Challenges in Understanding Pathways,
Predicting Complexes,
& Inferring Protein Function

Understanding Pathways

NUS

Patient Profiles & Treatment Costs” ™

Childhood ALL
Patients Profile
OHgh
10%
BLlow

o inter 0%
40%

+ 2000 new cases a year in
ASEAN countries

Guangzhou, China, 4-6 June 2009

Treatment for childhood
ALL over 2yrs

— Intermediate intensity:
US$60k

— Low intensity: US$36k
— High intensity: US$72k

Treatment for relapse:
US$150k

Cost for side-effects:
Unquantified

Copyright 2009 © Limsoon Wong
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Plan

¢ Understanding Pathways
— Past successes
— Towards more meaningful genes
— Issues on pathway sources
e Predicting Complexes
— Current approaches
— Issues on network noise and density assumption
— Benefits of network cleansing
¢ Inferring Protein Function
— Guilt-by-association
— When guilt-by-association fails

hou, China, 4-6 June 2009 C Limsoon Wong

NUS
Childhood Acute Lymphoblastic Leuk: =
¢ Major subtypes: T-ALL, * The subtypes look similar
E2A-PBX, TEL-AML, BCR-
ABL, MLL genome i "lff_'-
rearrangements, X

Hyperdiploid>50

« Diff subtypes respond
differently to same Tx
« Over-intensive Tx « Conventional diagnosis
— Development of — Immunophenotyping
secondary cancers — Cytogenetics
— Reduction of IQ — Molecular diagnostics
* Under-intensiveTx = Unavailable in
— Relapse developing countries

Copyright Limsoon Wong
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Why not high/low intensity to everyor#&?

¢ High-intensity Tx * Low-intensity Tx

— Over intensive for 90% of — Under intensive for 50% of
patients, thus a lot more patients, thus a lot more
side effects relapse

— US$144m (US$72k * — US$72m (US$36k * 2000)
2000) for high-intensity tx for low-intensity tx

— US$150m (US$150k *
2000 * 50%) for relapse tx

= Total US$144m/yr plus un- = Total US$222m/yr
quantified costs for
dealing with side effects

Guangzhou, China, 4-6 June 2009
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@g_ué Single-Test Platform of : Q_.l;'..%

Current Situation Microarray & Machine Learning

« Intermediate intensity « Overintensive for50%of |\ }  _ .. ... T S
conventionally applied in patients, thus more side
ASEAN countries effects

* Under intensive for 10% of
patients, thus more relapse

[Boure rate]

@b\b * US$120m (US$60k * 2000)
& N for intermediate intensity tx
,g\"’Q « US$30m (US$150k * 2000 *

S 10%) for relapse tx

oo“%\ [—— « Total US$150m/yr plus un-
N @ ————— quantified costs for dealing
@q,@ 0% 20% 40% 60% 80% with side effects
&
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@N_'J_js '  Diagnostic ALL BM l-.mln in=327) %g—s

Individual Gene Testing

Fold Change E
. X — Microarray value after drug =
- T .
P attor = — FCuisr. =xy — w4 y —Microarray value before drug %
FCrattor ; tif fi | YT
Wi <
3
H
;
T-test

E
i 1 ] !

Tf _ T ! T, = 4

s¢ RS

x —Log2 value of treatment
y —Log2 value of control

o e
s — Standard error o dadn & lm o o
i-Gene I —— ‘Yeoh et al, Cancer Cell 2002

Golub et al, Science, 1999
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... |
Diagnostic ALL BM samples (n=327)

B .
Exploit Invariant Gene Expr Profiles” == s R

¢ Low intensity applied to « US$36m (US$36k * 2000 * E
50% of patients 50%) for low intensity E

« Intermediate intensity to e US$48m (US$60k * 2000 * E
40% of patients 40%) for intermediate s

« High intensity to 10% of intensity ;
patients ¢ US$14.4m (US$72k * 2000 * B
10%) for high intensity g

= Reduced side effects g

= Reduced relapse + Total US$98.4m/yr
= 75-80% cure rates = Save US$51.6m/yr —_— —— —
E2A MLL  TALL Hypercipleid -50 [ MNovel TEL-AMLY
et ABL
| —
e But are all of these genes
Yeoh et al, Cancer Cell 2002 meaningful?
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Percentage of Overlapping Genes="—

* 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
« Lapointe et al, 2004
* Singh et al, 2002
— Lung cancer
« Garber et al, 2001

Lung Top 10 0.00
Cancer Top 50 | 0.20

« Bhattacharjee et al CpLey v
2001
_ Top 10 0.20
DMD DMD P
« Haslett et al, 2002 Top 50 0.42
« Pescatori et al, 2007 Top100 0.54

Zhang et al, Bioinformatics, 2009

Copyright 2009 © Limsoon Wong
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Towards More Meaningful Genes~ =

- ORA
— Khatri et al
— Genomics, 2002
- FCS
— Pavlidis & Noble
— PSB 2002
« GSEA
— Subramanian et al
— PNAS, 2005
« Pathway Express * [T o [ hewed
— Draghici et al
— Genome Res, 2007

Copyright 2009 © Limsoon Wong
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@NUS
Futhermore,

All of these newer methods rely on gene
group or pathway information.

But how good are the available sources of
pathway information?

Copyright 2009 © Limsoon Wong
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¢ Uncertainty in selected
genes can be reduced by
considering biological
processes of the genes

Each disease subtype has
underlying cause

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

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

Copyright 2009 © Limsoon Wong

Nasopharyngeal Carcinoma -

NPC patients respond
differentially to CYC202

Can we identify drug o 090
action pathways by these

more sophisticated ar V= )
methods? =TS

Copyright 2009 © Limsoon Wong
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Low Comprehensiveness

NS
of Pathway Sources -

e - - -
20000 # of Genes Pairs
™ L
| . 7
% 4 Unifed  KEGG  hgemiy  Wiki
ey
500 # of Pathways 25000 # of Genes
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Y
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Unifed KEGG  ngeruity wiki Unifed  KEGE  ngenuty  Wiki
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Low Consistency
of Pathway Sources

Gene Pair Overlap _
Apoptosis Pathway

Wiki x KEGG | Wiki x Ingenuity | KEGG x Ingenuity

Example: Apoptosis Pathway <=

. Cene Pair Count: T4dvs 172 | Tddwvs 3657 | 172 vs 3557
~— . Gene Count: 85 va 80 S5 vs 176 5
' ' . Gene Overlap: 38 28
— Gene % Overlap: 48% 33%
Gene Pair Overlap: 23 14
wiki vs ingenuity | [ xece vs ngenuity | Gene Pair % Overlap: 6% 0%

GanMAPP

v o o > ~

Wiki vs KEGG [ wikivs mgenuiy | [ kece vs ngenuity |

Guangzhou, China, 4-6 June 2009 Copyright 2009 © Limsoon Wong Guangzhou, China, 4-6 June 2009 Copyright 2 imsoon Wong

NUS
Would Unifying Pathway Sources H&B®
« Incompatibility Issues! + Data extraction method Recovering Space-Time Info
variations from PPI Networks
y _Da « Format variations
« Data differences
e sammt=t.+  pathway name differences
i — oo Genel/GenelD name

differences

Guanazhou, China, 4- 9 Copyright 2 soon Wong

Motivation @E____US Approaches to PPI-Based @E}E
Protein Complex Prediction
* Nature of high-throughput  + Can a protein interact with RNSC MCODE MCL
PPl expts S0 many proteins -
— Proteins are taken out of simultaneously? Type Clustering, Local Flow
their natural context! local search neighborhood |simulation
. cost based density search

¢ Abig “hub” and its

“spokes” should probably Multiple No Yes No
be decomposed into assignment
subclusters of protein
— Each subcluster is a set Weighted No No Yes
proteins that interact in edge
the same space and time
— Viz., a protein complex * Recall vs precision is poor

— Noise in PPI network?
— Non-ball-like complexes?

Guangzhou, China, 4-6 June 2009 Copyright 2009 © Limsoon Wong Guangzhou, China, 4-6 June 2009 Copyright 2009 © Limsoon Wong
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Obstacles @.._

Experimental method category® inkeracting pairs

9347
1561 V.

Al GYIH Uletz %
Al GYZH Uetz ! 516
AZ GY2H lto ot al. {core) 6
A% GY2H [ho o al, (all) 245
s n
1052
sl4
d s

El: Immunological, direct 1025 |
E2: Immunalogical ct ?-1

« Disagreement betw « Cannot capture non-ball-like
methods complexes
= High level of noise = Clique merging? Relative
density? Core-n-attachment?
Copyright 2009 © Limsoon Wong
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Iterated CD-Distance (i etal, ciw, 2008~ ™
« Variant of CD-distance that penalizes proteins with
few neighbors
2 | Num Nvl
| Nu | +ﬂu+| Nv|+/lv
A, = max{o, 2Nl o = max(o, 2Ny

xeG xeG _ | Ny |

IV V1

wL(u,v) =

e Suppose average degree is 4, then
— Case 1: |N,| = 1, IN,J= 1, [N,»N,|=1, wL(u,v)=0.25
— Case 2: [N,| =10, [N |= 10, IN,nN,|=10, wL(u,v)=1

6/9/2009

Measures that correlate with function @E—!ﬁ
homogeneity and localization coherence

« Two proteins participating
in same biological process
are more likely to interact .
¢ CD-distance

« Two proteins in the same ¢ FS-Weight
cellular compartments are

more likely to interact

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

Copyright 2009 © Limsoon Wong

Guangzhou, China, 4-6 June 2009

|
BNUS
A thought... ®="—'

2 | Nurm Ny |

| Nu|+Aut | No| +44

WL(u,v) =

« Weight of interaction reflects its reliability

= Can we get better results if we use this weight to re-
calculate the score of other interactions?

Copyright 2009 © Limsoon Wong
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Iterated CD-Distance (i et al, ciw, 2008~ ™=

e wL%u,v) = 1if (u,v)eG, otherwise wL°u,v)=0
|NuﬁNv|+|NuﬁNv|

. 1 =
wL (U,V) | Nu|+/1u+| Nv|+ﬁ.v
k-1 k-1
. K _ we (U, X) + WL (v, X)
wL (U,V) - XE%‘\NV xeNuZva
Dow U X) + A+ D W (v, x) + 2
xeNu xeNv

z Z:WLk l(Xy y)
« Ak, = max{0, BT M UL
xeNu
z ZWLH(Xv y)
. Ak, = max{0, EG = W) :

Guangzhou, China, 4-6 June 2009
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Identifying False Positive PPls ~/==

Cf. ave localization coherence of protein pairs in DIP < 5%
ave localization coherence of PPI in DIP < 55%

1+ 1 1%+
R AdjustCD (k=2) X AdjusICD (k=2)
T AdjustCD (k=1) o 095 s Adjustco (ko)
14 O 2 B2
Il i3 FSweight < 1 Xx
5 5 ] 0 FSweight
g os B cD-distance 3 09 codistance
2 - S o - b
X
El B g .
g o Ko g .
g x £ o8 "
g
. . g .
g 3 o7s R
oy %
05 b

- 07 - i
0 1000 2000 3000 4000 5000 6000 ° 500 1000 1500 2000 2500 5000
#interactions

#interactions

 lterated CD-distance is an improvement over
previous measures for assessing PPl reliability

Liuetal, GIW 2008

Guangzhou, China, 4-6 June 2009
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Identifying False Negative PPIs ==

Cf. ave localization coherence of protein pairs in DIP < 5%
ave localization coherence of PPI in DIP < 55%

-
e
-
N

AduleD}k:Z; B AdjustCD (k=2) %

g AdjustCD (k=1 § AdjustCD  (k=1)

$08 + * FSweight R FSweight

g Cb-distance, 5 = ~ Cb-distance %

206 « S08 -,

20 x ; 5

s So.6

S o4 g

I Soa

0.2

: 1002 - N
o 200 400 600 800 1000 " g 200 400 600 800 1000,

#predicted interactions #predicted interactions

* lterated CD-distance is an improvement over
previous measures for predicting new PPIs

Liuet al, GIW 2008

Copyright 2009 © Limsoon Wong
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Cleaning PPI Network -

(%) (e] () (@)
¢ Modify existing PPI network as follow

— Remove interactions with low weight
— Add interactions with high weight

e Then run RNSC, MCODE, MCL, ..., as well as our
own method CMC

Guangzhou, China, 4-6 June 2009

ENUS
CMC: Clustering of Maximal Cliqueg™=—

* Remove noise edges in input PPI network by
discarding edges having low iterated CD-distance

* Predict protein complex by finding overlapping
maximal cliques, and merging/removing them

* Score predicted complexes using cluster density
weighted by iterated CD-distance

Liu et al, Bioinformatics, 2009

Guangzhou, China, 4-6 June 2009 Copyright 2009 © Limsoon Wong
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« If cleaning is done by iterating CD-distance 20
times, CMC can tolerate up to 500% noise in the
PPI network!

Liu et al, Bioinformatics, 2009

Guanazhou, China, 4-6 June 2009
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Effect of Cleansing on MCL —

oy Jacearad 50 tepls mips0E Jaccard0 33 cmipls
e —— =5 - T
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* MCL benefits significantly from cleaning too

» Ditto for other protein complex prediction
methods

Liu et al, Bioinformatics, 2009

Guanazhou, China, 4-6 June 2009 Copyright 2009 © Limsoon Wong

Lots of Room for Improvement @u_;_lﬁ
in Complex Prediction

Liu et al, Bioinformatics, 2009
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Inferring Protein Function

Good Sequence Alignment

Differences
of “unknown”
to other fruits
are same as

“apple” to
other fruits

“unknown” is
an “apple”!

Guanazhou, China, 4-6 June 2009

Similarity of Dissimilarities

+ Good ahgnment Lsually has chusters of
‘extensve matched postons

= The two protems are likely 1o be homalogous.

Assign to T same
function as homologs

Copyright 2009

fgﬁié
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mEMLS

‘mge‘

Banana,

A,

Apple;

¥

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

Color = red vs yellow

Skin = smooth vs smooth
Size = small vs small
Shape = round vs oblong

Orange,

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

Color = orange vs yellow
Skin =rough vs smooth
Size = small vs small

Shape = round vs oblong

Unknown,

%

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

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

Guangzhou, China, 4-6 June 2009
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Function Assignment to Protein Seq -

SPSTNRKYPPLPVDKLEEE INRRMADDNKLFREEFNALPACP IQATCEAASKEENKEKNR
YVNILPYDHSRVHLTPVEGVPDSDY INASF INGYQEKNKF I AAQGPKEETVNDFWRMIWE
QNTATIVMVTNLKERKECKCAQYWPDQGCWTYGNVRVSVEDVTVLVDYTVRKFCIQQVGD
VTNRKPQRLITQFHFTSWPDFGVPFTP I GMLKFLKKVKACNPQYAGA I VVHCSAGVGRTG

TFVVIDAMLDMMHSERKVDVYGFVSR IRAQRCQMVQTDMQYVFI'YQALLEHYLYGDTELE
vT

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

Copyright 2009 © Limsoon Wong

=NUS
What if there is no useful seq homolS8g§%~

¢ 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

Guanazhou, China, 4-6 June 2009
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SVM-Pairwise Framework _—

Training Training Features
Data
i S S S Support Vectors
s1 Generation Sy fy fip f Training paﬁmme
> Sfofe by (Radial Basis
s3 }fa: fro iy oo Function Kernel)
f41is the local L e l
alignment score
between S, and S,
Testing Testing Features l
pata Feature S S S .
s Generation Tty g f o Classification
— __ Classification
i Ty o fp fo Kernel
" Tyt fa |
fs, is the local S

alignment score
between T, and S;

Discriminant

Image credit: Kenny Chua

Guangzhou, China, 4-6 June 2009
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SVM-pairwise —+—
SVM-Fisher ----=—-

Performance of SVM-Pairwise

60

20

No. of families with given performance
(]
Q

o]

¢ ROC: The area under the curve derived from
plotting true positives as a function of false
positives for various thresholds

right 2009 © Limsoon Wong
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Phylogenetic Profiling: Evidence @Q_U_S_

Wou et al., Bioinformatics, 19:1524--1530, 2003

hamming distance y

= #lineages X occurs + IKEGG
| #lineages Y occurs — 0coG |
2 * #lineages X, Y occur

in KEGG/COG

\ag i

SRS GO0 0 D DO T O T O OO T

2 s 10 15 20 25 0 38 40
hamming distance (D)

fraction of gene pairs
having hamming distance D
and share a common pathway

Copyright 2009 © Limsoon Wong
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oNUS

L Phylogenetic
. Profiling:

How It Works

P logeeeie Profile: | —‘ : |

Copyright 2009 © Limsoon Wong
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Functional Association Thru Interactiefis™

« Direct functional association: Level-1 neighbour
— 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-2 neighbour

Guanazhou, China, 4-6 June 2009 Copyright 2009 © Limsoon Wong

T 1
YIR091C YIR300C Verossc | [ ViR101C
11.3.16.1 131 11431 2.1
116.3.3
Vo1
i
YPLOBBI YBR293W 1.1 Shered Functrons with Fraction
12.16 126.19.3
e, li2:2
jis .
s (OTTEr
£.2126374
: T - Level-l and Leve b, 463060
YBRO23C YLR330W YBLOB1C YLR14¢ Lavel.l or Level 0706872
10.3.3 it 11.5.4
12113 laiitar
[ Ereeieny f e
o 16013 oo
lialLas lane 1200221
14,13 s 120091
115132 115192
T T
Yora12e veiaoaw | [volosic | [voroerc | [[veLotse
11211 1211 et a1 112,11
f3tin 12116
12040
15 - "
! Chua et al, Bioinformatics, 2007

Copyright 2009 © Limsoon Wong

Guangzhou, China, 4-6 June 2009

Functional Similarity Estimate: %u_;_lﬁ
FS-Weighted Measure
¢ FS-weighted measure

2N, NN,| 2N, NN,|
S(u,v)= x
IN, =N,|+2N, AN,| [N, —N,|+2N, NN,|

» N, is the set of interacting partners of k
» Greater weight given to similarity

= Rewriting this as

S(u,v): 2X 2X

—X—
2X+Y 2X+Z

Copyright 2009 © Limsoon Wong
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Functional Similarity Estimate: E_U_§

FS-Weighted Measure with Reliability

» Take reliability into consideration when
computing FS-weighted measure:

i

2 3 huh 2 Zwvw
S.(Uv)= we(NgroN, ) « (o,
[z . zru‘w(l—rw)]w S [z Sr o, )]+z i
weN,-N, we(Ny AN, ) we(N, AN, ) weN,—N, we(Ny AN, ) =(N, "N, )

* N, is the set of interacting partners of k
* 1, IS reliability weight of interaction betw u and v

= Rewriting

S(uv)=—22 X
2X+Y 2X+Z

Copyright 2009 © Limsoon Wong
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Improvement to ;
Prediction Power by Majority Voting

05 Considering only
e e | neighbours w/ FS
L & Neighbour Counting Aw weights N
04 o Neighbour Counting weight > 0.2
038
c 03 -
]
%025
& a2 o
018
ol
o5
o
o o2 04 08 o8 1

Chua et al, Bioinformatics, 2006
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Use L1 & L2 Neighbours for Predic

¢ FS-weighted Average

) [ 1) CYE TR uw)&wx)ﬂ

we

1y is fraction of all interaction pairs sharing function

* Ais weight of contribution of background freq

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

* N, is the set of interacting partners of k

« m, is freq of function x in the dataset

« Zis sum of all weights

Z=1+ | Spa(u,v)+ D Spp(u,w)

veN, weN,

Performance of FS-Weighted Avera

¢« LOOCV comparison with Neighbour Counting,
Chi-Square, PRODISTIN

1 Informative FCs

0.0 7% oo
4 Che
08 e a FRODISTIN
8 “ = FunclionalFiow
o7l x « FS Weighted Avg
0.6, "
5 o on %
- -+
$ 0.5 x,
& 044x x
o .
03] ", o ‘,
Sy ¢ o
023 B a0,
041 ‘*""3:%;,;4 0
. .

0 01 02 03 04 0506 07 08 08 1
Fecall Chua et al, Bioinformatics, 2006
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Combining multiple
data sources leads Precision vs Recall
to further

improvement.

Precision

But there is still a
long way to go...

Recall

Chua et al, Bioinformatics, 2007

) Limsoon Wong

Closing Remarks
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What Have We Learned? —

Problems

— Gene expression analysis
— Protein complex prediction
— Protein function inference

Trends
— Algorithms driven by reasonable hypotheses
— Hypotheses extracted by datamining & statistics

Copyright 2009 © Limsoon Wong

Guangzhou, China, 4-6 June 2009

ENUS
What we are planning next... -

e Lipid biology
— How to expand PPI networks with more info?

— How to use it to infer proteins & complexes
involved in lipid metabolism?

* Drug response & escape
— How to augment PPI networks of microbacteria?
— How to infer drug-response/escape routes?
— How to cut off drug-escape routes?

6/9/2009
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