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Outline 

Guilt by association of similarity of protein sequences

More thoughtful classifier evaluation

Guilt by association of similarity of dissimilarities

Guilt by association of similarity of interaction partners
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Guilt by association of 
similarity of protein sequence
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Protein function assignment 

A protein is a large complex 

molecule made up of one or more 

chains of amino acids

Usually, only the sequence of amino 

acid is known

Proteins perform a wide variety of 

activities in the cell

How do we predict the function of a 

protein?
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A standard postulate based on evolution

Two proteins (not) inheriting 
their function from a 
common ancestor (do not) 
have similar amino acid 
sequences
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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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Limit of sequence 

similarity-based 

protein function 

assignment

So, need clever 

methods for the 

“twilight zone”

Similarity to ref proteins high  easy

Similarity is low (~30%)  error prone

Similarity is very low  hard

Abagyan RA, Batalov S. J Mol Biol., 273(1):355-68, 1997
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More thoughtful classifier evaluation
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Many deep learning models to the rescue?

DeepFam (2018, CNN)

DeepGO (2018, CNN + DNN)

DeepPred (2019, hierarchical DNN)

DeepGoPlus (2019, CNN + DNN)

UDSMProt (2020, LSTM)

MultiPredGO (2020, multimodal DL)

TALE+ (2021, transformer)

DeepGraphGO (2021, CNN + DNN, multimodal)

DeepGoZero (2022, zero-shot learning), …
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Exercise 

DeepFam, deep learning for 

protein family prediction has 

reported outstanding 

performance

Really? 

Discuss

Seo et al., Bioinformatics, 34(13):i254-i262, 2018 10
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Exercise 

In the context of protein function prediction

What should be considered easy test cases?

What should be considered hard test cases?
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Exercise 

Suppose DeepFam has poor performance on twilight zone proteins

There are very few twilight zone proteins in the test set & reference 

database

Therefore, we shouldn’t worry too much about using DeepFam, right?
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Exercise 

DeepFam is a multi-class classifier, trained on n classes

Given a test instance from any of these n classes

DeepFam predicts the class to which it belongs

What kind of test instances would be considered a “surprise” to DeepFam?

How would DeepFam perform on them?
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Do the test sets 
contain surprising 
questions?

How does DeepFam 
perform on these?

The test sets don’t have surprises (proteins 
from novel classes)

If you give DeepFam a protein from a novel 
class it was not trained on, it will always 
(wrongly) assign it to one of the classes it 
was trained on

There are thousands of function classes 
DeepFam cannot be trained on due to too 
few samples…
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Exercise 

Summarize what you have learned so far in this session
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Guilt by association of 
similarity of dissimilarities
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Inferring protein 

function from low-

similarity reference 

proteins is harmful

Really?

Similarity to ref proteins high  easy

Similarity is low (~30%)  error prone

Similarity is very low  really hard

Abagyan RA, Batalov S. J Mol Biol., 273(1):355-68, 1997 23



Wong Limsoon, CS2220, AY2026/27

Many homology 

search tools are 

optimized to skip 

comparing & 

retrieving low-

similarity proteins

A twilight-zone 

protein is low 

similarity  get 

nothing back!
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Similarities of dissimilarities

The difference between any apple to orange / banana / mango / etc. are 

mostly same as the difference between any other apple with that orange / 

banana / mango / etc.

The difference between a mysterious fruit X to orange / banana / mango / 

etc. are mostly same as the difference between an apple to orange / banana 

/ mango / etc.

The fruit X is likely an apple
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EnsembleFam uses 

low- / dis-similarity 

information 

discarded by other 

methods!

Inspired by SVM-

pairwise

Neamul Kabir & Wong, BMC Bioinformatics, 23:90, 2022 26
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HeatMap of dissimilarity features

There is consistency in the way two proteins of the same family differ from 

the other families

Note: Bitscore 
of proteins in 

the same family 
is typically ~200
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Exercise 

How are “surprises” (i.e., 

proteins not in any of the training 

classes) handled?

Can EnsembleFam / SVM-

Pairwise type of approach avoid 

the problem that DeepFam has 

wrt these proteins?
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Exercise 

If there are 1,000,000 sequences in 

the training set, there would be 

1,000,000 features

Curse of dimensionality: Huge model

Inefficient: Take lots of time to 

generate the feature vector of a test 

sequence

Discuss how this can be solved
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EnsembleFam performance on the whole COG test set
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EnsembleFam performance in the twilight zone
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Contribution of dissimilarities

Base SVMs have similar performance, 

Not much better than e.g. DeepFam

Where does performance increment of 

the ensemble come from? 

Dissimilarity features 
contribute half of the 

predictions by EnsembleFam
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Enzyme Commission (EC) # prediction

Enzymes are more heterogeneous due to hierarchical nature

This heterogeneity adds more difficulty in annotation

There are also twilight zone enzymes

Current methods do not provide good support for twilight zone
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EC # - level 3

Dataset used for expt: Swiss-Prot

Total # of families: 185

Min # of annotated member: 30

45% test data lies in or near 
twilight zone
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EnsembleFam’s 

performance on EC-

level 3 predictions 

in and near the 

twilight zone in 

Swiss-Prot
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Identifying enzymes 

in new genomes
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Enzyme hunting in 

new fungal 

genomes

EC level 3 prediction of different methods. EnsembleFam 
provides more predictions than competing methods

Genome 2: # predicted genes = 3864

Enzyme Non-enzyme

EnsembleFam 725 (19%) 3139 (81%)

DeepEC 54 (1%) 3810 (99%)

Genome 1: # predicted genes = 3302

Enzyme Non-enzyme

EnsembleFam 635 (19%) 2667 (81%)

DeepEC 56 (2%) 3246 (98%)

Genome 3: # predicted genes = 3599

Enzyme Non-enzyme

EnsembleFam 684 (19%) 2915 (81%)

DeepEC 68 (2%) 3531 (98%)
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About the inventor: Neamul Kabir

Neamul Kabir

PhD, NUS, 2023

Lecturer

NUS SOC DISA
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Exercise 

Summarize what you have learned so far in this session
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Guilt by association of 
similarity of interaction partners
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Protein-protein interaction network

Protein-protein interaction (PPI) is 

an interaction between two proteins 

that result in a biological function

PPI network (PPIN) is a graphical 

representation where nodes are 

proteins and edges are interactions

PPI datasets are produced from 

“two-hybrid” experiments, co-

immunoprecipitation, affinity 

purification-mass spectrometry, etc.

Image credit: Max Delbrueck Center
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Functional association through interactions

Direct functional association

Proteins from the same pathways are likely to interact

 Interaction partners of a protein share functions w/ it

Indirect functional association

Proteins that have common biochemical, physical 

properties and/or subcellular localization are likely to 

bind to the same proteins

 Proteins that share interaction partners with a 

protein share functions w/ it

Level-1 neighbour

Level-2 neighbour

44
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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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Frequency of 

indirect functional 

association
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

Source: Kenny Chua
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Prediction by simple neighbour counting

For a given set of “neighbours” of a protein

The “neighbour counting” method predicts the functions of each protein by 

counting the frequency with which its neighbours have each function

The function that is the n-th most frequent in a protein's neighbours is 

predicted as the n-th most probable function of the protein

The rank of each predicted function is taken as its score
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Prediction power by neighbour counting

Sensitivity vs Precision analysis

ni is # functions of protein i

mi is # functions predicted for protein i

ki is # functions predicted correctly for 

protein i
level-2 only neighbours is good

level-1 ∩ level-2 neighbours is best
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Exercise 

PPIN is usually noisy

Lots of edges are artifacts

Make simple neighbour 

counting unreliable

How to avoid counting 

“noise” neighbours?
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Exercise 

To know whether two proteins are 

localized to the same cellular 

compartment, do you really need to 

know where two proteins are?

Image credit: Wikipedia
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Functional similarity estimate: Czekanowski-Dice distance

Functional distance between two 

proteins

Nk is set of interacting partners of k

Δ  is symmetric diff
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Functional similarity estimate: FS-weighted measure

FS-weighted measure

Nk is the set of interacting partners of k
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Correlation with 

functional similarity 

59
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Reliability of expt sources

Assign reliability to an interaction based on 

its expt sources 

Reliability between 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

Nabieva et al, Bioinformatics, 19(S1):i302-i310, 2005
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Exercise

Can you think of things a biologist can do 

to assess the overall reliability of a PPI 

screening assay / source?

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

Nabieva et al, Bioinformatics, 19(S1):i302-i310, 2005
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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
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Integrating 

reliability
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Improvement to prediction power by neighbor counting

Considering only 

neighbours w/ FS 

weight > 0.2
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Improvement to over-rep of functions in neighbours
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Use level-1 & level-2 neighbours for prediction

FS-weighted Average

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
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Performance of FS-weighted averaging

LOOCV comparison with: 

Neighbour Counting

Chi-Square

PRODISTIN
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About the inventor: Kenny Chua Hon Nian

Chua Hon Nian

PhD, NUS, 2008

Postdoc at Harvard & Univ of Toronto

49th hottest paper in Computer Science 

published in 2006

Winner, DREAM2 challenge PPI 

subnetwork, 2007

Head of R&D at Data Robot, 2014 - 2022

Currently, CTO of FeatureByte
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Exercise 

69

Suggest a refinement to the concept 

of counting shared neighbours for 

assessing reliability of PPI

Hint 

The PPI subnetwork shown here is 

only a small part of the complete PPI 

network

Proteins not connecting to A and B 

are omitted from the subnetwork

A B
?
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Closing remarks 

“The ultimate goal of knowledge discovery is to reach a point where 
machine learning is no longer needed”

What do you think about this?
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Good to read

Kabir & Wong, “EnsembleFam: Towards more accurate protein family prediction in the 

twilight zone,” BMC Bioinformatics, 23:90, 2022

Chua & Wong. “Increasing the reliability of protein interactomes,” Drug Discovery Today, 

13(15/16):652-658, 2008

Chua, et al. “Exploiting indirect neighbours and topological weight to predict protein function 

from protein-protein interactions,” Bioinformatics, 22:1623-1630, 2006

Jaakkola, et al. “A discriminative framework for detecting remote homologies,” JCB, 7(1-

2):95-114, 2000

Hawkins & Kihara. “Function prediction of uncharacterized proteins,” JBCB, 5(1):1-30, 2007
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