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Expression Profiler: EPCLUST
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URLMAP

» Given a cluster of genes - many web
based tools and databases to
consult/follow up. How to link to them?

* How to manage many links, many
tools?

» Answer: Centralize that linking




URLMAP - no need to “cut & paste” SRS/InterPro

KEGG:

*» Generates all links/forms \
dynamically

» Maintain links in one place

» Handle renaming of gene -
id’s by synonyms

* Allow domain-specific link
pages

A Simple Metabolic Pathway

Shoshanna Wodak, Jacques van Helden




Links for each item type

Yeast S. cerevisiae gene ID-s
(ORFname, SP id, SGD ID, ...)

Pattern collections, e.g. substrings to
profile generation by SEQLOGO

Keyword searches from web based
search engines

Management of links

Hierarchies of link collections

One can point to any (sub)hierarchy
directly

LINK =

* URL, title,

» form parameters

e modifications/code

* DB lookups for synonyms




“Screen scraping” — doable with a
little perl programming

| g1,02,0356 s i

Gene Ontology™
WWW.geneontoloqy.org

* GO is a systematic effort for data
annotation
* Three independent ontologies
* Molecular Function
* Biological Process
 Cellular component
* How to integrate that into analysis tools?













EP:GO tool for GeneOntology

Browse
Search by keywords; EC, term. etc..

Get associated genes
» Submit associated genes to URLMAP

Annotate gene clusters using GO terms

EP:GO EPCLUST
s
~ URLMAP =>

Look up expression data




Annotate Clusters (EP:GO

AD

Set overlap

/N genes

A: |G C|/min(|G], |C])
B: P( choose |C| from N with |G|, observe |G C|+)
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YGR128C + 100 101 Sequences relative to ORF start

T T TT T TCT TCTGAT TET Qe T TTOGT TT T TTOGT TCTOGT T T CCTTCITGGACTT TAGT ATAGECT TACCATCCTTCTTCICTTCAATAACCTTCTTTTCTTG
CTTCTTCTT CBAT TGCT TCAAAGT AGACATGAAGT CBOCT TCARTGEDCTCAGOACCT TCAGOACT TGCACTT GLT TCTCTGGAAGT GT OATCTGCACCT GOGCT GCTT
CTGGATTTGGAGT TGGOGT GACACTGAT TTCTTGGTT TTCTTOGATT CCTCATCOCAGTAGT TCTGI TG TCTTTTTACTCT TTTTCGOCATCTTT
CACTTATCTGATGTT CCTGATT GOOCTT CTT ATDOCT GAAAGT TCACCTT TGOCACT TATT CT AGT GCAAGATCT T TGCT TT GAATGAGCT TAAAGCT TGAAMARTTT
TG CACA A A T T A COATGATATAAGAGTTTTOOACTTT TACH 0006 GT6
TTTGAAGLT AGAT GCAGTAGGT GLAAGDGTAGAGT TGT TGAT TGAGCAAA. A

LYAL025G chtomo-t Coot &< 101147 100250(G) Start =600 End=+2 seq=( 101145 101747)

CTTAGAAGATAAGT AGTGAAT TAGAAT AAATT CBAT ACGAACITT GAAAT AGTCAAGAATT TCAT T CAAAGEGT TGAAT GGTOCAAGT TT TACACTTTCAMGT TAACS

‘crwwv\ TG TGGAGCAT AT AT AGAT GGAGCAT ACAT ACATGITTTTTTTTTTTT TGO CTONC/CARTAMGATITAT
\TGAT AGATAAT GCATACT TTGTTTT TGCTTTCATTAGCTGATT ATGITCAGATTAT AATAMCC
TTTT T T T I IT TTTTOCGATGAGCTTT COCAGAT AT TCATTOCTTAGTTCTTTCIT T
\CAGTGTTCTCTT CAGTACATAACTACAAQGGT TAGAATAGAACCAGRAT_ATG

2YGROB4W chrom=2 coor d=(411012.413936) star =600 end=2 se=(410412-411014)
CCATGTATCCAAGACCT GLT GAAGAT GT TACAAT GOCAATT AT AT TCAAGGT CTGOCOCAGTACCAAACATCTT ATT T TOGCAGCTGTT AT TATGATCACCCAGCAT
TACGAACATTCTCCACATCAAAGGAACT TTACGOCAT CCAACCAAT CGCAT GRGAACT TT TATT AAATGICTACAT ACAT ACAT ACATCTOGT ACATARATACGCATACG
TATCT T/ CAGAT ATGAT GACACIGTAGAAT T AT GT AT AGICARCATACCAGTTCT QoA CMAACCANAGCTACTCCTGCAACACTCTT

TGT ATGGITCTT AT TGTT TCOOGAGTTCTT TTTTACT AAGAAAGTTCTCTAGOGOCATGCTGAAAT TT TTTTCACTTCAACG
AT T T T T TOCTCoAAAT AT RGOS TCT oA T ARG T CCAGAAGTARAGCACE AT ACAGATCARACACTT TCATTAG
TGTGATTCTCTCAGTCTGI TCATTTGTCAGATATTTAAGGCT AAAAGGAA

GATGAG. T 1:52/70 2:453/508 R 7.52345 BP:1.02391e-33
G GATGAG T 1:39/49 2:193/222 R 13.244 BP: 2. 49026e- 33
AAAATTTT 1:63/77 2:833/911 R 4.95687 BP:5.02807e-32
TGAAAA. TTT  1:45/53 2:333/350 R 8.85687 BP:1.69905e-31
TG AAA TTT  1:53/61 2:538/570 R 6.45662 BP:3.24836e-31
TG AAA TTTT 1:40/43 2:254/260 R 10.3214 BP:3.84624e-30
TGAAA. . TTT  1:54/65 2:608/645 R 5.82106 BP:1.0887e-29

Annotation of clusters

GO: 0042254 <U:L> Process: ribosome biogenesis and assembly (+2:15) (depth=7)

[sgd:2:187]
GO:0042254: 47 from cluster (size 98) vs 187 in this class (including subclasses)

G0:0006364 <U:L> Process: rRNA processing (+3:3) (depth=8) [sgd:50:126
G0:0006364: 35 from cluster (size 98) vs 126 in this class (including subclasses)

GO: 0006360 <U:L> Process: transcription from Pol | promoter (+6:14) (depth=8)
[sgd:23:155]
G0:0006360: 38 from cluster (size 98) vs 155 in this class (including subclasses)

G0:0005730 <U:L> Component: nucleolus (+10:17) (depth=6) [sgd:154:210
G0:0005730: 45 from cluster (size 98) vs 210 in this class (including subclasses)

G0:0030515 <U:L> Function: snoRNA binding (depth=6) [sgd:23:23]
G0:0030515: 17 from cluster (size 98) vs 23 in this class (including subclasses)

G0:0030490 <U:L> Process: processing of 20S pre-rRNA (depth=9) [sgd:33:33]
G0:0030490: 18 from cluster (size 98) vs 33 in this class (including subclasses)

G0:0005732 <U:L> Component: small nucleolar ribonucleoprotein complex (depth=6)
[sgd:30:30]
G0:0005732: 16 from cluster (size 98) vs 30 in this class (including subclasses)

G0:0006396 <U:L> Process: RNA processing (+7:52) (depth=7) [sgd:7:370]
G0:0006396: 40 from cluster (size 98) vs 370 in this class (including subclasses)
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EP:PPI

Protein-protein interaction

* There are high-throughput technologies for
identifying hypothetical protein-protein

interactions

* Which ones of these are more likely to be

true?

» Can these predictions help predicting gene

function?
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PPI are enriched within clusters

Ge, Liu, Church, Vidal: Nature Genetics Nov. 2001

Protein-protein interactions: which
to trust more?
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Answer: Use the distance measure alone
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Kemmeren et.al.

e Randomized expression data
® Yeast 2-hybrid studies

O Known (literature) PP

MPK1 YLR350w
SNF4 YCLO46W
SNF7 YGR122W

Molecular Cell, Vol. 9, 1133-1143, May, 2002

| nter acting pairsof proteins
AandB; Cand D
Which would you trust?
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EP:PPI — combine PPI and expression

Results

Confidence in 973 out of 5342 putative two-hybrid
interactions from S. cerevisiae is increased.

Besides verification, integration of expression and
interaction data is employed to provide functional
annotation for over 300 previously
uncharacterized genes.

The robustness of these approaches is
demonstrated by experiments that test the in
silico predictions made.

This study shows how integration improves the
utility of different types of functional genomic data
and how well this contributes to functional
annotation.
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Gene regulation by transcription factors

Networks

Graphical models
Directed labelled graph

Nodes
Arcs/Edges
Labels

genes
relationships
types of relationships
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Graph drawing

O—0

Start node Connection End node
(gene) weight, w (gene)

Different interpretation of arcs

Edges can have different meanings,
hence different networks

Binding site for A is in front of B
Proteins A and B interact

Deletion of gene A affects expression of
B (is somewhere in regulation cascade)

“Literature” mentions genes together

19



Gene regulation by transcription factors

- - - e S

8 BB Coewnmun:
geneA | | t —
gene B — | —
geneC | — — |
geneD t 1t
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A complete graph

Features/distributions that do not
depend on discretisation thresholds

Visual inspection, biological interpretation
General statistics and features of the
graphs

Indegree/Outdegree

Complexity of the networks

What is the modularity?
* How many components?
» Deletion of hot-spots, does it break the net?
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Number of incoming/outgoing edges

Most genes have only a few incoming / outgoing edges,
but some have high numbers (>500)

1 6 11 16 21 26 31 36 a1 6 51 56 61 66 7 76 81

number of outgoing edges

Rank of outdegree
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High outdegree

High indegree

(0 outdegree m n indegree m n
2.0 Carbohydrate metabolism 363 4|Amino-acid metabolism 9 194
c RNA turnover 353 4|Nucleotide metabolism 6 82
9 Meiosis 244  3|Energy generation 5 242
"C'U' Cellstress 207 9|Small molecule transport 5 343
— Protein translocation 197 3|Other metabolism 5 148
=) 2.8 RNA turnover 110 4]Amino-acid metabolism 4 167
8 Cellstress 62 8|Nucleotide metabolism 3 67
D: Meiosis 54 3|Energy generation 2 184
Proteinsynthesis 53 7|Differentiation 2 43
Cellwallmaintenance 47 6|Small molecule transport 2 286
3.6 RNA turnover 48 4|Small molecule transport 2 230
RNA processing/
modification 41 4|Other metabolism 2 96
Cellstress 27 8|Nucleotide metabolism 2 58
Small molecule transport 19 8|Matingresponse 2 57
Cellwallmaintenance 19 6/Amino-acid metabolism 2 133

Cellular role table showing the top 5 groups with the highest median degrees for
the networks with g=2.0, 2.8 and 3.6 with a minimum group size of 3 for

outdegree and 40 for the indegree (m median degree, n number of genes per

group)

wisljoqels|y

Network modularity
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network modularity

omponents

d c

Number of connecte

network modularity

omponents

d c

Number of connecte
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Filter

echoose a list of genes
(MATING, marked in red)

«filter for these genes plus
neighbouring genes from the graph

20
\/A,t-ll! :

%

M utation network Dg=4 e

Mutation network D,
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Gene regulatory networks

What formalisms to use to describe them?

When does model correspond to biological
reality?

How to simulate models on computer

Is it possible to verify models by
experiments?

How to restore networks from raw data
without knowing the structure or parameters?

A gene network(?)

| of

[>..1... r

Ll [ o'
b Fe Iy
Df... ...... ,<>__
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Of transcription factors

Of transcription factors and KO’s
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Of transcription factors and KO’s

Hughes, T. R. et a: “Functional Discovery viaa Compendium
of Expression Profiles’, Cell 102 (2000), 109-126.
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Effectual set and regulation set
4 N

Effectual set and regulation set
4 N O N
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How to estimate that the overlap
IS more than expected by
random?

4 N :

|El [GI- E|
. RE|
P(X3 k) =1- &

. / o

IR

Data

- Disrupted genes — 263 disrupted genes
excluding drug treatments and haploid states
(Hughes et al)

- Transcription factor binding sites — 356
binding sites, from these 37 experimentally
proved (Pilpel et al, 2001)
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Disrupted TF

- Only 5 transcription factors from our set (of
known binding sites) were disrupted on the
experiments — mbp1, yapl, yafl, swi5, gcn4
- For three of them — mbp1, yapl, gcn4 —the
regulation and effectual sets were highly
correlating

- yafl is activated with oleate, while in oleate
free environment Yafl (alias OAF1)
disruption does not have significant effect

- swi5 affects only haploid state, while we use
only diploid

Effectual sets correlating with
other TF binding sites

- From 37 of the experimentally proven
binding sites, 20 correlate with one or
more effectual sets

- If the disrupted gene correlate with a
regulation set of a different gene, the
correlation should be explained
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Possible explanations why disruption
of gene A may correlate with regulation
set of a different gene (TF) T:

- T belongs to the disruption set of A
(cascade)

Gene reqgulation cascade

36



Possible explanations why disruption
of gene A may correlate with regulation
set of a different gene (TF) T:

T belongs to the disruption set of A (cascade)

T is regulated by A (transcription or translation)
or by a gene on the cascade of A

T is modified (e.g., phosphorylated) by A or a
cascade of A

T and A belongs to the same protein complex

A and T are functionally related

Binding site/disruption correlation

summarn

IR| Site |E| Disruption| |RCEH Description
184 MCB 8 MBP1 5 Part of a DNA binding complex.

78 Yapl 55 YAP1 6
116 Ume6| 346 SIN3 20 Interacting proteins.
210 Zapl 3 MSC7 3 Relation via hydrogenases.
243 Stel2| 437 DIG1,DIG2 36 DIG1 represses STE12.
153 Ndt80 151 ISW1,ISW2 13 Genetic interaction with ISW2.
180 Rpn4 33 UBR2 17 Similar cellular role.
257 Rapl| 121 VAC8 23 Weak link through vacuole
480 Basl 23 HPT1 11 Adenine response.
149 Stress| 126 SIR4 13 Unexplained.
116 Hap234 4 disruptions Unexplained.
151 Gcn4 34 disruptions Central biosynthesis regulator.

89 Leu3 20 disruptions In biosynthesis pathway.

58| Met31-32 16 disruptions In biosynthesis pathway.
188 Aftl CUP5 MAC1 VMAS8 Small molecule transport, ironuptake.
907| rRNA proc. 9 disruptions Ribosomal activity.
514 PAC 9 disruptions Ribosomal activity.
356 ECB 5 Weak disruptions Early Cell-Cycle box
371 PDR 11 Weak disruptions
410 Mcml 10 disruptions Mcmlp needs coregulators.
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Conclusion

Most of the binding site/disruption set
correlations can be explained via

- Regulation cascades

- Protein complexes

(K. Palin et al, ECCB 2002, special issue
of Bioinformatics)
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