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More Data Wins
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English S and Butte AJ.“Evaluation and Integration of 49 Genome-wide Experiments and the Prediction
of Previously Unknown Obesity-related Genes.” Bioinformatics (2007) vol. 23 (21) pp. 291
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EXPERIMENTS

GEQO EXPERIMENTS

PROTOCOLS

HYBRIDIZATIONS

GEQO HYBRIDIZATIONS

Gene Expression Omnibus: a public functional geno

submissions. Array- and sequence-based data are accepted
1 nrma

experiments and curated gene expression profiles. Mort

mics data repository supporting MIAME-compliant data

. Tools are provided to help users query and download

» New account
» Recover password







RNA expression detection
chips
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cDNA spotted on glass slide or

. Genome-wide, quantitative oligonucleotides built on slide

« Commodity items Schena M, et al. PNAS 93:10614 (1996).

« International repositories of Nature Genetics, 21: supplement (Jan 1999).
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Accession: D510 = View Expression (GED profiles)

Title: Type 1 diabetes gene expression profiling

DataSet type: gene expression array-based (RNA [/ in situ oligonuclectide)

Summary: Examination of spleen and thymus of type 1 diabetes nonobese diabetic (NOD) mouse, four NOD-derived
diabetes-resistant congenic strains and two nondiabetic control strains.

Platform: GPLZ24: EQSS002A

Citations: Eaves |A, Wicker LS, Ghandour G, Lyons PA et al. Combining mouse congenic strains and microarray gene
expression analyses to study a complex trait: the NOD model of type 1 diabetes. Genome Res 2002
Feb;12(2):232-43. PMID: 118327943

Ssample organism: |Mus musculus Platform organism: Mus musculus
Feature count: 39114 Value type: count

Series: GSE11 series published: 11/21/2001
Last GDS update: (07/15/2003

L1 TA | S

Diabetez Mellitus, Type l/*genetlics
*Dizeaze Model=s, Animal

Female

*Gene Expression Profiling/methods
Genetic Markerz/genetics

Mice

Mice, Congenic

Mice, nbred C%/BL

nbred NOD/*genetics

-

nucleotide Array Sequence A

Butte AJ, Chen R "Finding disease-related genomic experiments within an international
repository: first steps in translational bioinformatics." AMIA Annu Symp Proc 2006; 106-10




Accession:
Title:

DataSet type:
Summary:

Platform:
Citations:

Sample organism:
Feature count:
Series:

Last GDS update:

GDS10 = View Expression (GEO profiles)
lon profiling
gene expression array-based (RMNA / in situ oligonucleotide)

Examination of spleen and thymus of type 1 diabetes nonobese diabetic (NOD) mouse, four NOD-derived
diabetes-resistant congenic strains and two nondiabetic control strains.

GPLZ4: EOS5002A

Eaves |A, Wicker LS, Ghandour GG, Lyons PA et al. Combining mouse congenic strains and microarray gene
expression analyses to study a complex trait: the NOD model of type 1 diabetes. Genome Res 2002
Feb;12(2):232-43. PMID: 11827943

Mus musculus Platform organism: Mus musculus
Value type: count
series published: 11/21/2001

07/16/2003

A T

12 assigned subsets

samples Type Description

M (14) | ¥ |tissue pleen

M (14) tissue thymus
M (4) strain NOD

™ (4) strain Idd3

M (4) strain Idd5

M (4) strain Idd3+1dd5
M (4) strain Idd9

™ (4) strain B10.H2g7

M (4) strain B10.H2g7 Idd3
M (4) disease state |diabetic

M (16) disease state |diabetic-resistant

M (8) disease state |nondiabetic



Description

thymus

Idd3

Idd3+1dd5

Idd9

B10.H2g7
B10.H2g7 Idd3
diabetic

Free Text!

diabetic-resistant

nondiabetic




Accession: GD=2084 = View Expression (GEO profiles)

Title: Polycystic ovary syndrome: adipose tissue

DataSet type: gene expression array-based (RNA [ in situ oligonucleotide)

sSummary: Analysis of omental adipose tissues of morbidly obese patients with polycystic ovary syndrome (PLCOS)
Pl" (3 is a commeon hormonal disorder among women of reproductive age, and is characterized by
hy perandrogenism and chronic anovulation. PCOSs is associated with obesity.

Platform: GPL96: Affymetrix GeneChip Human Genome U133 Array Set HG-U133A

Citations: Corton M, Botella-Carretero JI, Benguria A, Villuendas G et al. Differential gene expression profile in eomental
adipose tissue in women with polycystic ovary syndrome. J Clin Endocrinol Metab 2007 Jan;92(1):328-37.
PMID: 17062763

sample organism:|Homo sapiens Platform organism: Homo sapiens
Feature count: 227283 Value type: count

Series: GSE5090 Series published: 06/17/2006
Last GDS update: |03/21/2007

2 assigned subsets

samples Type Description

™ (8] disease state |polycystic ovary syndrom

—>»> C0032460

W GDS2084 only M ranks M values

subset effects

W (7) se state |control ‘
|

Disease or Syndrome
(T047)



Method B: Identifying Control Subsets
Defined Using a Negation Scheme

GDS 268

Oobese non-obese

j v
non| obese

Obesity Obe31ty
(C0028754) (C0028754)



Nonf~hodgkin lymphoma

¢

UMLS

Hodgkin’s Sarcoma Non-Hodgkin'’s Lymphoma
SNOMED-CT (C0019829) SNOMED-CT (C0024305)

~ -~ Dudley J and Butte AJ. Enabling integrative genomic analysis of high-impact human

diseases through text mining. Pacific Symposium on Biocomputing (2008) pp. 580-91



AILUN:
Extracting GEO

gene lists

GEO has 12.6+ billion
measurements across
~4000 platforms

 Decoding measured gene
IS a challenge

— Varied use of identifiers

— ldentifiers change
meaning

« We have ~100 million
mappings to NCBI Gene
Ids

« We mapped 67% of GEO
platforms to NCBI

identifiers
Chen R, Butte AJ. Nature

Methods, November 2007.

Gene Identifier

Gene Ildentifier Vocabulary

Al262683 GenBank

NM_000015 GenBank

Hs.2 UniGene

NP_000006 Protein

P11245 Protein

NAT?2 NCBI Gene official symbols
AAC2 NCBI Gene all symbols
IMAGE:1870937 | IMAGE clone
UI_Z__T)CZB_1()_PS|I_ University of lowa clone

IMAGp998118458
1

Institute of Molecular Biology
and Genetics Ukraine

- clone
10286060 GenBank Gl
TC110817 OriGene Technologies Clone
HIEOG837r Gunma University Clone
CMPD10049 University of Padova Clone
H3E 1_1 ?EZ i6” gnd rl)nsti:clgtpeacr)]fcl\;/llsrc]iiecal Science




Pipeline-Routing Type

CenterNorm / SubtractiveDiff
NoNorm / SubtractiveDiff
RankNorm / SubtractiveDiff
CenterNorm / FoldDiff
NoNorm / FoldDiff
CenterNorm / TtestDiff
NoNorm / TtestDiff
RankNorm / FoldDiff
RankNorm / TtestDiff
Randomized pipeline-routings

Mean correlation coefficient
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D+/T-
Comparison category (Disease/Tissue)
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Type 2 diabetes (Muscle)
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What is the quality of the
public gene expression
data?

(9psny) AydonsAp senasnw sauuaysng

Dudley et al. Disease signatures are robust across tissues and experiments. Molecular
systems biology (2009) vol. 5 pp. 307




epgendent diabetes meliitus
eralized ischemic myccardial dysfunction
Primary idicgathic dilated cardiomyopathy
Pu'monary emghysema
alpha-1-Antitrypsin deficiency
Asthma
Papillary renal cell carcinoma
carcinoma, chromophobe cell
MNeurofibromatesis type 1
Ceocaine dependence
Hantavirus pulmonary syndrome
Marfan's syndrome
Atopy
HIV infection
Retinitis pigmentiosa
Ulcerative cystitis
Diabetes melitus - adult cnset
Leprosy
Malignant melanoma
oplasm of female breast
ne leiomyoma - fll) 0
stic fibrosis of panc
HLA artlg
Morbid o
Simple ob
Critical illness polyneurogathy
~amilial combined hyperlipidemia
Hyperglycemia
with congestive HF
niricular hypertrephy
Salmenela infection
—epatocellular carcinoma
Chrenic ainvay obstruction
pT2a( cervical cancer
pT1b (IB) cervical cancer
p"'b (1IB) cervical cancer

pT3a (lllA) cervical cancer
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Parkinson's disease
Down syndrome

Butte AJ, Kohane IS. Nature Biotechnology, 2006, 24:55.
Butte AJ, Chen R. Proc AMIA Fall Symposium, 2006.

Human Disease Gene Expression
Collection
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Blue: gene goes
ydown in disease
Yellow: gene goes
up in disease
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Chen R, Butte AJ. Nature Methods, 2007.
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Suthram S, Dudley J et al. Network-based elucidation of human disease similarities reveals common
functional modules enriched for pluripotent drug targets. PLoS Computational Biology




Mining Public Data for Drug Repositioning
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Disecase Gene Expression Signature Drug Gene Expression Profile
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Dudley JT, Sirota M et al. Discovery and validation of drug indications using compendia of
public gene expression data (in revision)




Reference Database of Drug Gene Expression

Disecase Gene Expression Signature

Disease-Drug Scores

Drugs Similar to
Disease )

| Drugs Opposite to
Disease

< -




DIN=-=

Drugs



Anti-ulcer drug inhibits lung adenocarcinoma
in vitro and in vivo
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Anti-seizure drug works against a rat model of
inflammatory bowel disease

TNBS + Vehlcle
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Dudley JT*, Sirota M* et al. (in revision)



Cardiotonic drug inhibits ameliorates inflammatory
cytokine TNF-alpha
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Saline +EthOH (1Mb) Saline + TNBS (2Mb)  Cardiotonic 10 mg/kg + TNBS
(3Mb)




Discovery of peripheral biomarkers for transplant
rejection through integration of public data

Gene
Expression
Omnibus
(GEQ)

45 up-regulated AR genes across solid-organ transplant
. Commercial ELISA kits

10 protein candidates
I ELISA in the serum samples of 19 acute rejection

vs. 20 stable after renal transplantation

3 AR protein biomarkers for renal transplant

vs. 31 stable after heart transplantation

I ELISA in the plasma samples of 32 acute rejection

Immunohistochemistry
on multi-organ
AR vs. stable biopsies

Cross-organ AR pathway Biofluid proteome databases
: 3 cross-organ AR P
3 success of 5 in pathway _ o g - 2 success of 6 in database
protein biomarkers

0 success of 5 outside pathway 1 success of 4 outside database

= Chen R et al. Differentially expressed RNA from public microarray data identifies serum protein biomarkers
for cross-organ transplant rejection and other conditions.. PLoS Computational Biology (2010) e1000940



http://www.ncbi.nlm.nih.gov/pubmed/20885780
http://www.ncbi.nlm.nih.gov/pubmed/20885780
http://www.ncbi.nlm.nih.gov/pubmed/20885780
http://www.ncbi.nlm.nih.gov/pubmed/20885780

| I
Acute reiectjonG Q_meru S Stable




Many more examples of new medicine
from public data

® New large-effect genetic risk variant for
Type 2 diabetes

® New drug target for Type 2 diabetes
® Biomarker for medulloblastoma

® Biomarker for pancreatic cancer

® Biomarker for lung cancer

® Biomarker for atherosclerosis



We can do this because we have the computational
firepower, but what about others?

Jata partition &

Compute node
virtual servers
(99 total)

job accounting requests

User workstation running

cloud web dashboard Job control and

data partitioning
virtual server (1)

Amazon web services cloud infrastructure
Figure 1 Schematic illustration of the computational strategy utilized for the cloud-based eQTL analysis. One hundred virtual server
instances are provisioned using a web-based cloud control dashboard. One of the virtual server instances served as a data distribution and job

control server. Upon initialization, the compute nodes would request a subset partition of eQTL comparisons and insert timestamp entries into a

job accounting database upoen initiation and completion of the eQTL analysis subset it was administered.
\

~ = Dudley et al. Translational bioinformatics in the cloud: an affordable alternative. Genome medicine
(2010) vol. 2 (8) pp. 51




In silico research In the era of cloud
computing

Joel T Dudley & Atul ] Butte

Snapshots of computer systems that are stored and shared ‘in the cloud’ could make computational analyses
more reproducible.

c

Service layer

b Clone and update
service infrastructure
(data and systems)

Operating system
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= Dudley and Butte. In silico research in the era of cloud computing. Nature biotechnology (2010)
vol. 28 (11) pp. 1181-5




Lessons learned from integrating open
biomedical data for translational research
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Lessons learned from integrating open
biomedical data for translational research

® So far sticks have worked better than carrots
® [ightweight integration trumps ontology
e Computation is a major bottleneck
® Right now there are privileged computational elite
® Questions first, data second
® Data really is unreasonably effective

® New biology and medicine is possible through “data
science”
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