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Outline of the Master Class 

ÅBrief overview of biological networks 

 

ÅUsing biological networks 

ïGene expression profile analysis 

ïProteomic profile analysis 

ïProtein function prediction 

ïOther applications 

 

Å Issues to be aware of in using biological 

networks 

 



Overview of Biological Networks 
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ÅComplete genomes 

are now available 

ÅKnowing the genes is 

not enough to 

understand how 

biology functions 

ÅProteins, not genes, 

are responsible for 

many cellular activities 

 

ÅProteins function by 

interacting w/ other 

proteins and 

biomolecules 

GENOME 
PROTEOME 

ñINTERACTOMEò 

Why Biological Networks? 

Slide credit: See-Kiong Ng 

http://www.genome.ad.jp/kegg/docs/slides/tutorial1/pg01.html
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Types of Biological Networks 

ÅNatural biological pathways 

ïMetabolic pathway 

ïGene regulation network 

ïCell signaling network 

 

ÅProtein-protein interaction networks 

 



Tutorial for WSMB 2012 Copyright 2012 © Limsoon Wong 

6 

Metabolic 

Pathway 

ïCatalyzed by enzymes 

ïStep-by-step modification of an initial molecule to 

form another product that can 

Åbe used /store in the cell 

Åinitiate another metabolic pathway 

Image credit: Wikipedia 

ÅA series of 

biochem 

reactions in 

a cell 
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Gene Regulation Network 

ÅGene regulation is 

the process that 

turns info from genes 

into gene products 

 

ÅGives a cell control 

over its structure & 

function 

ïCell differentiation 

ïMorphogenesis 

ïAdaptability, é 

Image credit: Genome to Life 

Image credit: Natasa Przulj 
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Cell Signaling Network 

Å It is the entire set of changes induced 

by receptor activation 

ïGoverns basic cellular activities and 

coordinates cell actions 

 

ÅCells communicate with each other 

ïDirect contact (juxtacrine signaling) 

ïShort distances (paracrine signaling) 

ïLarge distances (endocrine signaling) 

 

ÅErrors result in cancer, diabetes, ...  
Image credit: Wikipedia 
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Protein Interaction Network (PPIN) 

ÅPPI usual refers to 

physical binding 

between proteins 

ïStable interaction  

ÅProtein complex 

Å~70% of PPIs 

ïTransient interaction, 

modifying a protein 

for further actions 

ÅPhosphorylation 

ÅTransportation 

Å~30% of PPIs 

ÅPPIN is usually a set 

of PPIs; it is not put 

into biological context 

Visualization of the human interactome. 

Image credit: Wikepedia 



Using Biological Networks, Part 1: 

Delivering Reproducible Gene Expression 

Analysis 

Limsoon Wong 
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Part 1: Delivering 

reproducible gene 

expression analysis 

ÅBasic gene expression 

analysis 

 

ÅSome issues in gene 

expression analysis 

 

ÅBatch effect & 

normalization 

 

Å Improving 

reproducibility 
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Gene Expression Measurement  

by Affymetrix GeneChip Array 

Image credit: Affymetrix 
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Diagnosis Using Microarray 

Image credit: Affymetrix 
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Application: Disease Subtype Diagnosis 

??? 

malign 

malign 

malign 

malign 

benign 

benign 

benign 

benign 

??? ??? 

genes 

s
a

m
p
le

s
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Application: Drug Action Detection 

Normal 

Normal 

Normal 

Normal 

Drug 

Drug 

Drug 

Drug 

genes 

c
o

n
d
it
io

n
s
 

Which group of genes are the drug affecting on? 
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Typical Analysis Workflow 

ÅGene expression 

data collection 

ÅDE gene selection 

by, e.g., t-statistic 

ÅClassifier training 

based on selected 

DE genes 

ÅApply the classifier 

for diagnosis of 

future cases  

 

Image credit: Golub et al., Science, 286:531ï537, 1999 
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Image credit: Yeoh et al, Cancer Cell, 1:133-143, 2002 

Hierarchical Clustering 
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PCA Plots 

Image credit: Yeoh et al, Cancer Cell, 1:133-143, 2002 
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Part 1: Delivering 

reproducible gene 

expression analysis 

ÅBasic gene expression 

analysis 

 

ÅSome issues in gene 

expression analysis 

 

ÅBatch effect & 

normalization 

 

Å Improving 

reproducibility 
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Some Headaches 

ÅNatural fluctuations of gene expression in a 

person 

 

ÅNoise in experimental protocols 

ïNumbers mean diff things in diff batches 

ïNumbers mean diff things in data obtained from 

diff platforms 

 

ÝSelected genes may not be meaningful 

ïDiff genes get selected in diff expts 
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Natural Fluctuations 
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Batch Effects 

ÅSamples from diff batches are grouped together, 

regardless of subtypes and treatment response 

 Image credit: Difeng Dongôs PhD dissertation, 2011 
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Percentage of Overlapping Genes 

Å Low % of overlapping 

genes from diff expt in 

general 

 

ïProstate cancer 

ÅLapointe et al, 2004 

ÅSingh et al, 2002 

ïLung cancer 

ÅGarber et al, 2001 

ÅBhattacharjee et al, 

2001 

ïDMD 

ÅHaslett et al, 2002 

ÅPescatori et al, 2007 

Datasets DEG POG 

Prostate 

Cancer 

Top 10 0.30 

Top 50 0.14 

Top100 0.15 

Lung 

Cancer 

Top 10 0.00 

Top 50 0.20 

Top100 0.31 

DMD 
Top 10 0.20 

Top 50 0.42 

Top100 0.54 
Zhang et al, Bioinformatics, 2009 
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Part 1: Delivering 

reproducible gene 

expression analysis 

ÅBasic gene expression 

analysis 

 

ÅSome issues in gene 

expression analysis 

 

ÅBatch effect & 

normalization 

 

Å Improving 

reproducibility 
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Approaches to Normalization 

ÅAim of normalization:  

 Reduce variance w/o 

increasing bias 

 

ÅScaling method 

ïIntensities are scaled 

so that each array 

has same ave value 

ïE.g., Affymetrixôs  

 

 

ÅTransform data so 

that distribution of 

probe intensities is 

same on all arrays 

ïE.g., (x -m) / s 

 

ÅQuantile normalization 
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Quantile Normalization 

ÅGiven n arrays of length p, 

form X of size p × n where 

each array is a column 

ÅSort each column of X to 

give Xsort 

ÅTake means across rows 

of Xsort and assign this 

mean to each elem in the 

row to get Xôsort 

ÅGet Xnormalized by arranging 

each column of Xôsort to 

have same ordering as X 

ÅImplemented in some 

microarray s/w, e.g., 

EXPANDER 
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After quantile 

normalization 

Image credit: Difeng Dongôs PhD dissertation, 2011 
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Caution: ñOver 

normalizeò signals in 

cancer samples 

Wang et al. Molecular Biosystems, in press 

A gene normalized by quantile 

normalization (RMA) was detected 

as down-regulated DE gene, but 

the original probe intensities in 

cancer samples were higher than 

those in normal samples 

A gene was detected as an up-

regulated DE gene in the non-

normalized data, but was not 

identified as a DE gene in the 

quantile nornmalized data 
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Part 1: Delivering 

reproducible gene 

expression analysis 

ÅBasic gene expression 

analysis 

 

ÅSome issues in gene 

expression analysis 

 

ÅBatch effect & 

normalization 

 

Å Improving 

reproducibility 
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Law of Large Numbers 

ÅSuppose you are in a 

room with 365 other 

people 

 

ÅQ: What is prob that a 

specific person in the 

room  has the same 

birthday as you? 

ÅA: 1/365 = 0.3% 

 

ÅQ: What is prob that 

there is a person in 

the room having same 

birthday as you? 

ÅA: 1 ï (364/365)365 = 

63%  

 

ÅQ: What is prob that 

there are two persons 

in the room having 

same birthday? 

ÅA: 100% 
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Individual Genes 

ÅSuppose  

ïEach gene has 50% 

chance to be high 

ïYou have 3 disease 

and 3 normal 

samples 

 

ÅHow many genes on a 

microarray are 

expected to perfectly 

correlate to these 

samples? 

ÅProb(a gene is 

correlated) = 1/26 

Å# of genes on array = 

100,000 

ÝE(# of correlated 

genes) = 1,562 

 

ÝMany false positives 

ÅThese cannot be 

eliminated based on 

pure statistics! 
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Group of Genes 

ÅSuppose  

ïEach gene has 50% 

chance to be high 

ïYou have 3 disease 

and 3 normal 

samples 

ÅWhat is the chance of 

a group of 5 genes 

being perfectly 

correlated to these 

samples? 

ÅProb(group of genes 

correlated) = (1/26)5 

ïGood, << 1/26 

Å# of groups = 100000C5 

ÝE(# of groups of genes 

correlated) = 100000C5* 

(1/26)5 = 2.6*1012 

 

ÝEven more false 

positives? 

ÅPerhaps no need to 

consider every group 
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Gene Regulatory Circuits 

Å Each disease phenotype 

has some underlying 

cause 

 

Å There is some unifying 

biological theme for genes 

that are truly associated 

with a disease subtype 

 

Å Uncertainty  in selected 

genes can be reduced by 

considering biological 

processes of the genes 

 

Å The unifying biological 

theme is basis for inferring 

the underlying cause of 

disease subtype 
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Taming false positives by 

considering pathways instead of 

all possible groups 

# of pathways = 

1000 

E(# of pathways 

correlated) = 

1000 * (1/26)5 = 

9.3*10-7 
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Towards More Meaningful Genes 

Å ORA  

ïKhatri et al 

ïGenomics, 2002 

Å FCS 

ïPavlidis & Noble 

ïPSB 2002 

Å GSEA 

ïSubramanian et al 

ïPNAS, 2005 

Å SNet 

ïSoh et al  

ïBMC Genomics, 2011 

Overlap Analysis 

Direct-Group Analysis 

Network-Based Analysis 
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GO Class 1 

GO Class 2 

GO Class N 

é
 

Significant Class 1 

Non Significant Class 2 

é
 

Significant Class N 

Binomial 

estimation 

S Draghici et al. ñGlobal functional profiling of gene expressionò. Genomics, 81(2):98-104, 2003. 

Threshold 

Overlap Analysis: ORA 
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GO Class 1 

GO Class 2 

GO Class N 

é
 

Score 1 

Score 2 

é
 

Score 3 

Permutation 

Test 

Significant Class 1 

Non Significant Class 2 

é
 

Significant Class N 

( )ä=
-

n

k kP
n 1

log
1

P Pavlidis et al. ñUsing the gene ontology for microarray data mining: A comparison of methods and application to age 

effects in human prefrontal cortexò. Neurochem Res., 29(6):1213-1222, 2004. 

Direct-Group Analysis: FCS 
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FCS: Key variations 

ÅñCorrelation scoreò 

ïScore of a class C = average pair-wise correlation 

of genes in the class C 

 

ÅñExperimental scoreò 

ïScore of a class C = average of log-transformed p-

values of genes in the class C 

 

ÅNull distribution to estimate the p-value of the 

scores above is by repeated sampling of random 

sets of genes of the same size as C 

Pavlidis et al., PSB 2002 
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An example 

based on 

FCS 

 

Brain Data 

Pavlidis et al., PSB 2002 
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A problem w/ FCS 

as proposed by 

Pavlidis et al in 

PSB 2002 

Å Its null hypothesis:  

ïñgenes in C are indepen-

dently expressed & not 

diff from other genes 

ÅBut é 

ïGenes in a pathway are 

not independent 

Ý Becomes over sensitive 

 

ÅSolution: generate null 

distribution by randomi-

zing patient class labels 

 

Goeman & Buhlmann. ñAnalyzing gene expression data in terms of gene sets: 

Methodological issuesò. Bioinformatics, 23(8):980-987, 2007 
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FCS: Why do we 

estimate p-value 

using a null 

distribution based 

on repeated 

sampling of 

randomized gene 

sets / patient 

sets? 

Venet et al. ñMost random gene expression signatures are 

significantly associated with breast cancer outcomeò. PLoS 

Computational Biology, 7(10):e1002240, 2011.  
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Rank Genes 

GO Class 1 

GO Class 2 

GO Class N 

é
 

Assign score to each 

class based on gene 

rank 

Significant Class 1 

Non Significant Class 2 

é
 

Significant Class N 

Permutation test 

Direct-Group Analysis: GSEA 

( )iSPhit ,1
( )iSPmiss ,1

( ) ( )( )iSPiSP misshit ,,max 11 -

( )iSPhit ,2
( )iSPmiss ,2

( )iSP Nhit , ( )iSP Nmiss ,

Subramanian et al. ñGene set enrichment analysis: A knowledge-based approach for interpreting genome wide 

expression profilesò. PNAS, 102(43):15545-15550, 2005 
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GSEA: Key Points 

ÅñEnrichment scoreò 

ïThe degree that the 

genes in gene set C are 

enriched in the extremes 

of ranked list of all genes 

ïMeasured by 

Komogorov-Smirnov 

statistic 

ÅNull distribution to estimate the p-value of the 

scores above is by randomizing patient class 

labels 

 

Subramanian et al., PNAS, 102(43):15545-15550, 2005 
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A problem w/ 

GSEA 

Å Its enrichment score 

considers all genes in C 

 

ÅBut é 

ïNot all branches of a 

large pathway have to 

ñgo wrongò 

Ý Cannot detect if only a 

small part of a pathway 

malfunctions 

 

ÅSolution: Break pathways 

into subnetworks  

 

Wong. ñUsing Biological Networks in Protein Function Prediction and Gene 

Expression Analysisò. Internet Mathematics, 7(4):274--298, 2011.  
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Network-Based Analysis: SNet 

ÅGroup samples into type D and ×D 

ÅExtract & score subnetworks for type D 

ïGet list of genes highly expressed in most D samples 

ÅThese genes need not be differentially expressed! 

ïPut these genes into pathways 

ïLocate connected components (ie., candidate 

subnetworks) from these pathway graphs 

ïScore subnetworks on D samples and on ×D samples 

ÅFor each subnetwork, compute t-statistic on the two 

sets of scores  

ÅDetermine significant subnetworks by permutations 

Soh et al.  ñFinding Consistent Disease Subnetworks Across Microarray 

Datasetsò. BMC Bioinformatics, 12(Suppl. 13):S15, 2011. 



Tutorial for WSMB 2012 Copyright 2012 © Limsoon Wong 

46 

SNet: Score Subnetworks 

Soh et al.  BMC Bioinformatics, 12(Suppl. 13):S15, 2011. 
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SNet: Significant Subnetworks 

ÅRandomize patient 

samples many times 

ÅGet t-score for 

subnetworks from the 

randomizations 

ÅUse these t-scores to 

establish null 

distribution 

ÅFilter for significant 

subnetworks from real 

samples 

Soh et al.  BMC Bioinformatics, 12(Suppl. 13):S15, 2011. 
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Genes A, B, C are high in 

phenotype D 

 

A is high in phenotype ~D but B 

and C are not 

A 

B 

C 

Conventional techniques: Gene 

B and Gene C are selected. 

Possible incorrect postulation 

of mutations in gene B and C 

Key Insight # 1 

ÅSNet does not require 

all the genes in subnet 

to be diff expressed 

 

Å It only requires the 

subnet as a whole to 

be diff expressed 

 

ÅAble to capture entire 

relationship, 

postulating a mutation 

in gene A 
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A branch within pathway 

consisting of genes A, B, C, D and 

E are high in phenotype D 

 

Genes C, D and E not high in 

phenotype ~D 

 

30 other genes not diff expressed 

A 

B 

C 

Conventional techniques: Entire 

network is likely to be missed 

D 

E 

30 other genes 

Key Insight # 2 

ÅSNet: Able to capture the subnetwork branch 

within the pathway 
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Genes A, B and C are present in 

two separate pathways 

 

A, B and C are high in phenotype 

D, but not high in phenotype ~D 

Conventional techniques:  

 

Both pathways are scored equally. 

So both got selected, resulting in 

pathway 2 being a false positive 

A 

B 

C 

A 

B 

C 

Pathway 1 Pathway 2 

Key Insight # 3 

ÅSNet: Able to select only pathway 1, which has 

the relevant relationship 
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Letôs see whether SNet gives us 

subnetworks that are  

 

(i) more consistent between 

datasets of the same types of 

disease samples 

 

(ii) larger and more meaningful 
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Better Subnetwork Overlap 

ÅFor each disease, take significant subnetworks 

from one dataset and see if it is also significant in 

the other dataset 

 

Soh et al.  BMC Bioinformatics, 12(Suppl. 13):S15, 2011. 
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Better Gene Overlaps 

ÅFor each disease, take significant subnetworks 

extracted independently from both datasets and 

see how much their genes overlap 

 

Soh et al. BMC Bioinformatics, 12(Suppl. 13):S15, 2011. 
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Larger Subnetworks 

Soh et al. BMC Bioinformatics, 12(Suppl. 13):S15, 2011. 
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What have we learned? 

ÅCommon headaches in gene expression analysis 

ïNatural fluctuation, protocol noise, batch effect 

 

ÅUse of biological background info to tame false 

positives 

 

ÅOverlap analysis Ą direct-group analysis Ą 

network-based analysis 

 

ÅSNet method yields more consistent and larger 

disease subnetworks 
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From pathways to models, 

From static to dynamic:  
A couple of very recent papers that are worth your leisure readingé 

Å Geistlinger et al. From sets to graphs: Towards a realistic 

enrichment analysis of transcriptomic systems. Bioinformatics, 

27(13):i366ði373, 2011 

Å Zampieri et al.  A system-level approach for deciphering the 

transcriptional response to prion infection. Bioinformatics, 27(24): 

3407--3414, 2011 



Using Biological Networks, Part 2: 

Delivering More Powerful Proteomic 

Profile Analysis 

Limsoon Wong 
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ÅFirst, some basics of proteomic MSé 
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Typical Proteomic MS Experiment 

Source: Steen & Mann. The ABCôs and XYZôs of peptide sequencing. 

Nature Reviews Molecular Cell Biology, 5:699-711, 2004 
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Image credit: Kall and Vitek, PLoS Comput Biol , 7(12): e1002277, 2011 

Diagnosis Using Proteomics 
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A rather nice 

set of proteomic 

profiles of 

leukemia 

patients 

Source: Hegedus et al. Proteomic analysis of childhood leukemia. Leukemia, 19:1713-1718, 2005 
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Step 1:  

Protein Identification by Mass Spec 

S 
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S#: 1708 RT: 54.47 AV: 1 NL: 5.27E6

T: + c d Full ms2 638.00 [ 165.00 - 1925.00]
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MS/MS instrument 

Database search 
Å Sequest, Mascot, InSpect 

de Novo interpretation 
Å Lutefisk, Peaks, PepNovo 

Source: Leong Hon Wai 
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Tandem Mass-Spectrometry 

Source: Leong Hon Wai 
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Breaking Protein into Peptides,  

and Peptides into Fragment Ions 

ÅProteases, e.g. trypsin, break protein into 

peptides 

ÅA Tandem Mass Spectrometer further breaks the 

peptides down into fragment ions and measures 

the mass of each piece 

ÅMass Spectrometer accelerates the fragmented 

ions; heavier ions accelerate slower than lighter 

ones 

ÅMass Spectrometer measures mass/charge ratio 

of an ion 

Source: Leong Hon Wai 
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Peptide Identification by Mass Spec 

S 

e 
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u 

e 
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MS/MS instrument 

Database search 
Å Sequest, Mascot, InSpect 

de Novo interpretation 
Å Lutefisk, Peaks, PepNovo 

Step 2: 

Understanding an  

MS/MS Spectrum 

S#: 1708 RT: 54.47 AV: 1 NL: 5.27E6

T: + c d Full ms2 638.00 [ 165.00 - 1925.00]
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Source: Leong Hon Wai 
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Peptide Fragmentation 

ÅPeptides tend to fragment along the backbone 

ÅFragments can also loose neutral chemical 

groups like NH3 and H2O 

H...-HN-CH-CO    .  .   .   NH-CH-CO-NH-CH-CO-éOH 

Ri-1 Ri Ri+1 

H+ 

Prefix Fragment Suffix Fragment 

Collision Induced Dissociation 

Source: Leong Hon Wai 
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Peptide Fragmentation 

Bafna & Edwards. ñOn de novo interpretation of tandem mass 

spectra for peptide identificationò. RECOMB 2003, pp. 9-18 
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é and fragments due to neutral losses 

y3 

b2 

y2 y1 

b3 a2 a3 

                                       HO                  NH3
+ 

                                         |                       | 

                     R1       O              R2     O             R3       O             R4 

                |      ||                |      ||               |       ||              | 

H -- N --- C --- C --- N --- C --- C --- N --- C --- C --- N --- C -- COOH 

        |       |               |        |               |       |               | 

       H      H             H       H             H      H             H  

b2-H2O  

y3 -H2O 

b3- NH3 

y2 - NH3 

Source: Leong Hon Wai 



Tutorial for WSMB 2012 Copyright 2012 © Limsoon Wong 

70 

Mass Spectra 

G V D L K 

mass 
0 

57 Da = óGô  99 Da = óVô 
L K   D V G 

ÅThe peaks in the mass spectrum: 

ïPrefix  

ïFragments with neutral losses (-H2O, -NH3) 

ïNoise and missing peaks 

and Suffix Fragments 

D 

H
2
O

 

Source: Leong Hon Wai 
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Example MS/MS Spectrum 

Bafna & Edwards. ñOn de novo interpretation of tandem mass 

spectra for peptide identificationò. RECOMB 2003, pp. 9-18 
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Protein Identification with MS/MS 

G V D L K 

mass 

0 

In
te

n
s
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y
 

mass 
0 

MS/MS 

Peptide 

Identification  
 

Source: Leong Hon Wai 
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Peptide Identification by Mass 

S 

e 

q 

u 

e 

n 

c 

e 

MS/MS instrument 

Database search 
ÅSequest, Mascot 

de Novo interpretation 
ÅLutefisk, Peaks 

Step 3: Computational Methods 
Database search 

     Sequest, Mascot 

de Novo interpretation 

     Lutefisk, Peaks, PepNovo 

S#: 1708 RT: 54.47 AV: 1 NL: 5.27E6

T: + c d Full ms2 638.00 [ 165.00 - 1925.00]
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Database Search Algorithms  

ÅDatabase search 

ïUsed for spectrum from known peptides 

ïRely on completeness of database 

 

ÅGeneral Approach 

ïMatch given spectrum with known peptide 

ïEnhanced with advanced statistical analysis and 

complex scoring functions 

 

ÅMethods 

ïSEQUEST, MASCOT, InsPecT, Paragon 
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Theoretical Spectrum for a Peptide 

ÅGiven this peptide 

 

 

 

Å Its theoretical spectrum is 

 

 

ÅTheoretical spectrum is dependent on 

ïSet of ion-types considered 

ïLarger if multi-charge ions are considered 

 

 

 

G V D L K 

mass 
0 

Source: Leong Hon Wai 
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Database Search Algorithm  

Repeat for all the peptides in 

the Database 

S#: 1708 RT: 54.47 AV: 1 NL: 5.27E6

T: + c d Full ms2 638.00 [ 165.00 - 1925.00]
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Database 

Search 

Match 

Theoretical 

spectrum 
0 

Database of 

known peptides 

 
MDERHILNM,   KLQWVCSDL, 

PTYWASDL,   ENQIKRSACVM, 

TLACHGGEM,  NGALPQWRT, 

HLLERTKMNVV,   GGPASSDA,   

GGLITGMQSD,  MQPLMNWE, 

ALKIIMNVRT,  AVGELTK,  
HEWAILF,  GHNLWAMNAC, 

GVFGSVLRA,  EKLNKAATYIN.. 

Matching Score 

for this peptide 

Source: Leong Hon Wai 
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De Novo Sequencing Algorithms 

ÅGiven a spectrum 

ïBuild a spectrum graph 

ïPeptides are paths in this graph 

ïFind the best path 

Source: Leong Hon Wai 
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Spectrum Graph for a Peptide 

ÅConnect peaks together 

ïIf their mass difference = mass of an amino acid 

ÅTheoretical spectrum is dependent on 

ïSet of ion-types considered 

ïLarger if multi-charge ions are considered 

 

G V D L K 

mass 
0 

Source: Leong Hon Wai 
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Building a Graph from a Spectrum 
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De Novo Sequencing Algorithms  

S#: 1708 RT: 54.47 AV: 1 NL: 5.27E6

T: + c d Full ms2 638.00 [ 165.00 - 1925.00]
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Frank, et al. ñDe Novo Peptide Sequencing and Identification with 

Precision Mass Spectrometryò. J. Proteome Res. 6:114-123, 2007 

Find longest 

directed acyclic 

path 
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De Novo vs. Database Search  
S#: 1708 RT: 54.47 AV: 1 NL: 5.27E6

T: + c d Full ms2 638.00 [ 165.00 - 1925.00]
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De Novo 

AVGELTK 

Database 

Search 

Database of all peptides = 20n 

 
AAAAAAAA,AAAAAAAC,AAAAAAAD,AAAAAAAE,

AAAAAAAG,AAAAAAAF,AAAAAAAH,AAAAAAI, 

 

AVGELTI, AVGELTK , AVGELTL, AVGELTM, 

 

YYYYYYYS,YYYYYYYT,YYYYYYYV,YYYYYYYY 

Database of 

known peptides 

 
MDERHILNM,   KLQWVCSDL, 

PTYWASDL,   ENQIKRSACVM, 

TLACHGGEM,  NGALPQWRT, 

HLLERTKMNVV,   GGPASSDA,   

GGLITGMQSD,  MQPLMNWE, 

ALKIIMNVRT,  AVGELTK,  
HEWAILF,  GHNLWAMNAC, 

GVFGSVLRA,  EKLNKAATYIN.. 

Source: Leong Hon Wai 
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De Novo vs. Database Search: A Paradox 

ÅThe database of all peptides is huge å O(20n) 

ÅThe database of all known peptides is much 

smaller  å O(108) 

 

ÅHowever, de novo algorithms can be much faster, 

even though their search space is much larger! 

ïA database search scans all peptides in the 

search space to find best one 

ïDe novo eliminates the need to scan all peptides 

by modeling the problem as a graph search 

Source: Leong Hon Wai 
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Protein Identification 

ÅAfter all the peptides have been identified, they 

are grouped into protein identifications 

ÅPeptide scores are added up to yield protein 

scores  

ÅConfidence of a particular peptide identification 

increases if other peptides identify the same 

protein and decreases if no other peptides do so 

ÅProtein identifications based on single peptides 

should only be allowed in exceptional cases 

Source: Steen & Mann. The ABCôs and XYZôs of peptide sequencing. 

Nature Reviews Molecular Cell Biology, 5:699-711, 2004 
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Cf. Gene Expression Profile Analysis 

ÅOnce the proteins are identified, the proteomic 

profile of a sample can be constructed 

ïI.e., which protein is found in the sample and how 

abundant it is 
 

ÅSimilar to gene expression profile. So gene 

expression profile analysis techs can be applied 
 

ÅSome key differences  

ïProteomic profile has much fewer features 

ïProteomic profiling study has much fewer samples 
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Part 2: Delivering 

more powerful 

proteomic profile 

analysis 

ÅCommon issues in 

proteomic profile 

analysis 

 

Å Improving consistency 

ïPSP 

ïPDS 

 

Å Improving coverage 

ïCEA 

ïPEP 

ïMax Link 
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Peptide & protein identification by MS is 

still far from perfect 

Åñé peptides with low scores are, nevertheless, 

often correct, so manual validation of such hits 

can often órescueô the identification of important 

proteins.ò 

 Steen & Mann. The ABCôs and XYZôs of peptide sequencing. 

Nature Reviews Molecular Cell Biology, 5:699-711, 2004 
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Typical 

frequency 

distribution of 

proteins 

detected in 

proteomic 

profiles 

Only 25 out of 800+ proteins are 

common to all 5 mod-stage HCC 

patients! Image credit: Wilson Goh 
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Issues in Proteomic Profiling 

ÅCoverage 

ÅConsistency 

 

ÝThresholding 

ïSomewhat arbitrary 

ïPotentially wasteful 

ÅBy raising threshold, 

some info disappears 

 

 

Detected  

protein 

Present but  

undetected  

protein 

Image credit: Wilson Goh 
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Part 2: Delivering 

more powerful 

proteomic profile 

analysis 

ÅCommon issues in 

proteomic profile 

analysis 

 

Å Improving consistency 

ïPSP 

ïPDS 

 

Å Improving coverage 

ïCEA 

ïPEP 

ïMax Link 
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An inspiration from gene expression 

profile analysis 

Contextualization! 
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We try an adaptation of SNet on 

proteomics profilesé 

 

ñProteomic Signature Profilingò (PSP) 
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ñThreshold-freeò Principle of PSP 

Hit rate in a 

ref complex 

Goh et al. Proteomics signature profiling (PSP): A novel contextualization 

approach for cancer proteomics. Journal of Proteome Research. 1st revision. 
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Applying PSP to a HCC Dataset 

Goh et al. Proteomics signature profiling (PSP): A novel contextualization 

approach for cancer proteomics. Journal of Proteome Research. 1st revision. 
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Consistency: Samples segregate by 

their classes with high confidence 

Goh et al. Proteomics signature profiling (PSP): A novel contextualization 

approach for cancer proteomics. Journal of Proteome Research. 1st revision. 
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Feature Selection 

Goh et al. Proteomics signature profiling (PSP): A novel contextualization 

approach for cancer proteomics. Journal of Proteome Research. 1st revision. 



Tutorial for WSMB 2012 Copyright 2012 © Limsoon Wong 

96 

Top-Ranked Complexes 
Cluster_ID p_val mod_score poor_score cluster_name 

5179 0.000300541 0.513951977 3.159758312 
NCOA6-DNA-PK-Ku-

PARP1 complex 

5235 0.000300541 0.513951977 3.159758312 
WRN-Ku70-Ku80-PARP1 

complex 

1193 0.000300541 0.513951977 3.159758312 Rap1 complex 

159 0 0 2.810927655 
Condensin I-PARP-1-

XRCC1 complex 

2657 0.008815869 0 2.55616281 

ESR1-CDK7-CCNH-

MNAT1-MTA1-HDAC2 

complex 

3067 0.00911641 0 2.55616281 

RNA polymerase II 

complex, incomplete (CDK8 

complex), chromatin 

structure modifying 

1226 0.013323983 0.715352108 2.420592827 H2AX complex I 

5176 0 0.513951977 2.339059313 
MGC1-DNA-PKcs-Ku 

complex 

1189 0 0.513951977 2.339059313 
DNA double-strand break 

end-joining complex 

5251 0 0.513951977 2.339059313 Ku-ORC complex 

2766 0 0.513951977 2.339059313 TERF2-RAP1 complex 

Goh et al. Proteomics signature profiling (PSP): A novel contextualization 

approach for cancer proteomics. Journal of Proteome Research. 1st revision. 
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Top-Ranked GO Terms 

Goh et al. Proteomics signature profiling (PSP): A novel contextualization 

approach for cancer proteomics. Journal of Proteome Research. 1st revision. 


