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Metagenomics (+ other omics) pipeline
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Today

« Why metatranscriptomics?
« Challenges in metatranscriptomics

» Workflows for metatranscriptomics
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Metaomics

rRNA amplicon studies:

metagenomics:

functional omics:
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Metaomics

metagenomics metagenomics metatranscriptomics
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= metatranscriptomic profiles are much more variable
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Sample to data

Metabolomics Meta- Metatranscriptomics Metagenomics
proteomics

Data integration
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Sample to data

sampling + preservation
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Workflow
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Taxonomic profiles?
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MetaT vs metaG - taxonomic profiles
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Patterns

taxonomic profiles:
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* metatranscriptomics-based taxonomic profiles
show similar results to metagenomics
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Workflow
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Workflow
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Workflow

origin in Ludwig et al 2
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Workflow
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Workflow
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MetaT vs metaG - what do we detect?
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MetaT vs metaG - functional profiles

functional profiles:
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Patterns
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MetaT vs metaP - functional profiles

metaP vs metaG: metaP vs metaT:
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Coding and non-coding transcripts
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Example - OLE (ornate, large, extremophilic) RNA
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Workflow
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Workflow

L. L

human functional profile
miRNA profile

reads
o taxonomic cnctional orofi
== rofile unctional profile
== é
“~ metatranscriptome
reads
functional annotations
. —- genome
non-coding reconstructions
taxonomic 'y
profile functional profile
== binning
reads

detected mOTU
mOTU marker genes marker genes

functional categories



Expression per genome
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Example -
who expresses a gene of interest?

example: protein with cellulose-binding domain
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Expression per and across genomes

non-house-keeping genes:

mOTU genes:
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Example - non-coding elements in a
Parabacteroides distasonis genome

o 4.7 Mbp
o ~4.600 ORFs CRISPR region:
> "'3,600 eXpressed B 3,898 bp
» 16 proteins detected . | — o
o 2,949 UTRs o
: sRNA
o 84 annotated non-coding coverage

regions (+ 4 55 rRNAs and

55 tRNAs) total RNA — |

o 46 CRISPR repeats coverage "‘-e:_ _:_ ‘_~ e

o 1 bacterial nc RNA
(Bacteroidales-1) CRISPR repeat

o 12 riboswitches

o other potential regulatory
elements
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Example - non-coding elements in a
Parabacteroides distasonis genome

o 4.7 Mbp cobalamin riboswitches and gene function:
o ~4,600 ORFs N N
» ~3,600 expressed = _— e
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