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Guilt by Association: 
A Tutorial on 

Protein Function Inference
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(Based on work w/ Kenny Chua & Ken Sung)
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Plan

• Protein Function Prediction

• Guilt by Association of Seq Similarity

• Twists in the Tale

• Guilt by Association of Other Type of Info

• Guilt by Association of Multiple Types of Info
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Protein Function Prediction: 
Motivation & Challenges
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• 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 Seq

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

SPSTNRKYPPLPVDKLEEEINRRMADDNKLFREEFNALPACPIQATCEAASKEENKEKNR
YVNILPYDHSRVHLTPVEGVPDSDYINASFINGYQEKNKFIAAQGPKEETVNDFWRMIWE
QNTATIVMVTNLKERKECKCAQYWPDQGCWTYGNVRVSVEDVTVLVDYTVRKFCIQQVGD
VTNRKPQRLITQFHFTSWPDFGVPFTPIGMLKFLKKVKACNPQYAGAIVVHCSAGVGRTG
TFVVIDAMLDMMHSERKVDVYGFVSRIRAQRCQMVQTDMQYVFIYQALLEHYLYGDTELE
VT
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An Early Example of Seq Analysis

• Doolittle et al. (Science, July 1983) searched for 
platelet-derived growth factor (PDGF) in his own 
DB. He found that PDGF is similar to v-sis 
oncogene
PDGF-2  1       SLGSLTIAEPAMIAECKTREEVFCICRRL?DR?? 34
p28sis 61 LARGKRSLGSLSVAEPAMIAECKTRTEVFEISRRLIDRTN 100

⇒“Guilt by association” of sequence similarity!

Source: Ken Sung
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Guilt by Association
of Sequence Similarity
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Guilt by Association: General Idea

• Compare the target sequence T with sequences 
S1, …, Sn of known function in a database

• Determine which ones amongst S1, …, Sn are the 
mostly likely homologs of T

• Then assign to T the same function as these 
homologs

• Finally, confirm with suitable wet experiments
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Guilt by Association of Seq Similarity
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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Seq Alignment

PDGF-2  1       SLGSLTIAEPAMIAECKTREEVFCICRRL?DR?? 34
p28sis 61 LARGKRSLGSLSVAEPAMIAECKTRTEVFEISRRLIDRTN 100

• A seq alignment maximizes the number of 
positions that are in agreement in two sequences

• Many implementations:
– Global vs local alignment
– Gapped vs ungapped
– Filtered vs unfiltered, … Exercise: Name a seq alignment algo
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Seq Alignment: Poor Example

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

No obvious match between 
Amicyanin and Ascorbate Oxidase
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Seq Alignment: Good Example

• Good alignment usually has clusters of extensive 
matched positions

⇒ The two proteins are likely to be homologous

good match between 
Amicyanin and unknown M. loti protein
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BLAST: How It Works
Altschul et al., JMB, 215:403--410, 1990

• BLAST is the most popular tool for “guilt by 
association” seq homology search

find from db seqs
with short perfect
matches to query
seq

find seqs with
good flanking 
alignment

Exercise: Why do we need this step?
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Homologs by BLAST

• Thus our example sequence could be a protein 
tyrosine phosphatase α (PTPα)
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Example Alignment with PTPα
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Twists in the Tale 
of Guilt by Association

of Seq Similarity

Image credit: Shanti Christensen, 
http:// static.flickr.com/46/148437681_7f2dfa977e_m.jpg
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Seq Similarity: Caveats

• Ensure that the effect of database size and other 
biases 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
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Law of Large Numbers
• Suppose you are in a room 

with 365 other people

• Q: What is the prob that a 
specific person in the 
room  has the same 
birthday as you?

• A: 1/365 = 0.3%

• Q: What is the prob that 
there is a person in the 
room having the same 
birthday as you?

• A: 1 – (364/365)365 = 63% 

• Q: What is the prob that 
there are two persons in 
the room having the same 
birthday?

• A: 100%
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Interpretation of P-value
• Seq. comparison progs, 

e.g. BLAST, often 
associate a P-value to 
each hit

• P-value is interpreted as 
prob that a random seq
has an equally good 
alignment

• Suppose the P-value of an 
alignment is 10-6

• If database has 107 seqs, 
then you expect 107 * 10-6 = 
10 seqs in it that give an 
equally good alignment

⇒ Need to correct for 
database size if your seq
comparison prog does not 
do that!

Exercise: Name a commonly used method 
for correcting p-value for a situation like this
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Lightning Does Strike Twice!

• Roy Sullivan, a former park ranger from Virgina, 
was struck by lightning 7 times
– 1942 (lost big-toe nail)
– 1969 (lost eyebrows)
– 1970 (left shoulder seared)
– 1972 (hair set on fire)
– 1973 (hair set on fire & legs seared)
– 1976 (ankle injured)
– 1977 (chest & stomach burned)

• September 1983, he committed suicide
Cartoon: Ron Hipschman

Data: David Hand
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Effect of Seq Compositional Bias

• One fourth of all residues in protein seqs occur in 
regions with biased amino acid composition

• Alignments of two such regions achieves high 
score purely due to segment composition

⇒While it is worth noting that two proteins contain 
similar low complexity regions, they are best 
excluded when constructing alignments 

• E.g., by default, BLAST employs the SEG algo to 
filter low complexity regions from proteins before 
executing a search

Source: NCBI
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Effect of Seq Length

Source: Abagyan & Batalov

Distribution of seq identity vs length 
of unrelated proteins 
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Seq Similarity: Caveats

• Ensure that the effect of database size and other 
biases 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
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Examples of Invalid Function Assignment:

The IMP Dehydrogenases (IMPDH)

A partial list of IMPdehydrogenase misnomers 
in complete genomes remaining in some 

public databases
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IMPDH Misnomer in Methanococcus jannaschii

IMPDH Misnomers in Archaeoglobus fulgidus

IMPDH Misnomer in Methanococcus jannaschii

IMPDH Misnomers in Archaeoglobus fulgidus

IMPDH Domain Structure

• Typical IMPDHs have 2 IMPDH domains that form 
the catalytic core and 2 CBS domains. 

• A less common but functional IMPDH (E70218) 
lacks the CBS domains. 

• Misnomers show similarity to the CBS domains

28
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Invalid Transitive Assignment

Mis-assignment 
of function

A

B

C

Root of invalid transitive assignment

No IMPDH domain



15

29

APBC2007, 15-17 Jan 2007 Copyright 2007 © Limsoon Wong

Seq Similarity: Caveats

• Ensure that the effect of database size and other 
biases 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
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Emerging Pattern

• Most IMPDHs have 2 IMPDH and 2 CBS domains 
• Some IMPDH (E70218) lacks CBS domains
⇒ Alignment must preserve IMPDH domain to infer 

IMPDH

IMPDH Misnomer in Methanococcus jannaschii

IMPDH Misnomers in Archaeoglobus fulgidus

IMPDH Misnomer in Methanococcus jannaschii

IMPDH Misnomers in Archaeoglobus fulgidus

Typical IMPDH Functional IMPDH w/o CBS



16

31

APBC2007, 15-17 Jan 2007 Copyright 2007 © Limsoon Wong

Important Unsolved Challenges

• What if there is no useful seq homolog?
• Guilt by other types of association!

– Domain modeling (e.g., HMMPFAM)
– Similarity of dissimilarities (e.g., SVM-PAIRWISE)
– Similarity of phylogenetic profiles
– 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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Guilt by Association 
of Similarity of 
Dissimilarities

Image credit: www.comstock.com
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Similarity of Dissimilarities

…………

..Color = orange vs yellow
Skin = rough vs smooth
Size = small vs small
Shape = round vs oblong

Color = orange vs orange
Skin = rough vs rough
Size = small vs small
Shape = round vs round

orange2

…Color = red vs yellow
Skin = smooth vs smooth
Size = small vs small
Shape = round vs oblong

Color = red vs orange
Skin  = smooth vs rough
Size = small vs small
Shape = round vs round

apple2

…Color = red vs yellow
Skin = smooth vs smooth
Size = small vs small
Shape = round vs oblong

Color = red vs orange
Skin  = smooth vs rough
Size = small vs small
Shape = round vs round

apple1

…banana1orange1
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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
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Performance of SVM-Pairwise

• ROC: The area under the curve derived from 
plotting true positives as a function of false 
positives for various thresholds
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Guilt by Association 
of Genome Phylogenetic Profiles

Image credit: Ed Marcotte, 
http://apropos.icmb.utexas.edu/plex/tour/isoprenoid.jpg
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Phylogenetic Profiling
Pellegrini et al., PNAS, 96:4285--4288, 1999

• Gene (and hence proteins) with identical patterns 
of occurrence across phyla tend to function 
together

⇒ Even if no homolog with known function is 
available, it is still possible to infer function of a 
protein
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Phylogenetic 
Profiling:

How It Works
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Phylogenetic Profiling: P-value

No. of ways to distribute z
co-occurrences over N
lineage's

No. of ways to distribute
the remaining x – z and y – z
occurrences over the remaining
N – z lineage's

No. of ways of 
distributing X and Y
over N lineage's 
without restriction

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

• E. coli proteins grouped based on similar keywords 
in SWISS-PROT have similar phylogenetic profiles

No. of non-
homologous 
proteins in 
group
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hamming distance X,Y
= #lineages X occurs +

#lineages Y occurs –
2 * #lineages X, Y occur

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

• Proteins having low hamming distance (thus 
highly similar phylogenetic profiles) tend to share 
common pathways Exercise: Why do proteins having high 

hamming distance also have this behaviour?
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Guilt by Association 
of Physico-Chemico

Properties
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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
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ProtFun: Evidence

• Combinations of 
“features” seem to 
characterize some 
functional 
categories 
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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
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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
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Guilt by Association of 
Common Interaction Partners:

Protein Function Prediction
from Protein Interactions

Level-2 neighbour
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Protein Interaction Based Approaches
• Neighbour counting 

(Schwikowski et al, 2000)

• Rank function based on freq 
in interaction partners

• Chi-square (Hishigaki et al, 2001)

• Chi square statistics using 
expected freq of functions in 
interaction partners

• Markov Random Fields (Deng 
et al, 2003; Letovsky et al, 2003)

• Belief propagation exploit 
unannotated proteins for 
prediction

• Simulated Annealing (Vazquez et 
al, 2003)

• Global optimization by 
simulated annealing 

• Exploit unannotated proteins 
for prediction

• Clustering (Brun et al, 2003; Samanta et al, 
2003)

• Functional distance derived 
from shared interaction 
partners

• Clusters based on functional 
distance represent proteins 
with similar functions

• Functional Flow (Nabieva et al, 2004)

• Assign reliability to various 
expt sources

• Function “flows” to 
neighbour based on 
reliability of interaction and 
“potential”

• Indirect Functional Assoc 
(Chua et al, 2006)

• Identification of reliable 
common interaction partners



27

53

APBC2007, 15-17 Jan 2007 Copyright 2007 © Limsoon Wong

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
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An Illustrative Case of 
Indirect Functional Association?

• Is indirect functional association plausible?
• Is it found often in real interaction data?
• Can it be used to improve protein function 

prediction from protein interaction data?

SH3 Proteins SH3-Binding
Proteins
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Materials

• Protein interaction data from General Repository 
for Interaction Datasets (GRID)
– Data from published large-scale interaction 

datasets and curated interactions from literature 
– 13,830 unique and 21,839 total interactions
– Includes most interactions from the Biomolecular 

Interaction Network (BIND) and the Munich 
Information Center for Protein Sequences (MIPS)

• Functional annotation (FunCat 2.0) from Compre-
hensive Yeast Genome Database (CYGD) at MIPS
– 473 Functional Classes in hierarchical order
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Validation Methods
• Informative Functional Classes

– Adopted from Zhou et al, 1999
– Select functional classes w/

• at least 30 members
• no child functional class w/ 

at least 30 members

• Leave-One-Out Cross Validation
– Each protein with annotated 

function is predicted using all 
other proteins in the dataset
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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

Freq of Indirect Functional Association

Source: Kenny Chua
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Prediction Power By Majority Voting
• Remove overlaps in level-1 

and level-2 neighbours to 
study predictive power of 
“level-1 only” and “level-2 
only” neighbours

• Sensitivity vs Precision 
analysis

• ni is no. of fn of protein i
• mi is no. of fn predicted for 

protein i
• ki is no. of fn predicted 

correctly for protein i

⇒ “level-2 only” neighbours
performs better

⇒ L1 ∩ L2 neighbours has 
greatest prediction power

∑
∑= K

i i

K

i i

n

k
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∑
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• Functional distance between two proteins (Brun et al, 2003)

• 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 

Functional Similarity Estimate:
Czekanowski-Dice Distance

( )
vuvu

vu

NNNN
NN

vuD
∩+∪

Δ
=,

( )
)(2

2),(1,
ZYX

XvuDvuS
++

=−=

Is this a good 
measure if u 
and v have very 
diff number of 
neighbours?
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Functional Similarity Estimate:
FS-Weighted Measure
• FS-weighted measure

• Nk is the set of interacting partners of k
• Greater weight given to similarity

⇒Rewriting this as

( )
vuuv
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vuvu

vu

NNNN
NN

NNNN
NN

vuS
∩+−

∩
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2
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×
+

=
2

2
2
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Correlation w/ Functional Similarity 

• Correlation betw functional similarity & estimates

• Equiv measure slightly better in correlation w/ 
similarity for L1 & L2 neighbours

Source: Kenny Chua
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Reliability of Expt Sources
• Diff Expt Sources have diff 

reliabilities
– Assign reliability to an 

interaction based on its 
expt sources (Nabieva et al, 2004)

• 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

ReliabilitySource

0.265407Two Hybrid

1Synthetic Rescue

0.37386Synthetic Lethality

0.5Reconstituted Complex

0.891473Purified Complex

0.5Dosage Lethality

0.666667Biochemical Assay

0.455904Affinity Precipitation

0.823077Affinity Chromatography

∏
∈

−−=
vuEi

ivu rr
,

)1(1,
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Functional Similarity Estimate:
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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Integrating Reliability

• Equiv measure shows improved correlation w/ 
functional similarity when reliability of 
interactions is considered:
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Improvement to 
Prediction Power by Majority Voting

Considering only 
neighbours w/ FS 
weight > 0.2
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Improvement to 
Over-Rep of Functions in Neighbours

Source: Kenny Chua
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Use L1 & L2 Neighbours for Prediction

• FS-weighted Average

• rint is fraction of all interaction pairs sharing function
• λ is weight of contribution of background freq
• δ(k, x) = 1 if k has function x, 0 otherwise
• Nk is the set of interacting partners of k
• πx is freq of function x in the dataset
• Z is sum of all weights
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Performance of FS-Weighted Averaging

• LOOCV comparison with Neighbour Counting, 
Chi-Square, PRODISTIN
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Performance of FS-Weighted Averaging

• Dataset from Deng et al, 2003
– Gene Ontology (GO) Annotations
– MIPS interaction dataset

• Comparison w/ Neighbour Counting, Chi-Square, 
PRODISTIN, Markov Random Field, FunctionalFlow
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Performance of FS-Weighted Averaging

• Correct Predictions made on at least 1 function 
vs Number of predictions made per protein

Correct Predictions
vs Predictions Made - Cellular Role
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Freq of Indirect Functional 
Association in Other Genomes
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Effectiveness of FS Weighted 
Averaging in Other Genomes
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Conclusions

• Indirect functional association is plausible

• It is found often in real interaction data 

• It can be used to improve protein function 
prediction from protein interaction data

• It should be possible to incorporate interaction 
networks extracted by literature in the inference 
process within our framework for good benefit
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Guilt by Association of 
Multiple Type of Information:
Protein Function Prediction

by 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

• 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
• Problems:

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

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

• Unified scoring of multiple sources has potential 
(Lee et al., Science, 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
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Strategy – Step 1

• Model a 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
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Strategy – Step 2

• Combine graphs from 
different data sources 
to form a larger graph
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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}

?
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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
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Discretization of Existing Scores

• Scores may come in many forms
– E.g., 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:

• 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)
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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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Level-2 Neighbours

• Increase coverage of Protein-Protein interactions
– Indirect function association (Chua et al. 2006)
– Topological weight applied to PPI
– Divide into 3 subtypes:

– A theshold of 0.01 is applied on L2 neighbours to 
limit false positives

A

D

B

A

C

A

Level-1 Neighbours Level-2 Neighbours Level-1&2 Neighbours
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Topological Weight Applied to PPI:
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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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

306Transport facilitation12
192Control of cellular organization11
411Cell fate10
193Interaction with the cellular environment9
264Cell rescue, defense & virulence8
479Cellular transport & transport mechanism7
578Protein fate6
335Protein synthesis5
753Transcription4
600Cell cycle & DNA processing3
242Energy2
1048Metabolism1
SizeCategory
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Comparison w/ Existing Approaches

• 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 Approaches

ROC Scores for Functional Classes
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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

– FS weight used as score

• Protein Sequences
– Seqs from GO database 

(archive.godatabase.org) 
– Each yeast seq is aligned 

w/ rest using BLAST 
(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
• Pfam Domains

– SwissPfam database 
(http://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 
involving yeast proteins

• Pubmed Abstracts
– Pubmed abstracts obtained 

by searching protein’s 
name and aliases on 
Pubmed

– Limit to first 1000 abstracts 
returned

– Fraction of abstracts w/ co-
occurrence used as score

– 61,786 unique pairs 
involving yeast proteins
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Multiple Data Sources

52

PUBMED

BLAST

PFAM
BIND

87524 252

144015,727 3,112

58,835 94

11,660
1310,819

231,919

(12,967)

(19,808)

(61,786)

(15,220)
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Precision vs Recall
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Molecular Function

Biological Process Cellular Component

Combining all data 
sources outperforms 
any individual data 

source
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Precision vs Recall
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• Weighted Averaging 
predicts w/ better precision 
than transferring function 
from top blast hit

• Using all data sources 
outperforms topblast in both 
sensitivity and precisionMolecular Function

Biological Process Cellular Component
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Conclusions

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

• Our 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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Any Question?


