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Protein function 

prediction w/o 

informative 

sequence homologs 

• Basic protein function 

prediction 

• “Guilt by association” 

of other properties 

• Protein function 

prediction from PPIs 

• “Guilt by association” 

of multiple types of 

information 



Basic Protein Function Prediction 

Limsoon Wong 
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A protein is a ... 

• A protein is a large 

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 Sequence 

• How do we attempt to assign a function to a new 

protein sequence? 

 

 

SPSTNRKYPPLPVDKLEEEINRRMADDNKLFREEFNALPACPIQATCEAASKEENKEKNR 

YVNILPYDHSRVHLTPVEGVPDSDYINASFINGYQEKNKFIAAQGPKEETVNDFWRMIWE 

QNTATIVMVTNLKERKECKCAQYWPDQGCWTYGNVRVSVEDVTVLVDYTVRKFCIQQVGD 

VTNRKPQRLITQFHFTSWPDFGVPFTPIGMLKFLKKVKACNPQYAGAIVVHCSAGVGRTG 

TFVVIDAMLDMMHSERKVDVYGFVSRIRAQRCQMVQTDMQYVFIYQALLEHYLYGDTELE 

VT 

I hope you remember most of what 

I am going to tell you in the next 

~10 slides. If not, dig out your old 

CS2220 lecture notes or slides! 
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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 seen in a 

protein, then the protein 

is homolog of this protein 

 

 

 

 

 

 

 

 “Guilt by association” 

Hypothesis/ 

Fact A 

Entailment A  B 

Observation/ 

Conclusion B 
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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 

Assign to T same  

function as homologs 

Confirm with suitable  

wet experiments 

Discard this function 

as a candidate 
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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 



Guilt by Association of Other Properties 

Limsoon Wong 
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What if there is no useful seq homolog? 

• 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 
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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 D1, …, Dk  F 

– Predict unknown protein to have function F if 

domains D1, …, Dk 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,  = P(F|D)/P(~F|D) 

P(F|D) = /(1 + )  

Forslund & Sonnhammer. “Predicting protein function from 

domain content”. Bioinformatics,  24(15):1681-1687, 2008 
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Similarity of Phylogenetic Profiles 

• 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  
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Phylogenetic  

Profiling: 

How it Works 

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

• E. coli proteins grouped based on similar keywords 

in SWISS-PROT have similar phylogenetic profiles 

No. of non-

homologo

us proteins 

in group 

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

 COG 

hamming distance (D) 

hamming distance X,Y  

= #lineages X occurs + 

   #lineages Y occurs – 

   2 * #lineages X, Y occur 

Phylogenetic Profiling: Evidence 

• 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? 

Wu et al., Bioinformatics, 19:1524--1530, 2003 
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Similarity of Dissimilarities 

          Orange1              Banana1 … 

Apple1  Color = red vs orange 

Skin = smooth vs rough 

Size = small vs small 

Shape = round vs round 

Color = red vs yellow 

Skin = smooth vs smooth 

Size = small vs small 

Shape = round vs oblong 

… 

Orange2 Color = orange vs orange 

Skin = rough vs rough 

Size = small vs small 

Shape = round vs round 

Color = orange vs yellow 

Skin = rough vs smooth 

Size = small vs small 

Shape = round vs oblong 

… 

Unknown1  

 

 

 

… 

… … … … 

Differences 

of “unknown” 

to other fruits 

are same as 

“apple” to 

other fruits 

Color = red vs orange 

Skin = smooth vs rough 

Size = small vs small 

Shape = round vs round 

Color = red vs yellow 

Skin = smooth vs smooth 

Size = small vs small 

Shape = round vs oblong 

“unknown” 

is an 

“apple”! 
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SVM-Pairwise Framework 

Training 

Data 

S1 

S2 

S3 

… 

Testing 

Data 

T1 

T2 

T3 

… 

Training Features 

      S1   S2   S3    … 

S1   f11   f12   f13    … 

S2   f21   f22   f23   … 

S3   f31   f32    f33   … 

…   …    …    …  … 

Feature 

Generation 

Trained SVM Model 

(Feature Weights) 

Training 

Testing Features 

      S1   S2   S3    … 

T1   f11   f12   f13    … 

T2   f21   f22   f23   … 

T3   f31   f32    f33   … 

…   …    …    …  … 

Feature 

Generation 

Support Vectors 

Machine  

(Radial Basis 

Function Kernel) 

Classification 

Discriminant 

Scores  

RBF 

Kernel 

f31 is the local 

alignment score 

between S3 and S1 

f31 is the local 

alignment score 

between T3 and S1 

Image credit: Kenny Chua 

Li & Noble. JCB, 10(6):857-868, 2003 
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Performance of SVM-Pairwise 

• Receiver Operating Characteristic (ROC) 

– The area under the curve derived from plotting true positives as a 

function of false positives for various thresholds.  

 

 

Li & Noble. JCB, 10(6):857-868, 2003 
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The ProtFun Approach 
Jensen, JMB, 319:1257--1265, 2002 

• A protein is not alone 

when performing its 

biological function 

 

• It operates using the same 

cellular machinery for 

modification and sorting 

as all other proteins do, 

such as glycosylation, 

phospharylation, signal 

peptide cleavage, … 

 

• These have associated 

consensus motifs, 

patterns, etc. 

• Proteins performing 

similar functions should 

share some such 

“features” 

 

  Perhaps we can predict 

protein function by 

comparing its “feature” 

profile with other proteins? 

seq1 

Jensen, JMB, 319:1257--1265, 2002 
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ProtFun: How it Works 

Average the output of 

the 5 component ANNs 

Extract feature 

profile of protein 

using various  

prediction methods 

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

• Combinations of 

“features” seem to 

characterize some 

functional 

categories  

Jensen, JMB, 319:1257--1265, 2002 
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ProtFun: Example Output 

• 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 

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

Jensen, JMB, 319:1257--1265, 2002 
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Similarity of Gene Expression Profiles 

• P-value of gene G having function F is thus 
 

 

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

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

Cluster  the 

genes by 

expression 

profiles 

Prob of ≥k genes with function F 

within a cluster C by random chance 

N = # of genes in genome, 

nF = # of genes having F, 

nC = # of genes in C 
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Direction Functional Association in PPIN 

 

• Prob of k genes with 

function F interacting 

with unknown gene G 

by random chance  

Predict G has function 

F when Pi(G,F) is small 

Level-1 neighbour 

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

N = # of genes in genome, 

nF = # of genes having F, 

IG = # of genes interacting with G 
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The approaches described earlier 

assume you have lots of training data. 

 

What if you have only a few training 

samples? 
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Sirius Prediction 

System Builder 
Koh et al. JBCB, 7(6):973-990, 2009 
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Sirius PSB 
• Visualize & 

specify seq 

features to 

search for 

related proteins 

w/ low seq 

similarity 

Koh et al. JBCB, 7(6):973-990, 2009 
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Protein Function Prediction from PPIN 

Limsoon Wong 
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Main Hypotheses of  

PPIN-Based Function Prediction 

• Proteins with similar 

function are topolog-

ically close in PPIN 

– Direct functional 

association 

– Indirect functional 

association 

 

 

 

• Proteins with similar 

function have interac-

tion neighborhoods 

that are similar 

 

A pair of proteins that participate 

in the same cellular processes 

or localize to the same cellular 

compartment are many times 

more likely to interact than a 

random pair of proteins 

When proteins in the neighbor-

hood of a protein X have simi-

lar functions to proteins in the 

neighborhood of a protein Y, 

then proteins X & Y likely 

operate in similar environment 

A
b

d
u

c
ti
o

n
! 

What do you get if you 

apply abduction here? 
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Functional Association Thru Interactions 

• Direct functional association: 

– Interaction partners of a protein are 

likely to share functions w/ it 

– Proteins from the same pathways 

are likely to interact 

 

• Indirect functional association 

– Proteins that share interaction 

partners with a protein may also 

likely to share functions w/ it 

– Proteins that have common 

biochemical, physical properties 

and/or subcellular localization are 

likely to bind to the same proteins 

Level-1 neighbour 

Level-2 neighbour 

Image credit: Kenny Chua 
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Majority Voting 

• Proteins with similar 

function are topolog-

ically close in PPIN 

 

 

• Assign a protein a 

function that is over 

represented among its 

interaction partners 

 

• Shortcomings 

– L1 is not sensitive 

– L2 is noisy 

 

 

Hishigaki et al. Yeast, 18:523-531, 2001 
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YBR055C 

|11.4.3.1 

 
YDR158W 

|1.1.6.5 

|1.1.9 

 

YJR091C 

|1.3.16.1 

|16.3.3 

 

YMR101C 

|42.1 

YPL149W 

|14.4 

|20.9.13 

|42.25 

|14.7.11 

 YPL088W 

|2.16 

|1.1.9 

YMR300C 

|1.3.1 

 

YBL072C 

|12.1.1 

YOR312C 

|12.1.1 

 

YBL061C 

|1.5.4 

|10.3.3 

|18.2.1.1 

|32.1.3 

|42.1 

|43.1.3.5 

|1.5.1.3.2 

 

YBR023C 

|10.3.3 

|32.1.3 

|34.11.3.7 

|42.1 

|43.1.3.5 

|43.1.3.9 

|1.5.1.3.2 

 
YKL006W 

|12.1.1 

|16.3.3 YPL193W 

|12.1.1 

YAL012W 

|1.1.6.5 

|1.1.9 

 

YBR293W 

|16.19.3 

|42.25 

|1.1.3 

|1.1.9 

 

YLR330W 

|1.5.4 

|34.11.3.7 

|41.1.1 

|43.1.3.5 

|43.1.3.9 

YLR140W 

YDL081C 

|12.1.1 

YDR091C 

|1.4.1 

|12.1.1 

|12.4.1 

|16.19.3 

YPL013C 

|12.1.1 

|42.16 

YMR047C 

|11.4.2 

|14.4 

|16.7 

|20.1.10 

|20.1.21 

|20.9.1 

 

Why is L1 not sensitive? 

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

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

Large disagreement between experiments! 

2360 

1212 

570 
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Dealing with noise in PPIN 

• Two proteins participating 
in same biological process 
are more likely to interact 

 

• Two proteins in the same 
cellular compartments are 
more likely to interact 

• CD-distance  

• FS-Weight 

CD-distance & FS-Weight: Based 
on concept that two proteins with 
many interaction partners in 
common are likely to be in same 
biological process & localize to 
the same compartment 

Chua & Wong. Increasing the Reliability of Protein Interactomes. 

Drug Discovery Today, 13(15/16):652--658, 2008 
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• Functional distance between two proteins 
 

 

 

 

• Nk is the set of interacting partners of k 

• X Δ Y is symmetric diff betw two sets X and Y  

• Greater weight given to similarity 

 

Similarity can be defined as  

Czekanowski-Dice Distance 

 
vuvu

vu

NNNN

NN
vuD




,

 
)(2

2
),(1,

ZYX

X
vuDvuS




Is this a good 
measure if u 
and v have very 
diff number of 
neighbours? 

Brun, et al. Genome Biology, 5(1):R6, 2003 
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FS-Weighted Measure 

• FS-weighted measure 

 

 

 

 

• Nk is the set of interacting partners of k 

• Greater weight given to similarity 

 

Rewriting this as 

 

 

 
vuuv

vu

vuvu

vu

NNNN

NN

NNNN

NN
vuS











2

2

2
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ZX

X

YX

X
vuS







2

2

2

2
,

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



CS4220, AY2011/12 Copyright 2012 © Limsoon Wong 

40 

Correlation w/ Functional Similarity  

• Correlation betw functional similarity & estimates 

 

 

 

 

 

 

• 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 

reliabilities 

– Assign reliability to an 

interaction based on its 

expt sources 

• Reliability betw u and v 

computed by: 

 

 

 

• ri is reliability of expt 

source i, 

• Eu,v is the set of expt 

sources in which 

interaction betw u and v is 

observed 

Source Reliability 

Affinity Chromatography 0.823077 

Affinity Precipitation 0.455904 

Biochemical Assay 0.666667 

Dosage Lethality 0.5 

Purified Complex 0.891473 

Reconstituted Complex 0.5 

Synthetic Lethality 0.37386 

Synthetic Rescue 1 

Two Hybrid 0.265407 





vuEi

ivu rr
,

)1(1,
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FS-Weighted Measure with Reliability 

• Take reliability into consideration when 

computing FS-weighted measure: 

 

 

 

 

• Nk is the set of interacting partners of k 

• ru,w is reliability weight of interaction betw u and v 

  Rewriting 
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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: 

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

Prediction Power by Majority Voting 

Considering only  

neighbours w/ FS  

weight > 0.2 

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

Over-Rep of Functions in Neighbours 

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

• FS-weighted Averaging (FWA) 

 

 

 

• rint is fraction of all interaction pairs sharing function 

•  is weight of contribution of background freq 

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

• Nk is the set of interacting partners of k 

• x is freq of function x in the dataset 

• Z is sum of all weights 

 

         

























  

 u vNv Nw

TRTRxx xwwuSxvvuSr
Z

uf ,,,,
1

int 

    
 
















u vNv Nw

TRTR wuSvuSZ ,,1

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

• LOOCV comparison with Neighbour Counting, 

Chi-Square, PRODISTIN 

Chua et al. Bioinformatics, 22:1623-1630, 2006 
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Freq of indirect functional  

association in other genomes 
D. melanogaster 

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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Effectiveness of 

FSWeighted Averaging 

in other genomes 

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” 
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But genes 

sharing 

annotations 

do not always 

interact… 

• Similar functions are 

sometimes at large network 

distances 

Source: Bogdanov & Singh. TCBB, 7:208–217, 2010 
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Labeled Motifs 

• Proteins with similar 

function have interaction 

neighborhoods that are 

similar 

 

 

• Assign a protein a 

function based on 

“network motif” that 

its neighborhood 

matches 

Network motif „g‟ 

4 occurrences of „g‟ in this PPIN 

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

• Shortcoming 

– Works only for 

proteins in subnets 

that can be mapped to 

network motifs 

Chen et al. ICDE2007, pp. 546–555 

P is 

assigned 

function B 
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Pattern-Based Annotation Prediction (PAP) 

• 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 

 

• Shortcoming 

– Rely on topological matching of subnetworks 

Sensitive to noise & missing edges in PPIN 
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Functional Neighborhood Features 

• Affinity of protein u to protein v 

– Pu,v  = Prob of random walks from u to v 

• Affinity of protein v to function a 

– Sfv(a) = Pu,v, over all proteins u having function a 

• Functional profile of a protein v  

– [Sfv(a1), …, Sfv(ak)], normalized 

• 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 
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Comparisons 

MAJ = Majority Voting 

KNN = Functional Neighborhood Features 

IND = FSWeight 

• Functional 

neighborhood 

features is 

slightly better 

than 

FSWeight 

Bogdanov & Singh. TCBB, 7:208–217, 2010 
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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 
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Difficulties w/ Information Fusion 

• Differences in nature 

– E.g., sequence homology vs PPI are very different 

relationships 

 

• Differences in reliability 

– E.g., 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 
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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 

– Identified 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 

62 

Strategy – Step 1 

• Model data source as 

undirected graph G = 

V,E 

– V is a set of vertices; 

each vertex reps a 

protein 

– E is a set of edges; 

each edge (u , v) 

reps a relationship 

(e.g. seq similarity, 

interaction) betw 

proteins u and v 

CDC34 

CDC4 

CDC53 

CLN2 

MET30 

Chua et al. Bioinformatics, 23(24):3364-3373, 2007 
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Strategy – Step 2 

• Combine graphs from 

different data sources 

to form a larger graph 

 

Chua et al. Bioinformatics, 23(24):3364-3373, 2007 
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Strategy – Step 3 

• Estimate edge 

confidence from 

contributing data 

sources 

 

• Predict function by 

observing which 

functions occur 

frequently in the high- 

confidence 

neighbours 

 {FA, FB} {FB, FC} 

{FA, FD} 

? 

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

 

 

• Ek,f is subset of edges of subtype k where each edge 

has either one or both of its vertices annotated with 

function f 

• Sf(u,v) = 1 if u and v shares function f, 0 otherwise  

 
 

1

,

,
,

,),(







fk

fEvu

f

E

vuS

fkp k

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



CS4220, AY2011/12 Copyright 2012 © Limsoon Wong 

67 

Combination of Confidence 

• Combine confidence of data sources contributing 

to each edge: 

 

 

• P(k.f) is confidence of edges of subtype k sharing 

function f 

• Du,v is the set of subtypes of data sources which 

contains the edge (u,v) 

 

  



vuDk

fvu fkpr
,

,11,,

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

• Weighted Average 

 

 

 

 

 

 

• Sf(u) is score of function f for protein u 

• ef(v) is 1 if protein v has function f, 0 otherwise 

• Nu is set of neighbours of u 

• ru,v,f is confidence of edge (u, v) 
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{FA, FB} {FB, FC} 

{FA, FD} 

? 

Chua et al. Bioinformatics, 23(24):3364-3373, 2007 
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Comparison w/ Existing Approaches 

• Dataset from Deng et al, 2004 

 

• 4 data sources (Saccharomyces cerevisiae) 

– Protein-Protein Interactions  

• 2,448 edges 

– Protein Complexes 

• 30,731 edges 

– Pfam Domains 

• 28,616 edges   

– Expression Correlation 

• 1,366 edges 
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Comparison w/ Existing Approaches 

• 12 functional classes 

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 Approaches 

• 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 
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Comparison w/ Existing Approaches 

ROC Scores for Functional Classes

0.5

0.55

0.6
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0.7
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0.8
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1
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Chua et al. Bioinformatics, 23(24):3364-3373, 2007 
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GO Terms Prediction for Yeast Proteins 

• Proteins from 

Saccharomyces 

Cerevesiae 

– 5448 proteins from GO 

Annotation (SGD) 

 

• Functional Annotation 

– Gene Ontology 

– Hierarchical 

– 3 Namespaces 

(molecular function, 

biological process, 

cellular component) 

• Informative GO Terms (for 

evaluation) 

– Zhou et al. (2002) 

– FC associated with at 

least 30 proteins and no 

subclass associated with 

at least 30 proteins  
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Data Sources 

• PPI 

– BIND 

– 12,967 unique 

interactions betw 

yeast proteins 

– Score = FS weight 

 

• Protein Sequences 

– Seqs from GO 

database 

– Each yeast seq is 

aligned w/ rest using 

BLAST 

– Score = log(e_score) 

– Top 5 results w/ known 

annotations 

– 19,808 unique pairs 

involving yeast proteins 
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Data Sources 

• Pfam Domains 

– SwissPfam database 

– Pfam domains for 

SwissProt & TrEMBL 

proteins w/ E-value 

threshold 0.01  

– Score = # of 

common domains 

– 15,220 unique pairs 

involving yeast 

proteins 

• Pubmed Abstracts 

– Pubmed abstracts 

obtained by searching 

protein‟s name and 

aliases on Pubmed 

– Limit to first 1000 

abstracts returned 

– Score = Fraction of 

abstracts w/ co-

occurrence 

– 61,786 unique pairs 

involving yeast proteins 
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Multiple Data Sources 

52 

PUBMED 

BLAST 

PFAM 

BIND 

87 524 252 

14 40 15,727 3,112 

58,835 94 

11,660 

13 10,819 

23 1,919 

(12,967) 

(19,808) 

(61,786) 

(15,220) 

Chua et al. Bioinformatics, 23(24):3364-3373, 2007 
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Precision vs Recall
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Combining all data 

sources outperforms 

any single data source 

Chua et al. Bioinformatics, 23(24):3364-3373, 2007 
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• Weighted Averaging predicts 

w/ better precision than top 

blast hit 

• Using all data sources 

outperforms topblast in both 

sensitivity & precision 

Precision vs Recall
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Conclusions 

• A graph-based method that combines multiple 

sources of data sources for function prediction 

 

• It is simple, flexible and can report data sources 

contributing to each prediction 

 

• It performs comparable, if not better, than 

existing approaches 



CS4220, AY2011/12 Copyright 2012 © Limsoon Wong 

82 

There are many other ways to integrate 

multiple types of information for protein 

function prediction… 
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Combining  

GE & PPI Data 

Xiao & Pan. JBCB, 3(6):1371-89, 2005 
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General Information Fusion Methods 

• 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 
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