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Big data

DNA SEQUENCING SOARS

Human genomes are being sequenced at an ever-increasing rate. The 1000 Genomes Project has
aggregated hundreds of genomes; The Cancer Genome Atlas (TGCA) has gathered several thousand; and
the Exome Aggregation Consortium (ExAC) has sequenced more than 60,000 exomes. Dotted lines show
three possible future growth curves.
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The human GIS
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The multi-omics era

Methods

Examples

The microbiome and the multi-omics

Omics
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Conventional biology vs multi-omics
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The multi-omics era Methods Examples The microbiome and the multi-omics

Omics integration challenges

* Data collected from different sources and techniques
* Biological heterogeneity
* High data dimensionality:
- Small sample size (N<p)
- Data dimensionality different by omic type
* Missing values

* Methods for integrative analyses
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Methods
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Methods
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MULTI-OMICS ANALYSIS OF BIRTHWEIGHT
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Population and samples
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Multi-step method

Model overview
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Results creps

Common signals identification
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Multi-Omics Factor Analysis (MOFA) of chronic
lymphocytic leukemia
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Chronic lymphocytic leukemia study

Study of chronic lymphocytic leukaemia
(CLL), which combined:

-somatic mutation status
-transcriptome profiling
-DNA methylation assays

-ex vivo drug response measurements

Nearly 40% of the 200 samples were
profiled with some but not all omics types
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Patients (N=200)
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MOFA mEthOd Model overview
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Results
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Results
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The multi-omics era Methods Examples

The microbiome and the multi-omics

Why 16s rRNA is not enough?
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Carriage of microbial taxa varies while metabolic pathways remain stable within a healthy population
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Each meta-omic reveals different layers of information

> S
16s rRNA Metagenomics Meta Metaproteomics Metametabolomics
sequencing transcriptomics
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Holo-omic domain
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Integrated Personal Omics Profiling (iPOP)
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Correlation coefficient

Host—microbe multi-omics dynamics in prediabetes

Healthy baseline
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JOHN DONNLEL

NO MICROBIOME IS AN ISLAND ENTIRE OF ITSELF
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Hands-on session 4

(© 03:30PM-05:00PM | & Workshop room

Hands-on session # 4: Visualisation of multi-omics data
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