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The code of life
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Next Generation Sequencing

Whole Genome Shotgun Sequencing Method

A \7“75 Sequerce Each Fragment
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Align Contiguous Sequences
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Next Generation Sequencing

Reference sequence Non-human
Chr1 Chr 5 sequence
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Figure 3 | Types of genome alterations that can be detected by second-generation sequencing. Sequenced
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Pricing trend

(2001) The Human genome

project:

Moore's Law

- 13 years
- 23 labs
- $500 Million.

National Human Genome
Research Institute

genome.gov/sequencingcosts

* A Human genome today:
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Increasing Information and Resources

Number of Databases

Exponential growth of Biological Databases and information
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Growth of Omics Data (EBI Repositories)

EMBL-EBI data growth by repository/platform
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Cumulative Number of Human Genomes

Big Data in Biology

PERSPECTIVE
Big Data: Astronomical or Genomical?
Zachary D. Stephens’, Skylar Y. Lee', Faraz Faghri?, Roy H. Campbell?, Chengxiang Zhai®,

Miles J. Efron®, Ravishankar lyer', Michael C. Schatz®*, Saurabh Sinha®*, Gene
E. Robinson®*

PLOS Biology 2015

Growth of DNA Sequencing

Abstract

Genomics is a Big Data science and is going to get much bigger, very soon, but it is not
known whether the needs of genomics will exceed other Big Data domains. Projecting to
the year 2025, we compared genomics with three other major generators of Big Data:
astronomy, YouTube, and Twitter. Our estimates show that genomics is a “four-headed
beast"—it s either on par with or the most demanding of the domains analyzed here in
terms of data acquisition, storage, distribution, and analysis. We discuss aspects of new
technologies that will need to be developed to rise up and meet the computational chal-
lenges that genomics poses for the near future. Now is the time for concerted, community-
wide planning for the “genomical” challenges of the next decade.
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Biological research has changed

Mardis Genome Medicine 2010, 2:84

http//genomemedicine.com/content/2/11/84 Genome Med iCiI’le

The $1,000 genome, the $100,000 analysis?

Elaine R Mardis*
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Precision Medicine
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What are the Challenges?

Storage
» [Fast and efficient storage systems to query large collections of ‘omics data.
Distribution and data access

» Cloud-computing systems such as EasyGenomics (BGI) or “Embassy” as

part of ELIXIR project

Analysis
» Algorithms/methods to extract knowledge and information from the data

» Integration of biological domain expertise, large-scale machine learning

systems and efficient computing infrastructure



A COMPLEX TASK

Biological systems are complex. Genes may carry out
different functions in different cell types / tissues, even
antagonist functions.

=Signal-to-noise ratio and confounding. High throughput
biological data have low signal-to-noise ratio and many
variables that make it difficult to distinguish signals from
random patterns.

*High-dimensionality, large number of variables and small
number of samples

*Biological systems are dynamic



Integrating Omics Data

» Integrating different studies/datasets with the same type of data. Integrate data with
the thousands of other published datasets and look for similar patterns.

= Integrarting multiple data types. Integrate different omics data (genomics,
transcriptomics, metabolomics, ...)
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Multi-omics integration for Biomarker Discovery

An increasing number of projects include measurements of the same samples from
multiple omics techniques.

Integrating different OMICS layers will potentially provide:
* More comprehensive view of biological processes
* More robust patterns

» Better predictions and classifications
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Multi-omics integration for Classification and Clustering

a Original data b Patient similarity matrices a
Patients mRNA DNA methylation miRNA seq
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Systemic lupus eryvthematosus

SLE is an autoimmune diseases are characterized by immune responses to
self antigens that result in tissue damage
The disease course is unpredictable, with periods of remission and flares that

lead to cumulative damage over time
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Systemic lupus eryvthematosus

Diagnosis is primarily clinical and remains challenging because of the heterogeneity of SLE
Only one drug (belimumab) has been approved for use in SLE in the past 60 years

Unlike in cancer, genetic traits do not seem to be generally useful as diagnostic biomarkers at present
and there is an urgent need for better biomarkers and better treatments

Childhoogg

Incomplete
LE

Cutaneous LE




Systemic lupus eryvthematosus

Published in final edited form as:
Cell 2016 April 21; 165(3): 551-565. do1:10.1016/1.cell. 2016.03.008.

Personalized Immunomonitoring Uncovers Molecular Networks
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Systemic lupus eryvthematosus
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Systemic lupus eryvthematosus

Two independent Datasets % / | ““x\

Dataset 1. Pediatric Patients |

- Banchereau et al. Cell. 2016

- Longitudinal study with 158 patients 1
and 46 Healthy Samples L L=F

- 997 samples in total
- lllumina GE Arrays

Dataset 2. Adult Patients

- Hopkins lupus cohort

- Longitudinal study with 301 patients and
20 Healthy Samples

- 747 samples in total

- Affymetrix GE Arrays




Svstemic lupus ervthematosus

Cluster P1 Cluster P2 Cluster P3

Neutrophil count

Neutrophil percent

C3 level

C4 level

I I I “ I “ I“ I “ I II I I I “II Erytrocyte Sedimentation Rate
I I I I “ I “ I“ Aspartate aminotransferase

“ I I I “ Lymphocyte count

Lymphocyte percent

Cluster A1 Cluster A2 Cluster A3

C3 level
C4 level

The percentage of neutrophils decreased with disease activity in cluster A3 and increased in clusters
A2 and Al.

Toro-Dominguez D, et al. Longitudinal Stratification of Gene Expression Reveals Three SLE Groups of Disease
Activity Progression. Arthritis Rheumatol. 2018



TF regulons

Most SLE loci occur in likely gene regulatory Regions (Maurano et al.
Science 2012)

Systomic lupus orythomatosus

nature ARTICLES
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TF regulons

Activities of TF activities can be estimated computationally from the gene

expression levels of their direct targets (the so-called TF regulon)

The assumption behind is that the level of protein activity of a TF is reflected on

the transcript levels of its targeted genes
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TF regulons
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Systemic lupus erythematosus

Il High Activity
Bl Low Activity

Differential Aclivity Adult Dataset

samples had a high value of SLEDAI
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Systemic lupus erythematosus
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Systemic lupus erythematosus

I 'Dataset [JJ 6 Dataset
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Systemic lupus erythematosus

SLE cases from Adults Dataset SLE cases from Pediatric Dataset
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ADEX: Autoimmune Diseases Explorer
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Integrating datasets: Connecting Phenotypes

Metabolome Query Signature Finding conditions with similar trends markers
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Integrating datasets: Connecting Phenotypes

Metabolome Query Signature
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Drug repurposing in SLE

We queried Lincscloud to connect compounds and SLE signatures. We obtained a list of drugs,
knock-in and knockout genes with significant similarity scores with respect to the SLE signatures

[ 14 Gene Expression Data of SLE ] Genetic Profiles Caused by Drugs,
NCBI GEO Knockout & Knock-in
Differential e
g 3 ; ? Expression
Analysis
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Toro-Dominguez et al. Support for phosphoinositol 3 kinase and mTOR inhibitors as
treatment for lupus using in-silico drug-repurposing analysis. Arthritis Res Ther. 2017
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Drug repurposing in SLE

PI3K molecular signaling pathway

- PIBK Inhibitor PIS28 - GDCO0941 - NVP-BEZ135 4913E-06
PP110 - TGXI11#
- mTOR Inhibitor NVP-BEZ235 - AZD80SS - TGX115 1.792E-03
Ku0063794
CDK Inhibitor BML239 - Indirubin 1.463E-02
IKBalfa Inhibitor . Evodiamine
- Famesyltransferase Inhibitor ) Tipifarnib
- IGFIR Inhibitor Linsitinib
- MAP2K1 Inhibitor Selumetinib
- CHK1 Inhibitor ) SB113078
- Pivate kinase Inhibitor M2PK Activator
- Bho kinase Inhibitor Rho kinase inhibitor ITT
- Voltage dependent calcium channel Inhibitor Nifedipine
- Braf Inhibitor

Vemurafenib

Table 3: Significant knock-down and knock-in genes obtained.

Score Type of

experiment

Genes

+ Knock-in
+ Knock-down

- Knock-down

Ifinbl - Ifng - Cd40 - Bell0 - K[fo - Lyn - Tyrap

Clen3 - Pppliridb - Lmnb2 - Tbx2 - Pmm2 - Myc - Atpévif- Max -
Pepd - Puft0 - Phb2 - Akrlal - Brgl - Abhd2 - Tfdpl - Pax§ -
Fosi2 - Ntje - Rrml - Nv2ft - Rampl - Ryk - Cish - Ppp2ria -
Cdi4 - Ufdll - Htral - Sic33al - Twf? - Nnt - Homer? - Hs2stl -
Znf708 - Ggtl - Dffb -Hspa?2 - Pride - Arpel - Nficbia - Sic39a8 -
Thapll - Gsipl - Etvl - Geat - Kiaa0907 - Dix3 - Elkl - Pias4 -
Meox? - Gper - Nras - Teeb3c - Kif2c - Polr2f - Cthp2 - Chaflb -
Cepl5 - Hook2 - Znf8 - Ndufb7 - Nisch - Hoxel0 - Agpl2a - Yesi

- Psmd5 - Jagl - Mdh2 - Polr2i - Ddfl - Hras - Hdacl0 -

Sle25al4 - Med7 - Hmger - Pdxp - Fdx] -Niphl - Prkag3 - Ppia -
Eif2ak3 - Bdgalt] - Uck2 - Jun - Med4 - Ybx] - Bublb - Crep -
Med! - Hdacll - Sbnol

Mitf - Etfa - Pipdk2b - Vrk2 - Spen - Nsdhl - Znf586 - Gnpdal -
Six4 - Pamn - Duspl4 - Iggapi - Lrvk2 - Gpri23 - Sfl - Fezl -
Ipmk - Satl - Eif4 - Rptor - Eifde - Avrl3 - Kars - Csnklal - Sptic?
- Menl - Snx17 - Vegfc - Ppp3ca - Bnip3 - Erbb3 - Evoll - Copb2

! Igf2r - Lypial - Soed
- Hsp90aal - Profdb -

Tm9sf3

Insulin ) ‘ErbB
signaling pathway signaling pathway |
1GF - RTK

|/ Toll-like receptor
signaling pathway |
Pathogen-associated

molecular patterns
(PAMPS) -

TLR3/4-
LR ]\_

B cell receptor

LR3
__signaling palhway] Em:lusume
Antigen — = BCR __—

cD19
‘ JAKISTAT |
signaling pathway |

Cytokine —m= CytokineR

) JAKT
Chemokine
‘\ signaling pathway
Chemokines,

Hormones,
Neurotransmitters

K
V4 Cass i ‘

GPCR—

> Ras ——

Al v
PI3K -

PTEN

PI3K
Class IB |

PKB — P RF3 — »

|\

[MAPK signaling pathway |
———— 1 RafL P> MEK12 — P ERK— P~ APl

Vesicle transport - cell proliferation

T cell stimulation
‘ Interferon signaling ‘
_pathway

Inflammatory cytokines
Sy miites,

Cytokine signaling ‘
. pathway

DNA i B cell response

! DNA repair Immune response
\ ) Angiogenesis 4 g production
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\ .
| \ NF-KB J . Cell survival
\ / 1 signaling pathway DNA oLz «
\ / _ [»
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\/
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Toro-Dominguez et al. Support for phosphoinositol 3 kinase and mTOR inhibitors as
treatment for lupus using in-silico drug-repurposing analysis. Arthritis Res Ther. 2017
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MetaGenyo: Meta-Analysis of Genetic Association Studies

http://bioinfo.genyo.es/metagenyo/

Genyo

Bioinformatics Unit

MetaGenyo: Meta-Analysis of Genetic Association Studies

Data input Your data Hardy-Weinberg table Association values Forest plots Publication bias Subgroup analysis Sensitivity Help

New in MetaGenyo? Go to Help tab.

Choice ainput mode
@ Interactive table
© Submit a file

Risk Allele
A -

Reference Allele

T -

Add columns

Load example data (Zhang et al, 2015)
Study AA Cases AT Cases TT Cases AA Controls AT Controls TT_Controls

Martorell-Marugan J, Toro-Dominguez D, Alarcon-Riquelme ME, Carmona-Saez P. MetaGenyo: A web tool for meta-analysis of
genetic association studies. BMC Bioinformatics. 2017



MetaGenyo: Meta-Analysis of Genetic Association Studies

http://bioinfo.genyo.es/metagenyo/

Genyo
Bioinformatics Unit MetaGenyo: Meta-Analysis of Genetic Association Studies

MetaGenyo: Meta-Analysi
Data input Your data Hardy-Weinberg table Association values Forest plots Publication bias Subgroup analysis Sensitivity Help

Data input Your data

Select comparison
@ Allele contrast (Avs.T)

New in MetaGenyo? Go to Hel © Recessive model (AA vs. AT+TT) Experimental Control Odds Ratio
. i Study Events Total Events Total OR  95%Cl W(fixed) W(random)
Choice ainput mode Dominant model (AA+AT vs. TT)
Bo 180 416 148 380 — 1.20 [090;1.58]  35% 4.0%
Interactive table Overdominant model (AT vs. AA+TT) Canedo 275 666 627 1386 0.85 {n 711 na} 79% 5.1%
~ 5 P Grusius 209 472 1074 2278 0.89 [0.73,1.08]  7.0% 4.9%
© Submit a file © AAvsTT de Cliveira 192 414 224 480 —=i 099 [0.76;1.28] 4.0% 4.2%
© Ahvs. AT Felipe 88 208 189 392 0.79 [0.56,1.11]  24% 3.5%
Risk Allele Garcia-Gonzalez 79 156 153 378 H—— 151 [1.042.20  20% 3.2%
© ATvs.TT Kamali-Sarvestani 24 38 118 308 ———— 273 [1.36,5.49] 0.56% 1.4%
Kamangar 84 224 159 414 i 096 [0.69;1.35] 25% 35%
A v Kang 257 668 202 644 - 187 [1.09,1.72]  53% 4.6%
Ko 59 162 200 616 - 119 [0831.71]  21% 3.3%
Lee 331 940 262 B16 —_ 0.73 [0.60,0.80]  6.4% 4.8%
Reference Allele Liu 135 276 102 274 —— 161 [115,2.27]  24% 3.5%
) Fixed Effect Model Lu 210 500 218 60O o 127 [099,1.62] 47% 4.4%
T - Ohyauchi 132 424 158 692 —— 153 [1.16,2.00] 38% 4.1%
® Random Effect Model Pan 264 616 266 616 — 099 [0.79,1.24]  54% 4.6%
Qadri 92 260 118 400 {k 131 [094,1.83 25% 3.5%
Ramis 9 18 34 78 ————  1.24 [0.44;3.46] 0.3% 0.7%
Add columns Savage (a) 85 176 357 658 -— 1.31 [0951.81] 26% 3.6%
Savage (b) 292 574 439 856 = 098 [0.80;1.22] 62% 4.8%
Shirai 118 362 306 936 e 1.00 [0.77,1.28]  41% 4.3%
Seng 112 250 116 280 —— 115 [0.81;1.62] 23% 3.4%
Taguchi 279 792 149 504 = 1.30 [1.02,1.65]  4.8% 4.5%
Vinagre 106 204 80 208 —— 170 [1.15,2.52]  18% 3.0%
Ye 116 306 132 412 — 1.30 [095,1.77] 29% 3.7%
Zang 228 41z 19z 382 — 129 [0981.70] 36% 4.1%
Zhang 517 1038 437 1008 — 1.30 [1.09,1.54] 91% 5.2%
Fixed effect model 10572 16000 112 [106;1.18]  100% -
Load example data (Zhanget a Random effects model 1.16 [1.05; 127] - 100%
7%, t 0363, p<0.0001
Study AA _Cases AT Cases T T T 1
02 05 1 2 5

Martorell-Marugan J, Toro-Dominguez D, Alarcon-Riquelme ME, Carmona-Saez P. MetaGenyo: A web tool for meta-analysis of
genetic association studies. BMC Bioinformatics. 2017



IMAGEO : Integrative Meta-Analysis from GEO Data

1) Data loading http://bioinfo.genyo.es/imageo/
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Custom Datasets
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D. Toro-Dominguez, J. Martorell-Marugan, R. Lopez-Dominguez, A. Garcia-Moreno, V. Gonzéalez-Rumayor, M. E Alarcén-
Riquelme, P. Carmona-Saez. ImaGEOQ: Integrative Gene Expression Meta-Analysis from GEO database. Bioinformatics 2018



IMAGEQ: Integrative Meta-Analysis from GEO Data

http://bioinfo.genyo.es/imageo/

' LimmimaGEO
| Mets - Liialyuls frum GEO dalabuss

[ Genyo

Bioinformatics Unit

ImaGEQ: Integrative Meta-AnaIy‘sis of GEO Data Step 1: Data Input Step 2: Assign samples Lo each group Repart Help

Input Analysis parameters
Enter GEQ IDs (one |D per line, maximum 10)

Meta-analysis method @
Load exampies

@ Effect size P-value

Select a model for effect size estimation
@ Fixed effect model @ Random effect model @

Allowed missing values (%) 0 & e
Adjusted P-value threshold 005 B e
Group 1 name Controls o
And/or upload your own data
Only tab-separated files (b and tsv) are admitted Group 2 name Cases
L570
Functional analysis B o
Email ©

B

If you use ImaGEQ, please Include this reference:

D. Toro-Dominguez, J. Martorell-Marugan, R. Lopez-Dominguez, A. Garcia-Moreno, V. Gonzéalez-Rumayor, M. E Alarcén-
Riquelme, P. Carmona-Saez. ImaGEOQ: Integrative Gene Expression Meta-Analysis from GEO database. Bioinformatics 2018
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The problem: Characterization of Gen2.2

Denditric Cells are antigen presenting cells with a key role in the immune response

Hematopoietic
stem cell
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Figure 2-2
Kuby IMMUNOLOGY, Sixth Edition
© 2007 W, H.Freeman and Company
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Various DC precursors, such as DC1 (myeloid origin) or
plasmacytoid dendritic cells (pDCs).

pDC are difficult to isolate (less than 0.5% of the circulating
cells). Therefore, good cells models are required
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Connecting Phenotypes: Similar profiles

Compare gene expression profiles of Gen2.2 with previously published
Immune system gene expression datasets to get insights into similarities

among cell lines
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Connecting Phenotypes: Similar profiles

Hematopoietic
stem cell

2%‘—".‘\ / .

Dendritic cell Myeloid Lymphoid Natural killer

progenitor progenitor (NK) cell
€-@.
@

Macruphage Monuqne

Ty helper cell
@@ | O s

Neutrophil ‘Granulocyt T-cell B o
monocyte prngemtur progenitor
Te cytotoxic T cell
Eosinophil Eosinophil il 34
progenitor -

) B-cell
— — \ progenitor
Basophil progenitor ’ %
g Dendritic cell
—_ —_—
&
Megakaryocyte
@ _ o

Erythroid progenitor

GEO Datasets

Cell Types

GSE28490
GSE28491

Monocytes
B cells
CD4+ T cells
NK cells
CD8+ T cells
Eosinophils
mDC
Neutrophils
pDC

GSE12507

pDC cell line (CAL1)
immature T cell line (MOLT4)

GSE15215

pDC CD2-
pDC CD2+

GSE35457

pdc
cd14_cdl1l6-mono
cd14-mono
cd141-dc
cd16-mono

cdlc-dc




Connecting Phenotypes: Similar profiles

B B-celis
Hierarchical Clustering (original data) B CD4-T—cels
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Carmona-Saez P, et al. Metagene projection characterizes GEN2.2 and CAL-1 as relevant human plasmacytoid
dendritic cell models. Bioinformatics. 2017



Connecting Phenotypes: Similar profiles

Step 1
Pre- || Metagene Extraction
Processed M~W, xH,
Model ¥
Dataset Metagene Model
M Wy

?

v |

Step 3

Analysis of
projected data
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Metagene projection for cross-platform, cross-species
characterization of global transcriptional states

Pablo Tamayo*, Daniel Scanfeld*, Benjamin L. Ebert*, Michael A. Gillette*!, Charles W. M. Roberts*, and Jill P. Mesirov*$
*Eli and Edythe L Broad Institute, Massachusetts Institute of Technology and Harvard University, Cambridge, MA 02141; 'Pulmonary and Critical Care
Medicine, Massachusetts General Hospital, 55 Fruit Street, Boston, MA 02114; and 'Department of Pediatric Oncology, Dana-Farber Cancer Institute,
Boston, MA 02115

Communicated by Edward M. Scolnick, The Broad Institute, Cambridge, MA, February 6, 2007 (received for review December 7, 2006)



Connecting Phenotypes: Similar profiles

Hierarchical Clustering (original data)
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Carmona-Séez P, et al. Metagene projection characterizes GEN2.2 and CAL-1 as relevant human plasmacytoid
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