Two Applications of Text Mining in Bioinformatics:
Enhancing Protein Function Prediction &
Enhancing Drug Pathway Inference

Plan

* Protein function prediction
— Current approaches
— Info fusion by Integrated Weighted Averaging
— How can text mining help?

e Drug pathway analysis
— Current approaches
— Pathway consistency by Drug Pathway Decipherer
— How can text mining help?
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Protein Function Prediction:
Current Approaches

Protein Function Prediction

* Protein function prediction is a key problem

* Itis often solved using “guilt by association”

— Compare the target sequence T with sequences
S, ..., S, of known function in a database

— Determine which ones amongst S, ..., S, are the
mostly likely homologs of T

— Then assign to T the same function as these
homologs

— Finally, confirm with suitable wet experiments
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Guilt by Association of Seq Similarity ~ =

Compare T with segs of Good Sequence Alignment =
known function in a db -_—

+ Good alignment usually has clusters of
extensive matched positions

= The two proteins are likely to be homologous

Poor Sequence Alignment 1 koo pratsin Dlsorisabie loi]
— ween protein (Nsoshizobiun lo1i]

« Poor seq alignment shows few matched positions
= The two proteins are not likely to be homologous
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Discard this function I

wet experiments
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Important Unsolved Challenges —

 What if there is no useful seq homolog?
o 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
» Can text mining association help?
« Can fusion of multiple types of info help?
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Protein Function Prediction:
Information Fusion
Framework

G
Strategy — Step 1 =
* Model a data source as
undirected graph G =(V,E)
CDC34
— Vis a set of vertices; N2
each vertex reps a cDC4
protein MET30
CDC53

— E is a set of edges; each
edge (u, v) reps a
relationship (e.g. seq
similarity, interaction)
betw proteins u and v
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EINUS
Strategy — Step 2 &=

« Combine graphs from
different data sources
to form alarger graph
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Strategy — Step 3

e Estimate edge
confidence from
contributing data
sources

e Predict function by
observing which
functions occur 2
frequently in the high-
confidence neighbours

{Fa Fo}

{Fe, Fcl {Fa Fel
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INUS
Unified Confidence Evaluation ——

e Subdivide each data source into subtypes to
improve precision (e.g., expt sources, sub-ranges
of existing scores like E-scores)

* In general, estimate confidence of subtype k for
sharing function f by:
'S, (u,v)

k, f — (u,v)eg,, f
p(k, f) Ek,f‘+1

 E,is subset of edges of subtype k where each edge has
either one or both of its vertices annotated with function f

e S{(u,v) = 1if u and v shares function f, O otherwise
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G
Combination of Confidence ——

» Combine confidence of data sources contributing
to each edge:

Fov e =1- I I (1_ p(k, f))
keD,
» p(k.f) is confidence of edges of subtype k sharing function f

* D, is the set of subtypes of data sources which contains

uVv

the edge (u,v)
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Function Prediction

* Integrated Weighted Average ?
{Fa Fo} ; S
Z(ef (V)X rU.V.f ) {FBv Fc} {FA' FB}
Sf (u) — VENu
1+ >0,

veN,

* S((u) is score of function f for protein u

* e{v) is 1 if protein v has function f, O otherwise
* N, is set of neighbours of u

* 1, ¢is confidence of edge (u, v)
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Protein Function Prediction:
Effect of Co-occurences of

Protein Names in MEDLINE
Abstracts




ZEINUS
Data Sources &=

* Protein Sequences « Pubmed Abstracts
- Seqs from GO db )
Each yeast seq is aligned w/ rest — Pubmed abstracts obtained
using BLAST (cutoff E-Score = 1) by searching protein’s

— -log(e-score) used as score

— Top 5 results w/ known annotations name and aliases on

— 19,808 unique pairs involving yeast Pubmed
proteins — Limit to first 1000 abstracts
e Pfam Domains (SwissPfam) returned
— Precomputed Pfam domains for — Fraction of abstracts w/ co-
SwissProt and TrEMBL proteins w/
E-value threshold 0.01 occurrence used as score
— No. of common domains as score
— 15,220 unigue pairs involving yeast _
proteins S(U’V) A e
[Alx[A,
« PPI(BIND)

— 12,967 unique interactions betw — 61,786 unique pairs

yeast proteins : . :
_ FS weight used as score involving yeast proteins
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Pairs Involving Yeast Proteins in
Various Data Sources

(12,967)
BIND

(19,808)
BLAST b

PUBMED (61,786)

PFAM (15,220)
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SINUS
Can co-occurrence in abstracts help? =

 Need comparisons of
— PPl info w/ & w/o abstract occurrence info,
— BLAST info w/ & w/o abstract occurrence info,
— Pfam info w/ & w/o abstract occurrence info,
— “Combined” w/ & w/o abstract occurrence info,
— Top-blast info w/ & w/o abstract occurrence info
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Diff in Recall-Precision E...._';é
by Literature Co-Occurrence
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EE &

Diff in No. of Terms w/ Better ROQ.._L_E
by Literature Co-Occurrence

No. of Terms

ROC
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Literature co-

occurrence
seems to
contribute

especially well
to cellular

component &
biological
processes

Copyright 2008 © Limsoon Wong
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Precision vs Recall

Combining all data

c
s o
Q0
2 0.
£ 04 foamo e N sources outperforms
.3 { o PFAM -
0.2 { “PUBMED - + - = .
or | T P - any individual data
0 + ALL SOURCES . . .
0 0.2 0.4 0.6 0.8 1 source
Molecular Function "
Precision vs Recall Precision vs Recall
© BIND |
< PFAM
= PUBMED
X BLAST_ALL
A BLAST_SGD
- + ALL SOURCES c
2 2 *
8 *, g *
[on + a +
+ *
++ " IxBLAST_ALL +
- + 0.1 {aBLAST_SGD
4 0 - + ALL SOURCE
0.8 1 0 0.2 0.4 0.6 0.8
Biological Process " Cellular Component*® |

Precision vs Recall

EBINUS
0.9 + @ Optiores] Uiy
0.8 + . . S
07 * Weighted Averaging
£ ocl predicts w/ better precision
£ 04/ than transferring function
031 © BLAST_SGD TOP from '[Op b|aSt h|t
0.2 { © BLAST_ALLTOP +
A BLAST_SGD .
019 xglasTau + * Using all data sources
0 - + ALL SOURCES ; ; ; R
0 02 0.4 06 08 1 outperforms topblast in both
. Recal sensitivity and precision
Molecular Function y p
Precision vs Recall Precision vs Recall
1 © BLAST_SGD TOP |- 1+ © BLAST_SGD TOP |
o BLAST_ALLTOP © BLAST_ALLTOP
0.9 4 A BLAST_SGD 0.9 A BLAST_SGD
0.8 1 jitﬁgﬁg%ss 0.8 4 fitﬁ;gﬁ};%es
0.7 4 0.7 4
5 0.6 5 0.6
§ 0.5 1 § 0.5 |
x 044 a 0.4
0.3 4 0.3 4
+
0.2 4 a + 0.2 +
0.1 * 0.1 +,
0 T T T T * 0 T T T T *
0 0.2 0.4 0.6 0.8 1 0 0.2 0.4 0.6 0.8 1
Biological Pr ecall llular Componenfecal
ological Process Ce ular Componente

11



* A simple graph-based °
method that combines
multiple sources of data
sources for function
prediction

e Even simple co-
occurrence count can give
reasonable sensitivity & .
precision for function
prediction

e Combining multiple info
sources outperforms any
single info source

7th Korea-Singapore Workshop on NLP and Bioinformatics, Seoul

Conclusions & Ongoing Works

Can we improve on this
formula?
ANA
Al|A,

Can we identify “good”
abstracts?

s(u,v) =

Can we use co-occurrence
at sentence level? Can we
use richer sentence level
analysis?

Can we identify “good”
sentences?

, 15 February 2008  Copyright 2008 © Limsoon Wong

Drug Pathway Inference:
Current Approaches
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Gene Expression Analysis in ,'E'.._'“_E
Translational Medicine

Diagnostic ALL BM Samples (n = 327)
e, "---.!""'i"q-‘" me——

* Disease diagnosis
* Disease subtype discovery
e Treatment prognosis

= Prediction accuracy is
important

Genes for class distinction (n=271)

e Disease pathway inference

e Drug action pathway
inference

e Drug escape pathway

The patterns above tell us

inference which patient has which
= Understanding cause and ALL subtype. But they
effect is important don’t tell us why.

7th Korea-Singapore Workshop on NLP and Bioinformatics, Seoul, 15 February 2008  Copyright 2008 © Limsoon Wong

Understanding Drug Response

* Key objectives

— ldentify significantly diff
regulated genetic
pathways correlating well
to treatment response

— ldentify drug-resistant
genetic phenotypes for The patterns tell us which NPC
treatment non- patients respond to CYC202.
responders But They don’t tell us why.
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TINUS
Approaches e
e Intersection Analysis e T-Profiler, PAGE
— Genes are ranked wrt — Average fold change of
correlation w/ genes is first computed
phenotypes — T-test/Z-test is then
— Selected genes are performed on each pre-
evaluated on pre-defined defined gene sets and
gene groups, based on the remaining genes
pathways for significance — Issues
of intersection e All genes with a gene
— Issues group are considered
* Which test statistics * Which test statistics
to use to rank genes? to use?
e Which cut-off to use? * Expression variance
within each group is
ignored
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EINUS
5 i

Approaches
« GSEA
— Genes are ranked according to their correlation with
phenotypes

— Go across the ranked gene list, whenever meets a gene in
the specified gene set, increase the score, otherwise,

decrease it
- lssue Almdne B e e Gena set S
asses ——
P OeneGene  hle gemees  (WIILILILITI I
Irgnaot:,zgs P - -CUlreIation with Phenotype

e —

= -, Random Walk

ES(S)I ,,;‘" o

Ranked Gene List

Maximum deviation  Gene List Rank
from zero provides the
ennchment score £5(5)
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Gaps

e Intersection analysis * Obvious next stage:

— Which test to use to rank consider gene-gene
genes? relationship

— Which cut-off to use? — How to get this info?
o T-Profiler and PAGE — How to use them?

— All genes with a gene — Can text mining help?
group are considered

— Which test to use?

— Expression variance
within each group is
ignored

« GSEA

— Gene-gene relationship
is ignored
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Drug Pathway Inference:

Drug Pathway Decipherer
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DPD Workflow &z

: Data Source : Data Preprocessing | Pathway Analysis : Hypothesis Generation :
S e e e e S e =
3 | | | I |
I | | | |
§ | | | | - |
o : Signaling // : N Information Extraction, : : G':rs:z:);;"gﬂzn :
£ Falway || PatvwayModeing | § v I Protemic Level | |
B! | | Genetic | i !
2
o : : : Relationship : :
T S A L Extraction N i
_ : : : L 4 N : Genetic Pathway :
29 | || Genetic Pathway N Aggregation |
g / ;o I Search c/;inlshec\l;\)‘( I
o : /e Gr:::ion J/ : #» Data Transformation l kW P T :
Ei i / *p § i | - A Hypethesis |
[T | | Ganetic Path I Generaionon | |
o ic wWay | )
: : T Evaluation i Genetic Level :
e qm——————————— r===—====———- S S r-

Idea: Look for pathways whose expected genetic /signaling
interactions most consistent with those observed in the samples
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DPD Detalls &

1. Compute for each geneits A signaling pathway
relative expression -

change betw pre- and

ERK Pathway

post-treatment m.:,,;m ‘; Q
2. Extract genetic ” l

relationship from

signaling pathways Extracted genetic relationship

GRB22>S0S2, SOS222HRAS, ...

3. Connect genetic

relationship into genetic l

pathways

Connected genetic pathway
GRB29S0S29HRAS>RAF1>MAP2K1>MAPK1>MAPK Pathway;

7th Korea-Singapore Workshop on NLP and Bioinformatics, Seoul, 15 February 2008 ~ Copyright 2008 © Limsoon Wong
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EANUS
95 e

af Engepre

DPD Details (cont.)

4. Compute gene expression 7. Apply p-value and FDR

correlation for each edge control to obtain
g in a genetic pathway for significant hypothesized
each sample genetic pathways

5. Derive z-score z(q) of 8. Compute signaling
correlation above wrt pathway score & conf for
background signaling pathway y

6. Compute pathway score , ( LI conf(d) )

) i = AT Xumpact(g) X rgi X w7
for genetic pathway 9: L X (g < mmeetto) < e
. 1 . con f ()
(9) = 7= (1)), onf7=2 (”"‘“1” - W)
=

score(9) = p-value of z(9)
conf(3) =1 — score(9)
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INUS
Example: CYC202 Response in NPE€=~

In vitro: 3 cell lines, expression measured at 6 time points. CNE1 resistant
to treatment; CNE2 partial response; HK1 full response

P T

B PRk o b
25

gorlasl

LR R R )]
EEEREEARAARERAAREE

In vivo:12 patients, expression measured before and after treatment.
Patients are classified into two responding groups wrt their genetic
responding phenotype
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GSEA vs DPD: In vitro Sebor

GSEA Decipherer
Anli-Apoglolic Pathway — -
. LO—0O Y
- oo 0 v . O

P PTEN Praa . Pt RN AT " i A.
o @ a e - O

\-\}—\W—{-\}—.—(W/ i NEwE ( }—u; e —{ }—-; }’ MeKn , BELA
ovn G TRADD TRAFZ K ® Guwh  Gowh  TRADD  TRAR .
* 'wl" WP Apoptor e .-:::.. WP Apopios
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GSEA vs DPD: In vivo m——

_ ¥ P - — ioh
GsEA O—@ @0 T O e

Anti-Apaptotic Pathway Al Path
s ) O Anti-Apoptotic Pathway C S
e —
.—(ﬂ—ﬂ T e Ne) e—0—0 = ‘°“*"“‘/’3‘“Y
PTEN P PTEN AT ™ A .
SO @O —
\ —{_—i M WK NEME O—-O—-O—-O—-O/ W weKB oL
dedede om DO TRAZ HK F)—ic) Gowh  Gown  TRADD TRARZ N @
i We g b .8 WP Apaptoais
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Differentiation Status of Pathways~ =~

ERK Pathway |—o—cx~£1 ONE2 —t— HK1 | Apoptosis ——CNE CNEZ —de— HK1
w @
22, En
@ 0 > @ 7
§2 § 3
£ -4 F -1
&0 2 4 6 12 24 | 2 4 3 12 24
Time (h) Time (h)

Table 1. p-values for the differentiations of status of signaling pathw ay s,

Comparison Group ERK Apoptosis || JNE/p3& GI/S
CNE1 vs. CNE2 < 0.0001 0.0028 0.2921 -
CNE1 vs. HK < 0.0001 0.0006 - 0.4992
CNE2 vs. HKI 0.0004 0.0022 - -
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Effect of continuous CYC202 (20uM ) treatm ent Effact of CYC202 treatment in com bination with
2VADm k (25uM)
. - 10
;ﬁ 100 =4—CNEL CNE2—d—HKI & @ contral
3 H . | O G2 Z0uM
=z £ OCY C2022VAD Tk
E= >
<3 = W
£ L
- a
] ' = 0
* P -0
0 0 40 &0 0 CNE1 ez Hed
Time (h} Cell line
Table 2. List of the identified genetic pathways: Genes for re placement are separated by =/,
Signaling Pathway | | Genetic Pathway || Confidence
CNE1
ERK GRB2—S0S2—HRAS—RAFI—=MAP2KI— MAPKI/MAPK3 = 0.999
Apoptosis PIK3CB—PTEN—AKTXAKT3—CHUK/IKBKB/IKBKG—NFKB2—BIRC2/BIRCS 2= 0.99958
INK/p38 MAP3K12—MAPIKT—MAPK9 0.9665
GI/S CCND1—CDE4- RBI1-E2FYEZF3 = 0.9906
CNE2
ERK GRB2—8051—MRAS/KRAS/NRAS'/RRAS —BRAF—MAPIK1 —MAPK1 = 0.9885
Apoplosis PIK3CA/PIK3CB—PTEN—AKT1—IKBKE—RELA—BIRCYBIRCS = 0.9949
INK/p38 MAPAKYTRAF2 —~MAPIKI —~MAP2K4—MAPKS/MAPK10 = 0.0658
HKI
ERK GRBE2Z—S081—HRAS—BRAF—=MAPZK I'MAPZK2—MAPKI/MAPK3 = 0.9646
Apoptosis PIK3R1—PTEN—AKTYAKT3 —~IKBKB—NFKBYRELA—BCLYBIRC2 = 0.0663
GI/S CUL1—=SKP2—CDKN1A-CDK6—REB I-E2FYEIF3 = 0.9645
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EBANUS
Differentiation Status of Pathway —

Table 3. The results of signaling pathway status estimation for the in vive dataset: The “response”
column shows the molecular response to treatment for patients, The “status” column shows the
estimated post-treatment pathway status,

Patient Response ERK INEK/p38 Gl/s A poptosis
Stats | Conf. || Status | Conf. || Statws [ Conf. || Statws | Conf.
Pi5 Piositive) S225 | 098 -3.08 | 099 - - 1.34 0.99
P18 P - - -L01 | 0099 - = 0.82 0.98

P9 P -0.97 0.98 - - 0.76 0.95 - -
Pt14 P - - - - -0.61 0.99 -Ea | 0.99
Ptl6 P -0.20 ] 0,99 -0.20 | 0,95 0.29 0.99 1.42 0.97
P17 P -1.02 | 099 -1.02 | 099 -0.33 | 096 1.01 0.99
Pt19 P - - -0.86 | 098 - - 0.91 (.98
Ptl8 No Tumor -0.15 | 099 - - 0.28 0.99 0.13 | 0.99
Pl Nieggative) 0.21 0.95 0.52 0.99 1.06 0.97 -Lon | 0,98
P N -0.10 | 097 -0.68 | 096 0.28 0.98 011 0.98
Pt10 N 1.02 0.99 L16 | 0,99 - - -7 097
Ptl5 N - - - - - - -1.01 0.98
Pi20 N 1.30 0.98 - - -0.93 | 0.96 Slod | 0.99
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SNUS
DPD: Pros and Cons ——

Pros

— Pathway structures are considered, so more
specific hypotheses can be generated

— Gene co-expression are considered, so more
higher significance level can be reached

Cons

— Limited pathway structures available to evaluate
— Significance of expression change of is ignored
— Evaluation procedure is too complicated
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Drug Pathway Inference:

Where Can Text Mining Contribute?

I
N
DPD: Pros and Cons @.—:

* Pros

— Pathway structures are considered, so more
specific hypotheses can be generated

— Gene co-expression are considered, so more
higher significance level can be reached

+ Cons

imited pathway structures avaiiabie@

— Significance of expression change of is ignored
— Evaluation procedure is too complicated

Where can text mining contribute?

Extract signaling pathway
details (i.e., inhibit,
activate)

Link proteins (i.e.,
signaling pathway level) to
genes (i.e., genetic
pathway level)

Link pathway to
phenotypes
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