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The code of life



Next Generation Sequencing

DNA sample

Sequencing

MILLIONS of shortMILLIONS of short 
sequences

Reference
genome



Next Generation Sequencing

Meyerson et al. NRG 2010



Pricing trend

(2001) The Human genome(2001) The Human genome 

project: 

13 years- 13 years

- 23 labs

$500 Milli- $500 Million.

• A Human genome today:

- 1 day

-1 machine

- $1,000



Increasing Information and Resources

Exponential growth of Biological Databases and information



Big Data in Biology

PLOS Biology 2015



Biological research has changed
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Precision Medicine

Precision Medicine

Traditional Approach



What are the Challenges?

Storage

• Fast and efficient storage systems to query large collections of ‘omics data. 

Distribution and data accessDistribution and data access

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

f jpart of ELIXIR project 

Analysis

• Algorithms/methods to extract knowledge and information from the dataAlgorithms/methods to extract knowledge and information from the data

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

t d ffi i t ti i f t tsystems and efficient computing infrastructure



A COMPLEX TASK

Biological systems are complex. Genes may carry out 
diff t f ti i diff t ll t / tidifferent 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 manybiological data have low signal-to-noise ratio and many 
variables that make it difficult to distinguish signals from 
random patterns. p

High-dimensionality, large number of variables and small g y, g
number of samples

Biological systems are dynamic



Integrating Omics Data

 Integrating different studies/datasets with the same type of data. Integrate data withIntegrating 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, g g p yp g (g ,
transcriptomics, metabolomics, …)



Multi-omics integration for Biomarker Discovery

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

Integrating different OMICS layers will potentially provide:
• More comprehensive view of biological processesp g p
• More robust patterns
• Better predictions and classifications

Gene Expression MethylationGene Expression Methylation



Multi-omics integration for Classification and Clustering

Cluster of clusters approach merges consensus clustering probability matrix to infer groups

Kamoun et al. Nature Comm 2016Wang  et al. Nature Methods  2014

Cluster of clusters approach merges consensus clustering probability matrix to infer groups 
of sample with similar patterns across data types



Systemic lupus erythematosusy p y

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

Connelly KL et al. Sci. Reports 2018



Systemic lupus erythematosusy p y
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 
d th i t d f b tt bi k d b tt t t tand there is an urgent need for better biomarkers and better treatments



Systemic lupus erythematosusy p y



Systemic lupus erythematosusy p y

80 Patients         777 genes selected



Systemic lupus erythematosusy p y

Two independent Datasetsp

Dataset 1. Pediatric Patients
- Banchereau et al. Cell. 2016
- Longitudinal study with 158 patients

and 46 Healthy Samples 
997 l i t t l- 997 samples in total

- Illumina GE Arrays

Dataset 2 Adult PatientsDataset 2. Adult Patients 
- Hopkins lupus cohort
- Longitudinal study with 301 patients and 

20 Healthy Samples20 Healthy Samples
- 747 samples in total
- Affymetrix GE Arrays 



Systemic lupus erythematosusy p y
Cluster P1                                   Cluster P2 Cluster P3

Cluster A1                                   Cluster A2 Cluster A3

The percentage of neutrophils decreased with disease activity in cluster A3 and increased in clusters 
A2 and A1.

Toro‐Domínguez 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) 

Harley et al. Nat Genet. 2018 May;50(5):699-707



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 p p y

the transcript levels of its targeted genes

 

Garcia-Alonso et al



TF regulons
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Adapted from Garcia-Alonso et al

CTFRs activity matrix



Systemic lupus erythematosus

Differential Activity Analysis among lupus and healthy samples where lupus 
samples had a high value of SLEDAIHigh Activity

L A ti it
adjPval < 0.05

Low Activity

Up Activity 33 Up Activity 81

Down 
Activity

39 Down 
Activity

30



Systemic lupus erythematosus

Isaac. Nature Reviews 
Genetics 2009



Systemic lupus erythematosus

Seguín-Estévez et al., 2009



Systemic lupus erythematosus



ADEx: Autoimmune Diseases Explorer

http://bioinfo.genyo.es/adex/



Integrating datasets: Connecting Phenotypes

Query Signature Finding conditions with similar trends markers

Phe C

Common mechanisms,
Common Pathways
etc

sigDBPhe A Finding conditions with inverse trends markerssigDBPhe A
Phe B

Phe C
Phe E

Over-expressed 
genes Phe A

Finding conditions with inverse trends markers

Under expressed

… Phenotype reversion,
Candidate drugs

Under-expressed 
genes etc



Integrating datasets: Connecting Phenotypes

Query Signature

Phe C

Lamb et al. Science  2006

sigDBPhe A sigDBPhe A
Phe B

Phe C
Phe E

Over-expressed 
genes Phe A

Under expressed

…
Under-expressed 

genes



Drug repurposing in SLE

Gene Set Enrichment Analysis
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 signaturesg g y p g

Toro-Domínguez  et al. Support for phosphoinositol 3 kinase and mTOR inhibitors as 
treatment for lupus using in-silico drug-repurposing analysis. Arthritis Res Ther. 2017



Drug repurposing in SLE

Gene Set Enrichment Analysis

PI3K molecular signaling pathwayg g p y

Toro-Domínguez  et al. Support for phosphoinositol 3 kinase and mTOR inhibitors as 
treatment for lupus using in-silico drug-repurposing analysis. Arthritis Res Ther. 2017





MetaGenyo: Meta-Analysis of Genetic Association Studies

http://bioinfo.genyo.es/metagenyo/p g y g y

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/p g y g y

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

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

D. Toro-Domínguez, J. Martorell-Marugán, R. López-Dominguez, A. García-Moreno, V. González-Rumayor, M. E Alarcón-
Riquelme, P. Carmona-Sáez. ImaGEO: Integrative Gene Expression Meta-Analysis from GEO database. Bioinformatics 2018



IMAGEO: Integrative Meta-Analysis from GEO Data

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

D. Toro-Domínguez, J. Martorell-Marugán, R. López-Dominguez, A. García-Moreno, V. González-Rumayor, M. E Alarcón-
Riquelme, P. Carmona-Sáez. ImaGEO: Integrative Gene Expression Meta-Analysis from GEO database. Bioinformatics 2018



WE NEED LONG TERM INITIATIVES

SUSTAINABLE RESEARCH



Bioinformatics Week in Granada

http://jbi2018.ugr.es/

http://oncothon.ptsgranada.com/
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The problem: Characterization of Gen2.2

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

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



Connecting Phenotypes: Similar profiles

Compare gene expression profiles of Gen2.2 with previously published 
immune system gene expression datasets to get insights into similaritiesimmune system gene expression datasets to get insights into similarities 
among cell lines

Gene 2.2 expression profile
Three replicates Illumina HT-V4

Gene expression compendium of 
Immune cell popluations

Rank-based Normalization
Join Datasets by Common Genes

Combined Analysis

GSE12507
GSE15215
GSE28490

Combined Analysis

GSE28490
GSE28491
GSE35457



Connecting Phenotypes: Similar profiles

GEO Datasets Cell Types

GSE28490 Monocytes

GSE28491 B cells 

CD4+ T cells

NK cells 

CD8+ T cells 

Eosinophils 

mDCmDC

Neutrophils

pDC

GSE12507 pDC cell line (CAL1)

immature T cell line (MOLT4)

GSE15215 pDC CD2‐

pDC CD2+

GSE35457 pdc

cd14_cd16‐mono

cd14‐mono

cd141‐dc

cd16 monocd16‐mono

cd1c‐dc



Connecting Phenotypes: Similar profiles

Carmona-Sáez P, et al. Metagene projection characterizes GEN2.2 and CAL-1 as relevant human plasmacytoid 
dendritic cell models. Bioinformatics. 2017



Connecting Phenotypes: Similar profiles
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Connecting Phenotypes: Similar profiles

Carmona-Sáez P, et al. Metagene projection characterizes GEN2.2 and CAL-1 as relevant human plasmacytoid 
dendritic cell models. Bioinformatics. 2017


