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Outline of the Master Class

A Brief overview of biological networks

A Using biological networks
I Gene expression profile analysis
I Proteomic profile analysis
I Protein function prediction
I Other applications

A Issues to be aware of in using biological
networks
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Why Biological Networks?

A Complete genomes AProteins, notgenes,  AProteins function by

are now available are responsible for Interacting w/ other
AKnowing the genes is ~ Many cellular activities  proteins and
not enough to biomolecules

understand how

biology functions
Al NTERACTOMEDQ®G

GENOME
EN

{

PROTEOME

-5

Slide credit: See-Kiong Ng
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FINUS
Types of Biological Networks

A Natural biological pathways
I Metabolic pathway
I Gene regulation network
I Cell signaling network

A Protein-protein interaction networks
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Metabolic
Pathway

A A series of .'i_

biochem
reactions in
acell

| Catalyzed by enzymes

I Step-by-step modification of an initial molecule to
form another product that can
A be used /store in the cell
A initiate another metabolic pathway
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| FINUS
Gene Regulation Network

A GENE REGULATORY NETWORK

A Gene regulation is
the process that
turns info from genes = I
into gene products =i ”f’%-‘ = ”C’
A Gives a cell control W %{/ S
over its structure & ——
function ”°°“"”'

Image credit: Genome to Llfe

Cell differentiation

:
_|. Morphogeness. | w ‘\, DT
|Adaptab|ll\&x w7 | ke

Image credit: Natasa Przulj
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EGF
extracellular EGER

Cell Signaling Network s [
A It is the entire set of changes induced = |
by receptor activation e T
i Governs basic cellular activities and ‘“’(’;.,.P*
coordinates cell actions ~

A Cells communicate with each other
I Direct contact (juxtacrine signaling) : A/“MAPK
Short distances (paracrine signaling)

| Large distances (endocrine signaling) Q%p}

A Errors result in cancer, diabetes, ... \ cytoplasn

Image credit: Wikipedia
g P transcription nucleus
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- - o NUS
Protein Interaction Network (PPIN) 9%z

of Singapore

A PPl usual refers to
physical binding
between proteins
| Stable interaction

A Protein complex
A ~70% of PPIs

I Transient interaction,
mOdlfylng a prOteln Visualization of the human interactome.
fOr further act|ons Image credit: Wikepedia

A Phosphorylation
A Transportation
A ~30% of PPIs

A PPIN is usually a set
of PPIs; it is not put
Into biological context
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Using Biological Networks, Part 1.
Delivering Reproducible Gene Expression
Analysis




Part 1: Delivering
reproducible gene
expression analysis

A Basic gene expression
analysis
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Gene Expression Measurement9g NUS
by Affymetrix GeneChip Array
Totl ANA conA T
Reverse ¢ in Vitro 4
“~~~. AAAA  Transcription \\ Transcription i
s~ AAAA *
TSN AAAA 4 ) - 4_
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Fragmentation
\
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g
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Image credit: Affymetrix
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Diagnosis Using Microarray [ggNUS

of Singapore

Shining a aser light st GoneCivp couses tagged DNA fragesents ihat hybridized 10 glow

128 om <

- 3
(4
,

Actual size of GeneChip’ i i

Milions of DNA strands bullt wp in sech oell

Hybridized DNA

$00.000 cals on esch GaneChip™ array
Actusl strand = 75 Dase pars
- Image credit: Affymetrix
1) inter-ciass distance is too smail (1l) Intra-class distance is too large
00-0586- Ut 00-0586- L 00-0586- LS 00-0586- L 00-0586- L: Des criptions
Positive  |Megative  Pairs IndwiAwg Dif  |Abs Call
AFFHMur 5 2 19 297.5 A M1E7E2 Mause int
AFFH:Murl 3 2 19 554.2 A M37E97 Mouse int
AFFMurl 4 2 19 308.6 A M25892 Mus mus:
AFFHMur 1 3 19 141 A ME3E49 Mus mus:
AFF¥BioE 13 1 19| 93406 P J04423 E coli bioE
AFF%BioE 15 0 19| 128624 P J04423 E coli bioE
AFF%BioE 12 0 19| &871ES P J04423 E coli bicE
AFF¥Binl 17 0 19| 250425 P J04423 E coli bioC
(1) Inter- and intra-cass AFF¥Binl 16 0 20| 28838.5|P J04423 E coli binC
dstances of & good signal AFF%Binl 17 0 19| 257652 P J04423 E coli bioC
, AFF¥Biol 19 0 20 140113.2/P J04423 E coli bioC
o AFFCrex 20 0 20| 280036.6 P #03453 Bacteriopt
o AFFCrex 20 0 20 401741.8 P 03453 Bacteriopt
ol AFF%BioE 7 5 18 433 A J04423 E coli bicE
] AFF¥BinE 5 1 18 3137 A J04423 E coli bioE
! AFF¥%BioE 7 E 200 -1016.2|A J04423 E coli bioE
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ZINUS
Application: Disease Subtype Diagna

& S Singapore
genes

>
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samples
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Application: Drug Action Detection® ==

genes
>

0000000000000 00000 D
000000000000 000000 L.
0000000000000 00000 D
0000000000000 00000 Dg
0000000000000 00000® 0l
0000000000000 00000 0=l
0000000000000 0000® \oimal
| 0000000000000 00000 0m:l

conditions

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

A Gene expression
data collection

: Signal Selection Basic ldea
A DE gene selection '

by, e.g., t-statistic

+ Choose a signal w/ low intra-class distance
« Choose a signal w/ high inter-class distance

A Classifier training

based on selected R e B m
DE genes | — e
A Apply the classifier LAl gl BE .;.31‘51?}'5:]
for diagnosis of el Ther e TR T T
fu t ure cases Image credit: Golub et al., Science, 286:5311 537, 1999
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Hierarchical Clustering

B Diagnostic ALL BM samples (n=327)

IIIMM

Genes for class distinction (n=271)

E2A- MLL T-ALL Hyperdiploid >50 BCR- Novel TEL-AML1

PBX1 ABL
B
30 <20 <l 0 lo 20 3o
o = std deviation from mean Image credit: Yeoh et al, Cancer Cell, 1:133-143, 2002
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"~ Hyperdiploid >50 BCQ;ABL

E2A-PBX1
./ TEL-AMLA1

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

A Some issues in gene
expression analysis
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Some Headaches

A Natural fluctuations of gene expression in a
person

A Noise in experimental protocols
I Numbers mean diff things in diff batches

I Numbers mean diff things in data obtained from
diff platforms

Y Selected genes may not be meaningful
I Diff genes get selected in diff expts

Tutorial for WSMB 2012 Copyright 2012 © Limsoon Wong
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NUS

Sometimes, a gene expression etuliy B3 @
may involve batches of data collected
over a long period of time

it National University
C C of Singapore
Time Span of Gene Expression Profiles a e S

@ Batchi DO e SR il

. ¥ Batch1 DB i
@® Batct2D0 | RSN RO — : : ¢
* Bac2Ds| | e . NE——

B Batch3 DO |-, ; : :

4 Batch3 DB ;

; Batch4 DO | : ; .

FE JJ,||J| I|| -

0 e i Balchd D& : ST : e SR

gl o A s
BAB St B o

et Bt 9 2

05 04

03 02

A Samples from diff batches are grouped together
regardless of subtypes and treatment response

|l mage credit: Di feng Dongé

Tutorial for WSMB 2012 Copyright 2012 © Limsoon Wong



NS
Percentage of Overlapping Genes

of Singapore

A Low % of overlapping Datasets | DEG POG
genes from diff expt in
general Prostate | Top 10 | 0.30

Cancer | Top50 | 0.14
| Prostate cancer Top100 | 0.15

A Lapointe et al, 2004
A Singh et al, 2002

I Lung cancer
A Garber et al, 2001
A Bhattacharjee et al,

Lung Top 10 0.00
Cancer | Top50 | 0.20
Top100 0.31

2001
T Top 10 0.20
| DMD DMD P
A Haslett et al, 2002 Top 50 | 0.42
A Pescatori et al, 2007 Top100 | 0.54

Zhang et al, Bioinformatics, 2009
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Part 1: Delivering
reproducible gene
expression analysis

5

ANUS

Batch Effects

— A Batch effect &
Lt normalization

+ Samples from diff batches are grouped together,
regardless of subtypes and treatment response

Tutorial for WSMB 2012 Copyright 2012 © Limsoon Wong



FINUS
Approaches to Normalization

A Aim of normalization: @ A Transform data so

Reduce variance w/o that distribution of
increasing bias probe intensities is
same on all arrays
A Scaling method I E.g., (X- s
I Intensities are scaled | -
so that each array A Quantile normalization

has same ave value
I Eg,Af fymetri x0s

Tutorial for WSMB 2012 Copyright 2012 © Limsoon Wong
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Quantile Normalization

Density of PM probe intensities for Spikein chips

A Given n arrays of length p,
form X of size p x n where
each array is a column

A Sort each column of Xto | .
give Xgort

A Take means across rows
of X, and assign this
mean to each elem in the
row to get X g

A Get X, maiizeq DY @rranging = A Implemented in some

each column of X g, to microarray s/w, e.g.,
have same ordering as X EXPANDER

Tutorial for WSMB 2012 Copyright 2012 © Limsoon Wong



TR ZINUS
E ... - After quantile

of Singapore
enp .

> Need normalization to correct for batch effect

® BatchiDO|
% Batchl D8
® Batch2 D0
# Batch2 D8

Batch3 DO
X Batch3 D8
® Batchd DO
% Batchd D3|

B s

A e

g e

|l mage credit: Di feng Dongé
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Caut
nor mal
cancer samples

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
guantile nornmalized data

Tutorial for WSMB 2012
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Wang et al. Molecular Biosystems, in press
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Part 1: Delivering

reproducible gene
expression analysis

EEaNUS
11 1;'f\t,f’:,:';' Ul J.';"'l;:;,‘;_llf‘:‘: Lenes
» Low % of overlapping | Datasets | DEG POG
genes from diff expt in
general Prostate | Top10 | 0.30
Cancer Top 50 0.14
- Prostate cancer | Top100 0.15
L-- rl% 2 Lung | Top10 [ 0.00
e RUER o Cancer | Top350 @ 0.20
Bhattacharjee et : | Top100 ! 031
= e A Improving
Haslett et ), 2002 | Top 50 0.42

| Top100 | 0.54 reprOdUCib”ity

Zhang et al, Bioinformatics, 2009

Copyright 2012 © Limsoon Wong
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Law of Large Numbers

A Supposeyou areina A Q: What is prob that
room with 365 other there is a person in
people the room having same

birthday as you?

A Q: What is prob that a A A: 171 (364/365)365 =

specific person in the 63%

room has the same

birthday as you? A Q: What is prob that
A A: 1/365 = 0.3% there are two persons

In the room having
same birthday?

A A: 100%

Tutorial for WSMB 2012 Copyright 2012 © Limsoon Wong



2 NUS
Individual Genes 8 s
A Suppose A Prob(ageneis
i Each gene has 50% correlated) = 1/2°
chance to be high A # of genes on array =
i You have 3 disease 100,000
and 3 normal Y E(# of correlated
samples genes) = 1,562

A How many genes ona Y Many false positives

microarray are A These cannot be
expected to perfectly eliminated based on
correlate to these pure statistics!
samples?

Tutorial for WSMB 2012 Copyright 2012 © Limsoon Wong




% NUS
Group of Genes s
A Suppose A Prob(group of genes
i Each gene has 50% correlated) = (1/2°)°
chance to be high i Good, << 1/2°
i You have 3 disease A # of groups = 100000C_
and 3 normal Y E(# of groups of genes
samples correlated) = 100000C_*
A What is the chance of (1/25)5 = 2.6*1012

a group of 5 genes
being perfectly
correlated to these
samples?

Y Even more false
positives?

A Perhaps no need to
consider every group

Tutorial for WSMB 2012 Copyright 2012 © Limsoon Wong




FINUS
Gene Regulatory Circuits

Anti-Apoptotic Pathway : :
. -. > BAD Apoplosis

PI3K PTEN

Growth Growth TRADD TRAF2 NIK

factors factor
receptors AP Apoplosis

A Uncertainty in selected
genes can be reduced by
considering biological
processes of the genes

A Each disease phenotype
has some underlying
cause

A There is some unifying
biological theme for genes
that are truly associated
with a disease subtype

A The unifying biological
theme is basis for inferring
the underlying cause of
disease subtype

Tutorial for WSMB 2012 Copyright 2012 © Limsoon Wong




Taming false positives by RN US

considering pathways instead of B o
all possible groups

NUS # of pathways =
roup of Gen T -
Group of Genes 1000
* Suppose * Prob(group of genes
— Each gene has 50% correlated) = (1/2°%) E(# of pathways

chance to be high - Good, << 1/2°
oy e g correlated) =

— You have 3 disease « Hofgroups=1llllllc 1000 * (1/2)5 _

and 3 normal + Et#ofgreupsofgenes 1 7
samples coTTEtatet =0 9.3"10
+ What is the chance of ( -
a group of 5 genes
being perfectly
correlated to these
samples?

= Even more false
positives?

« Perhaps no need to
consider every group

Copynght 2011 Limsoon Wong
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Towards More Meaningful Gene 99 s
A ORA
i Khatri et al = QOverlap Analysis
I Genomics, 2002 ]
A FCS )
I Pavlidis & Noble
I PSB 2002 _ _
A GSEA = Direct-Group Analysis
I Subramanian et al
I PNAS, 2005 ]
A SNet —
I Sohetal = Network-Based Analysis
I BMC Genomics, 2011

—
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Overlap Analysis: ORA

Threshold Binomial
estimation

(Genes G . e
ABCET N GOClass1l | -------- > | Significant Class 1
GSTT1 GSTT1 K
GSTP1 GSTP1 /!
MSHE MSHE / —
SAAT MTHFR / ¢« | GOClass2 | -------- > | Non Significant Class 2
SLC19A1 TYMS S
TPMT CYP3A5 S
CYP3A4 VDR pal
UGT1A1 GSTM1 ¢ CD\ CD\
IL10 NR3C1
MTHFR .
TYMS
CYP3A5
VDR "( GOClassN | ------- » | Significant Class N
GSTM1
NR3C1

S Draghicie t a | . furict®@habphbofilihg of genee x p r e s Genamits) 81(2):98-104, 2003.
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oo NUS
Direct-Group Analysis: FCS B ™

1. n
Eakzl- log(R,) Permutation
Test

Genes GOClass1  |------ » | Scorel  |------ > | Sianifi
ABCET gnificant Class 1
GSTT1 ,
GSTP1 /
MSH6 / .
SAAT / <« |GOClass2  |------ > | Score2  |------ > | Non Significant Class 2
SLC19A1 r
TPMT ‘e
CYP3A4
UGT1A1 ¢ (D~ (D~ M-~
IL10 N
MTHFR N
TYMS N
CYP3A5 N ——
VDR ¥ GOClassN | ------ » | Score3  |------ » | Significant Class N
GSTMA
NR3C1

P Pavidiset al .thefgéhs ontolggy for microarray data mining: A comparison of methods and application to age
effects in human prefrontal ¢ o r t Nexrachem Res., 29(6):1213-1222, 2004.
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FCS: Key variations

AfCorrel ation scor eo

I Score of a class C = average pair-wise correlation
of genes in the class C

ARExperi mental scorebo

I Score of a class C = average of log-transformed p-
values of genes in the class C

A Null 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

Tutorial for WSMB 2012 Copyright 2012 © Limsoon Wong




Te-07 = =N

of Singapore

te.0s E Brain Data

=yreplc imremilsdon
-/

1e-05 [/ T An example
° @
rul.n:-umsB .' Illm-:rah dergdrakre b aS e d O n

0 0001 Emnghu = ® meduin birding

f./""'““ ‘ FCS

l’_
0.0071 ‘r

rbhcsome blogere A=

Experiment score

= A prokein oTibos ane
- redhderydrogenss uhiguirone rhosome
I:I . I:I 1 B uhiqul Irrdeperderd pro R degradakon

cyknsdizrbosome

@ \
rirbooy o add opoe
I| rm helas hea shodk e ores c
! VBN Faepar | prekein blcsymihesks
| adin

' mleosome i e proces g

I |II Erore real #wd prokein
MR P
1 0.1 001 0001 o.o0oo1 1e-05 1e-06 1e-07

_omelation score

Pavlidis et al., PSB 2002
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expression data in term of ger

Goeman & Buhlmann. A Anal yzing gene

Met hodol ogi Ricinformatisss23(8)980-987, 2007 IS\I S
A problem w/ FCS
A Its null hypothesis:

as proposed by
Pavlidis et al in fhgenes indeped- a
dently expressed & not
PSB 2002 diff from other genes

Vd

———— FENUS .
P T NN i Genes in a pathway are
* “Correlation score” .
- Scor'etof a class C = average pair-wise correlation nOt Independent
of genes in the class C - -
Y Becomes over sensitive

» “Experimental score”
— Score of a class C = average of log-transformed p-
values of genes in the class C

A Solution: generate null

@ibution to estimate the p-value ofth>
scores above is by repeated sampling of random " I I -
e o distribution by randomi

zing patient class labels

Copyright 2012 © Limsoon Wong
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l
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Ll

-4

-

p-value (logyg)

National University
of Singapore

FCS: Why do we
estimate p-value
using a null
distribution based
on repeated
sampling of
randomized gene
sets / patient
sets?

N US
9

Venetet al . AMost random gene eX|
significantly associat edPLe&i t h
Computational Biology, 7(10):e1002240, 2011.
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Direct-Group Analysis: GSEA

Rank Genes

Genes p-values

ABCB1 0.0040
GSTTM 0.0051
GSTP1 0.0126
MSHE 0.0135
SAAT 0.0386
SLC19A1 0.0410
TPMT 0.0423
CYP3A4 0.0500
UGT1A1 0.0610
IL10 0.0626
MTHFR 0.0756
TYMS 0.0871
CYP3A5 0.0879
VDR 0.0906
GSTMA 0.0949
NR3C1 0.0991

Subramanianeta | .

Assign score to each
class based on gene
rank

GO Class 1

«| GO Class 2

////l F)hit(%ai) Pmiss(szvi)

T/ (D~

_%| GO Class N

Ri(Sui)  PredSii)

expressionp r o f PNAS,s102(43):15545-15550, 2005

Tutorial for WSMB 2012

I EE———————.

=BNUS
National University
of Singapore

Permutation test

max(Rﬂt (31 [ ) - Pmiss(%’ [ ))

Significant Class 1

P S01)

Non Significant Class 2

D~

Significant Class N

fs& ennichment analysis: A knowledge-based approach for interpreting genome wide

Copyright 2012 © Limsoon Wong
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GSEA: Key Points

AREnri chment s Afumwe?B B
A B | \ '
I The degree that the

| s ] Geneset S ‘

genes in gene setC are 3| ey
enriched in the extremes 3 ] 53‘5’1 --------- e
of ranked list of all genes @ s, drioo— GO TR

— ennchment score ES(S)

I M eaS u re d by Fig. 1. A GSEA overview illustrating the method. (A) An expression data set
sorted by correlation with phenotype, the corresponding heat map, and the

KO m 0 O rOV S m i rn OV “gene tags,” i.e., location of genes from a set S within the sorted list. (8} Plot
g of the running sum for Sin the data set, including the location of the maximum
t t. t. enrichment score (£5) and the leading-edge subset.

Subramanian et al., PNAS, 102(43):15545-15550, 2005

A Null distribution to estimate the p-value of the
scores above is by randomizing patient class
labels

Tutorial for WSMB 2012 Copyright 2012 © Limsoon Wong
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NUS"°

National University
of Singapore

Wong. AUsing Biological Net wor ks in

Protein
Expr essi onint&rmeaMathemates) 7(4):274--298, 2011.

Fun §®-

A problem W/ A Its enrichment score
considers all genes in C
GSEA J

ABut &

I Not all branches of a

S i FINUS large pathway have to
fgo wrongo
o ot ... (Ot p :
ot onsecas 3 B S, Y Cannot detect if only a
enriched in the extremes 588 _~y g
of ranked list of all geneg” 3 Z';’?*'—_‘— Sma” part Of a. pathway
" Komogorov-Smimov ki malfunctions
statistic

* Null 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 A SOIUtlon: Break pathways
INnto subnetworks

Tutorial for WSMB 2012
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Soh et al. AFi nding Consistent Disease Subnetworks A
Dat a s BMCSiinformatics, 12(Suppl. 13):S15, 2011. N
- Nau_ona i i
Network-Based Analysis: SNet ~ =

A Group samples into type D and xD
A Extract & score subnetworks for type D

I Get list of genes highly expressed in most D samples
A These genes need not be differentially expressed!

I Put these genes into pathways

I Locate connected components (ie., candidate
subnetworks) from these pathway graphs

I Score subnetworks on D samples and on xD samples

A For each subnetwork, compute t-statistic on the two
sets of scores

A Determine significant subnetworks by permutations

Tutorial for WSMB 2012 Copyright 2012 © Limsoon Wong




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

Step 2: Subnetwork Scoring We assign a score vector 5V -79°" with

sn,d
respect to phenotype d to each subnetwork s» within SN 2*** according to
Equation 1.

U_SaOTE isaore i_sacrs isaors
g = <SN n,l,d )S sr,2.d 0 )S } (1)

s ,d 5 sty d
Where + is the number of patients in phenotype d. The formula & Njfﬁ?f
for the ** patient (also the " element of this vector) is given by:

q
isaors Sa0 e
& sn,t,d E :Gsn,j,d (2
i=t
(F5eore

s, g, d
sv for phenotype d. (This score &

simply given by:

refers to the score of the %" gene (say, gene ) in the subnetwork

Sa0rs 3 3 ] 1
o 44 18 given by Equation 3) and is

smrgd = k7 (3)

Where % 1s the number of patients of phenotype o who has gene x highly
expressed (top %) and » is the total number of patients of phenotype d. The
entire Step 2 1s repeated for the other disease phenotype —d, giving us the
score vectors, SN:?;E;QWE and SN;‘ff;i‘f;E for the same set of connected
components. The t-test is finally calculated between these two wvectors,

creating a final t-score for each subnetwork s» within SNy ;¢

Tutorial for WSMB 2012 Copyright 2012 © Limsoon Wong
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SNet: Significant Subnetworks

A Randomize patient
samples many times

A Get t-score for
subnetworks from the
randomizations

A Use these t-scores to
establish null
distribution

A Filter for significant
subnetworks from real
samples

Soh et al. BMC Bioinformatics, 12(Suppl. 13):S15, 2011.
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Key InS|ght # 1 Z’?é'fé’;i'pi?; VVVVV Y
/ A SNet does not require
@ all the genes in subnet

\@ to be diff expressed

Genes A, B, C are high in A It only requires the
phenotype D subnet as a whole to

be diff expressed
Ais high in phenotype ~D but B

and C are not

A Able to capture entire
Conventional techniques: Gene relationship,

B and Gene C are selected. : :
Possible incorrect postulation postulating a mutation

of mutations in gene B and C In gene A

Tutorial for WSMB 2012 Copyright 2012 © Limsoon Wong
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Key Insight # 2 :rsx;z;zx vvvvv v

@ 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

30 other genes

Conventional techniques: Entire
network is likely to be missed

A SNet: Able to capture the subnetwork branch
within the pathway
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Key Insight # 3 :rsx;z;zx vvvvv v

Pathway 1 / Pathway 2
oy >
e e

Genes A, B and C are present in Conventional techniques:
two separate pathways

Both pathways are scored equally.
A, B and C are high in phenotype | | So both got selected, resulting in
D, but not high in phenotype ~D pathway 2 being a false positive

A SNet: Able to select only pathway 1, which has
the relevant relationship

Tutorial for WSMB 2012 Copyright 2012 © Limsoon Wong
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Let 0s s e SNetwgwvestush e r
subnetworks that are

(1) more consistent between
datasets of the same types of
disease samples

(1) larger and more meaningful
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Soh et al. BMC Bioinformatics, 12(Suppl. 13):S15, 2011.
EBNUS

Better Subnetwork Overlap & 5

Table 1. Table showing the percentage overlap significant subnetworlks
between the datasets. Each row refers to a separate dizeasze (as indicated
in the first column). Each dizeaze iz tested against two datasets depicted in
the second and third column. The overlap percentages refer to the pathway
overlaps obtained from running SMet {column 4) and GEEA {column 3) The
actual mimber of overlaps are parentheszized in the same columns.

Disease | Dataset 1 | Dataset 2 s INet GSEA
Leuk (3olub Armstrong | 83.3% 200 | 0.0% ()
subtype | Eoss Yeoh 47.6% (1 | 23.1% (6)

DMD Haslett Pescatori | 58.3% (' | 55.6% (10)
Lung Bhatt Garber 00.9% () | 0.0% ()

A For each disease, take significant subnetworks
from one dataset and see if it Is also significant in
the other dataset
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Soh et al. BMC Bioinformatics, 12(Suppl. 13):S15, 2011.

Better Gene Overlaps

=BNUS
ﬁ National University
of Singapore

Table 2. Table showing the number and percentage of =ipgnificant
overlapping genes. -y refers to the mumber of genes compared against and
iz the mumber of unique genes within all the significant subnetworks of the
dizeasze datasets. The percentages refer to the percentage gene overlap for the

corresponding algorithms.
hsease | v | SNet | GSEA | SAM | t-test
Leuk 8d | 91.3% | 24% | 22.6% | 143%
subtype | 73 | 93.0% | 40% | 493% | 373%
DMD 45 | 69.2% | 28.9% | 42.2% | 200%
Lung 65 | 31.2% | 4.0% | M4.6% | 262%

A For each disease, take significant subnetworks
extracted independently from both datasets and
see how much their genes overlap

Tutorial for WSMB 2012
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Soh et al. BMC Bioinformatics, 12(Suppl. 13):S15, 2011.
NUS
Larger Subnetworks

Table 3. Table comparing the size of the subnetworks obtained from the
t-test and from SNet. The first column shows the disease and the second
column shows the number of genes which comprizsed of the subnetworks,
The third and fourth column depicts the mumber of genes present within
each subnetwork for the t-test and SNet respectively. So for instance in the
lenkemia datazet, we have 8 subnetworks with size 2 genes, 1 subnetwork
with size 3 genes for the t-test. For SNet, we have 2 subnetworks with size
5 genes, 3 subnetworks with size 6 genes, 2 subnetworks with size 7 genes
and 1 subnetwork with a size of > 8 genes

Disease | - | Num (enes (t-testy | Num Genes (SNet)
2 3 4 5 5 6 T =8
Leuk 8418 1 0O 0 23 2 1
subtype | 73 (5 1 1 1 1 O 1 &
DMD 4513 1 0O 0 1 O O 35
Lung 65|13 2 1 0 5 3 0 1
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What have we learned?

A Common headaches in gene expression analysis
I Natural fluctuation, protocol noise, batch effect

A Use of biological background info to tame false
positives

A Overlap analysis A direct-group analysis A
network-based analysis

A SNet method yields more consistent and larger
disease subnetworks

Tutorial for WSMB 2012 Copyright 2012 © Limsoon Wong
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From pathways to models,
From static to dynamic:

A couple of very recent papers that are worth your | e

A Geistlinger et al. From sets to graphs: Towards a realistic
enrichment analysis of transcriptomic systems. Bioinformatics,
27(13):13660 1373, 2011

A Zampieri et al. A system-level approach for deciphering the
transcriptional response to prion infection. Bioinformatics, 27(24):
3407--3414, 2011

Fig. 1. System respoase inference: a toy genetic network consisting of six
genes exemplifies the advantoges of using a system-level data companison
(), Standard sttistical tests (¢, 7-test) unveil significant fold change in
gene expression varations for each transeript individually (b, neglecting
the underlying regulatory network. Such statistical test can identify whether
the expression level of a transcript is significantly changed with respect to
a reference. Putative gene expression changes are reported in panel (¢). In
this specific example, two genes are identified to be overexpressed [red/+
nodes] and one downregulated (green/- node), while the remaining three do
nol show any changes {grey nodes). By knowing the corresponding genetic
regulatory network (d), we can discriminate the coberent variations from the
unexpected ones. As shown in the example, two of the genes that showed
a significant expression vianations are consistent with model predictions i.¢
the expression changes of genes x and v can be explained by the vasiation of
gene 2. This is reflected by a skew distribution of discrepancies (i.e. residues),
between model predictions and observed data, centered around O (1), At the

same time, one transcripl, w, 15 not responding coherently 1o the imtind model
The fact that its expression is unchanged, when it should have been increased.
| might relate 10 an anomalous direct elfect of the pathology, preventing a
synergistic response between all the genes in the system, Hence, the fist of
o

‘perturbed genes’ can be seasibly different from the standard DEGs identified
from individunl fold change analysis (bie).

Statistical

Fold changes

I

1

test
(c)

genez W Differently expressed genes (DEGs)

(f) Fitting residues

.| Perturbed genes
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AFirst, some basics of prote
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Typical Proteomic MS Experimen

Sample ,LpePUde
preparation/ Protein ~ Peptide Sample Mass Mass spectrum Data
@ fractionation digestion 7~ separation ionization spectrometr = analysis
g s\ sep A pec y z | y
® @. SDS-PAGE * Trypsin * HPLC * Electrospray  'Peptide * Quadrupole E ol * PeptideSearch
Cell culture * 2D-gel * Lys-C » lon exchange ionization ions « Time of flight » Sequest i
electrophoresis * Asp-N « MALDI » Quadrupole ion traps » Mascot A—a
* Glu-C * FTICR

Figure 1 | The mass-spectrometry/proteomic experiment. A protein population is prepared from a biological source — for
example, a cell culture — and the last step in protein purification is often SDS-PAGE. The gel lane that is obtained is cut into several
slices, which are then in-gel digested. Numerous different enzymes and/or chemicals are available for this step. The generated
peptide mixture is separated on- or off-line using single or multiple dimensions of peptide separation. Peptides are then ionized by
electrospray ionization (depicted) or matrix-assisted laser desorption/ionization (MALDI) and can be analysed by various different
mass spectrometers. Finally, the peptide-sequencing data that are obtained from the mass spectra are searched against protein
databases using one of a number of database-searching programmes. Examples of the reagents or technigues that can be used at
each step of this type of experiment are shown beneath each arrow. 2D, two-dimensional; FTICR, Fourier-transform ion cyclotron
resonance; HPLC, high-performance iquid chromatography.

Source: Steen & Mann. The ABCO6s and
Nature Reviews Molecular Cell Biology, 5:699-711, 2004
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Diagnosis Using Proteomics

Technology-dependent Technology-independent

a) peptide and protein
identification from PSMs

c) peptide significance analysis e) class discovery g) data integration

A
é‘l \ peptide spectrum protein -
g | \ matches names 2
NI \ > 2 ) &
| \ "
mawchal,ge |y HALENFKK =3 Axx1 o NeS ¢ light 8 s
o ] de s @ & I~ ¥
._] / 1DOSETWR = Bxx2 o © e g g-t‘"ﬂe
| / o . S ol fomt’
rerrioe || LOMCDDE = Cxx3 2 P&Q‘l@l—-—!) & 3
DATABASE © haavy .
&| o—peptidel o{ 2
| = ]
L = _8' > [ ;3 R NI

3 ; )
s : - R | 2 # & ED>
5 2 18] el Esee 8 [ 7 ™
2 8 18| ok a@r.t B i
= S IR TR '
g g B Eel " ZEp
5 TR ey
g | B
2 - log fold change » - \ 2
-g, (practical significance) 1-specificity
b) feature detection, quantification, R, . — .
) 9 d) protein significance analysis f) class prediction h) pathway analysis

annotation, and alignment

Image credit: Kall and Vitek, PLoS Comput Biol , 7(12): €1002277, 2011
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J-.qwlr-w"k—\.n N«-JMM‘*‘—LL — T —

A rathernice , || .. . . ’J\

TSR ¥ I T
set of proteomic |
profiles:of S
leukemia i
patie NSt it i | |

o ottt |

HMM.-—-—-WH
75
5
25 I : J
0 5 Arse i Al :
AML
75
5
25 I | |I|
ﬂ —l-_“ i, - ==, = T ey, ]
4000 &000 E000 10000

Figure 1 ":]:IH'JM frgm SELDETOF S amabysisof REH, 697, M4 11, and Kasumi cell lines. Protein {4 gg) from each ol b was anabyred on
5AK2 Prodend. |'||]:l Agraya, ALL cal] lines shown are REH and 697, the MLL cell line is MVa:11, and the AML cell line is Kxomi. The agersk
indicates the differentially expresed protein at 53 da.

Source: Hegedus et al. Proteomic analysis of childhood leukemia. Leukemia, 19:1713-1718, 2005
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Protein Identification by Mass Spec

[ ] \ S#: 1708 RT:54.47 AV:1 NL:5.27E6
T: +cdFullms2 638.00 [165.00 - 1925.00]
n
100
95

MS/MS Instrument

850.3
687.3

90

85

80 588.1

75

70

65
g 60
-5 55 851.4
5 425.0 o

50

Database search <
ASequest, Mascot, InSpect : ‘

de Novo interpretation
ALutefisk, Peaks, PepNovo

s

Source: Leong Hon Wai
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Tandem Mass-Spectrometry

2 — -2~

Cells N\
Protein Proteolytic Partial Separation
Extract Fragments by HPLC

Tandem Mass Spectrometer

— ——

_D‘ Mass . M v

Cell to ass | — Bed § | %

Analyzer ’Fragmenl Analyzer > l l
Electrospray Peptide sall JL.:., )

2o B |
L 1 peak selected Peptlc_ie Spectrum &

for sequencing Partial Sequence

)] - |
Repeatuntilall ~ Match spectrum
mz peaks sequenced  adainst database

Spectrum of
Peptide Mixture

Source: Leong Hon Wai
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Breaking Protein into Peptides, NUS
and Peptides into Fragment lons

A Proteases, e.g. trypsin, break protein into
peptides
A A Tandem Mass Spectrometer further breaks the

peptides down into fragment ions and measures
the mass of each piece

A Mass Spectrometer accelerates the fragmented
lons; heavier ions accelerate slower than lighter
ones

A Mass Spectrometer measures mass/charge ratio
of an ion

Source: Leong Hon Wai
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Peptide Identification by Mass Spe
g D

MS/MS instrument -
nderstandlng an

“MS/MS Spectrum
= /

Database search
ASequest, Mascot, InSpect =
de Novo interpretation

ALutefisk, Peaks, PepNovo

11111

Source: Leong Hon Wai

Copyright 2012 © Limsoon Wong
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Peptide Fragmentation B ™
Collision Induced Dissociation
H...-HN-CH-CO "~
|
N\ Ri-lj \_ _J
Y YT
Prefix Fragment Suffix Fragment

A Peptides tend to fragment along the backbone

A Fragments can also loose neutral chemical
groups like NH; and H,O

Source: Leong Hon Wai
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Bafna& Edwards. AOn de novo interpretation of ta
spectra for peptide ident-i& i cati ono. RECOMB 20

d m S
Peptide Fragmentation

n e m

1
NH—C — COOH
ras {a)
%
: I
|
! i S
R | i . R C-terminus
| i | :
Nﬁ—c + CO -E—NH—i—C' —C0O . NH-C —C0O —NH—-C — COOH
el i . |
N-terminus i : ' R R
| 1
i ! ! (b
§ :
5T
c_l___ ]
o E
|
NH—-C—-CO - NH—-C— CO—-NH—-C— COOH
| |
R R (c)

Figure 1: (a) The structure of an amino-acid. (b) An ionized peptide. (c) yn'_._ ion
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é and fragments w¥ire
b,-H,0 bs- NH,
a, : b, a; : bg
~1 ~1 ~1
[ HQ NH,I
I b i
R, O Ry O Ryp O R,
|y |l | | |
H-N--Coi-Cf N Cy-Cf N C - C |- N - C - COOH
| | | |
H HD e H H HI H
I I I
Y3 Y2 Y1
Y3 -H,0 Y2 - NHj

Source: Leong Hon Wai
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Mass Spectra

J51__Lb<a___=_9_915[dra___=_|_‘__é_v_ﬁl _______ D .. v |6 |

o = e e o o -

S

0
A The peaks in the mass spectrum:

I Prefix  and Suffix Fragments
i Fragments with (-H,0, -NH;)
I Noise and missing peaks

Source: Leong Hon Wai
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e m as

a ol ¥
Example MS/MS Spectrum 95 oo

Bafna& Edwards. @AOn de novo interpretation of t

an
spectra for peptide ident-i& i cati ono. RECOMB 200

a8 145 292 405 534 663 778 924 b-ions
S z F L E E D K
924 837 780 633 520 391 262 141 y-ions
100 — %
) M+2H]}++
£ b, ¥
z Y F .
S
c
e A
=
he bs b,
z b e e ol il lly
200 400 600 300
m/z

Figure 2: MS/MS spectrum for peptide SGFLEEDK.

Copyright 2012 © Limsoon Wong
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Intensity

Protein Identification with MS/M @

Peptide
MS/MS |dentification

» Mass
()

Source: Leong Hon Wai
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Peptide Identification by Mass

n
S#: 1708 RT:54.47 AV:1 NL:5.27E6
T: +cdFullms2 638.00 [165.00 - 1925.00]
1

/Step 3: Computational Fv&%ethogos )
Database search
Sequest, Mascot B
de Novo interpretation ‘ l H ‘ r
Lutefisk, Peaks, PepNovo e --';c.,;l-- b L

Source: Leong Hon Wai
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Database Search Algorithms

A Database search
I Used for spectrum from known peptides
I Rely on completeness of database

A General Approach
I Match given spectrum with known peptide

I Enhanced with advanced statistical analysis and
complex scoring functions

A Methods
I SEQUEST, MASCOT, InsPecT, Paragon
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Theoretical Spectrum for a Peptld

A Given this peptide

A lts theoretical spectrum is

| | | 1 0 I o

I & & & & & & >

0
A Theoretical spectrum is dependent on

I Set of ion-types considered
I Larger if multi-charge ions are considered

Source: Leong Hon Wai
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Database Search Algorithm

Database SN

Database of Match
known peptides ’ 1

MDERHILNM, KLQWVCSDL, I I I I I I
PTYWASDL, ENQIKRSACVM,

TLACHGGEM, NGALPQWRT, - :
HLLERTKMNVV, GGPASSDA, / 0  Theoretical Matching Score
GGLITGMQSD, MOPLMNWE, spectrum for this peptide

ALKIIMNVRTL AVGELTK, V/
HEWAILFE, GHNEAANNAE:
GVEGSVLRA, EKLNKAATYIN..

Repeat for all the peptides Iin
the Database

Source: Leong Hon Wai

Copyright 2012 © Limsoon Wong
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De Novo Sequencing Algorithms

A Given a spectrum
I Build a spectrum graph
I Peptides are paths in this graph
I Find the best path

Source: Leong Hon Wai
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Spectrum Graph for a Peptide

m— Pl—Pl [l

|
0
A Connect peaks together
I If their mass difference = mass of an amino acid
A Theoretical spectrum is dependent on
I Set of ion-types considered

I Larger if multi-charge ions are considered

Source: Leong Hon Wai
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Building a Graph from a Spectrunt™ ="
u
q e
S e u g
e
n
C n
: e
e q c
> ul e n ell, s
C
el ,
| | ‘ | 1T

Source: Leong Hon Wai
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Frank, et al. fADe Novo Peptide Sequencing and | d

National University

Precision Mass Spectromet1232007 J. Proteome Res
De Novo Sequencing Algorithms

_
Relative Al ce R
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De Novo vs. Database Search

Database De Novo

4250
£ s
£ 40
3260
35 5249
30
25 5892
2o 2269 3071
15 asg.1
10
. ‘
o ' L f u
200 00

Database of
known peptides

o

MDERHILNM, KLQWVCSDL,
PTYWASDL, ENQIKRSACVM,
TLACHGGEM, NGALPQWRT,
HLLERTKMNVV, GGPASSDA,
GGLITGMQSD, MQPLMNWE,

ALKIIMNVRT, AVGELTK,
HEWAILF, GHNLWAMNAC,
GVFGSVLRA, EKLNKAATYIN..

\ AVGELTK ,

Source: Leong Hon Wai

Copyright 2012 © Limsoon Wong
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AThe database of all peptide
A The database of all known peptides is much
smal |l er 8 a O(10

A However, de novo algorithms can be much faster,
even though their search space is much larger!

I A database search scans all peptides in the
search space to find best one

I De 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 ldentification

A After all the peptides have been identified, they
are grouped into protein identifications

A Peptide scores are added up to yield protein
scores

A Confidence of a particular peptide identification
Increases Iif other peptides identify the same
protein and decreases if no other peptides do so

A Protein identifications based on single peptides
should only be allowed in exceptional cases

Source: Steen & Mann. The ABCO6s and
Nature Reviews Molecular Cell Biology, 5:699-711, 2004
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Cf. Gene Expression Profile Analy

A Once the proteins are identified, the proteomic
profile of a sample can be constructed

i l.e., which protein is found in the sample and how
abundant it is

A Similar to gene expression profile. So gene
expression profile analysis techs can be applied

A Some key differences
I Proteomic profile has much fewer features
I Proteomic profiling study has much fewer samples

Tutorial for WSMB 2012 Copyright 2012 © Limsoon Wong
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Part 2: Delivering x4 common issues in
more powerful proteomic profile
proteomic profile analysis
analysis

Distribution of counts in mod Distribution of counts in poor

250

1

200

150

Frequency
Frequency

100 150 200 250 300
1 1 ]

1

50
1
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Peptide & protein identification by MS Is
still far from perfect

A

ne peptides with | ow scof es
often correct, so manual validation of such hits
can often O0rescuebd the i er

proteins. o

Stten&Mann. The ABCG6s and XYZOs of plepti
\ Nature Reviews Molecular Cell Biology, 5:699-711, 2004
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Typical ;-
frequency
distribution of #

. g R g \8— 7
proteins i i
— g
. 8 4 - \
detected In
. 3 ' 8 i
proteomic :
profiles e hS 123 8w 7
mod$Counts poor$Counts
Only 25 out of 800+ proteins are
common to all 5 mod-stage HCC
Image credit: Wilson Goh patients!
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Issues In Proteomic Profiling

A Coverage Y Thresholding
A Consistency i Somewhat arbitrary
| I Potentially wasteful
atent - Patent2  Patent it TP . A By raising threshold,
‘ ' i some info disappears

Moderate Threshold

. Detected
protein
. Present but

undetected
protein

Image credit: Wilson Goh
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Part 2: Delivering
more powerful
proteomic profile

analysis A Improving consistency

I PSP
I PDS

g §I/8 8|18 & &8 8//8§ EB||I8 §
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An inspiration from gene expression NUS

profile analysis

11
EINUS
Gene Regulatory Circuits <+
. . o O
‘-‘v ::’ VI'-;A(' "-;". - ' l.
Ty o Axgr. 1 2
Taming false positives by EaNUS
Each disease phenotype ~ * Uncertainty in selected considering pathways instead of W
has some underlying genes can be reduced by :
cause considering biological all pOSSIble groups
processes of the genes o)
. o o DRI L2 NUS # of pathwavs =
+ There is some unifying s o5 _ Group of Genes 1000
biological theme for genes * The unifying biological
that are truly associated theme is basis for inferring ' Sup;:?se e ) c";f,':,‘g:ﬁ:fffﬁ;ﬁ}fs
with a disease subtype the underlying cause of - ?:;': {-‘_inebi";. ol e F(# of pathwavs
disease subtype A i correlated ) =
~ You have 3 disease (00 # 1618 =
and 3 normal LODOF(R/2%)
samples 9.3%10

* What is the chance of
a group of 5§ genes
being perfectly
correlated to these
samples?

= Even more false
positives?

* Perhaps no need to
consider every group

Contextualization!

opynght 2011

2 Limsoon Wong
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We try an adaptation of SNet on
proteomics profi |

NProteomic Signature
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Goh et al. Proteomics signature profiling (PSP): A novel contextualization
approach for cancer proteomics. Journal of Proteome Research. 15t revision. B & N US

AThre$helkd Pri n:*agfg"""’":”ﬁ” |

Hitrate ina !
ref complex

Cluster dendrogram with AU/BP values (%)

1.0

Hagt

Qs

]
r
=
|
E

196_mod ——
131_mod —

B 5[z glig 8 g 3|l =
— - o~ ™~ . ~ - =~ - -
Distance: euclidean
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