges, datasources o seoriss sosacmss ||
1 ] | Lz 005424381 BIB63715
. . SED_SH00004016 0.0842438182863715 /
ahd respective confidence » e —
e P
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Conclusions

« We developed a simple graph-based method that
combines multiple sources of data sources for
function prediction

 QOur method is simple, flexible and can report
datasources contributing to each prediction

« We have shown that our method performs
comparable, if not better, than existing
approaches
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