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Microbiome population cohorts: FINRISK

2002 ~7200+ adult stool samples: 
omics and clinical measurements

Shallow shotgun metagenome 
(~1M reads/sample) & 16S

Prospective setup, data & methods 

Long follow-up (since 2002)

High quality register data



PCoA (N=7211)

Gut microbiome & mortality risk

You?

Increased mortality risk in 
Enterobacteriaceae-rich 
regions of this population 
landscape

Male

Female



Microbiome
- gut metagenomes & 16S rRNA
- pathway / function predictions
- resistome profiles

Host
- Genotyping
- Exomes
- Circulating metabolites
- Clinical data

Environment
- e.g. population registers
- urban / rural

Hologenomics & data layers



Hologenomics & data layers
 Increasing sample sizes, depth & untargeted assays

 Spatio-temporal variation & resolution

 Multi-pipeline (processing, pipelines, transformations)

 Multi-level (hierarchies, phylogenies, nested designs)

 Multi-assay (e.g. 16S + metagenome)

 Multi-omic (taxonomic, functional)

 Multi-kingdom (bacteriome, virome, mykobiome, eukaryome)

 Multi-cohort (meta-analyses)

→ How to organize heterogeneous data sources?
→ How to build interoperable methods?



R for Data Science / H. Wickham

Data science workflow
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- Transparent
- Reproducible
- Robust
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“What marks out modern science is not the conduct of experiments 
(alchemists conducted plenty of experiments), but the formation of a 
critical community capable of assessing discoveries and replicating 
results.” The Invention of Science: A New History of the Scientific Revolution, by David Wootton



World’s largest bioinformatics project:
 2300+ packages
 Tens of thousands of users & 

publications
 Multi-omics integration



Data containers: systematic multi-table integration
Commonly adopted data structures facilitate interoperability:
- (widely) shared methods & workflows
- more efficient & standardized analyses

Multiple assays
→ assays, altExp, reducedDim

Rich side information 
→ sequences, metadata, rowData, colData

Hierarchies on sample & feature spaces 
→ rowTree, colTree 



plotFeatureLoadings()runMDS()

Supporting standardization, reproducibility 



Basic data operations 

Abundance data: assay(tse, “counts“)
Feature information: rowData(tse)
Sample information: colData(tse)
Alternative experiments: altExp(tse, “Genus”)
Ordinations: reducedDim(altExp(tse, “Genus”), “NMDS”)
Subsetting: tse[1:5, 1:3]
Transformation: transformAssay(tse, “clr”, pseudocount=1)
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Building modular workflows

Importing data

Standard formats Reproducible 
reporting

Interoperable methods

Integrate
Wrangle
Interact

Tidy
Transform
Simulate
Analyse
Visualize
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Importing data to standard data structures 
facilitates collaborative methods development 
& downstream analyses

Open data 
EBI/MGnify, HoloFood, 
curatedMetagenomicData
ExperimentHub

runMDS()



Package ecosystem
Integration of taxonomic, metagenomic, 
functional, and multi-omic data

 ~20 packages suited for hologenome analysis

 many application domains use similar  
containers in R/Bioconductor: single cell, 
transcriptomics, proteomics, metabolomics



Online Gitbook  (OMA) - beta version

1) Downstream data analysis

2) Statistical programming workflows 

3) Multi-assay methods



Evidence-based recommendations on 
best methods & practices 



microbiome.github.io/OMA
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