
Metagenomics 101

Anna Heintz-Buschart
February 2022



Who is here?
• A.H.–B.:

2

MSc Biology (Microbiology, Botany, 
Molecular & Cell Biology)

2021

2017

2012

2011

2008

PhD: Fungal human pathogen 
- compound screening, mode-of action
- gene expression analysis  

Assistant Prof Microbial Metagenomics
- meta-omics integration
- human and plant microbiomes

Postdoc: Gene regulatory network modelling

Postdoc: Integrated meta-omics
- human microbiome, wastewater treatment
- metagenomics, metatranscriptomics, 

metaproteomics
- lab automation
- bioinformatics pipelines

Metagenomics support: 
- biodiversity
- soil, plants, animal microbiomes
- bioinformatics pipelines
- data integration

IMP3

softwareprojects

soil biodiversity

RPA Systems Biology Host-
Microbiome Interactions

RPA Microbiome Health

fungi in plant diversity 
gradients

amplicon sequencing

integrated metagenomics & -
transcriptomics 

genome binning

pangenomics
plant-associated 

microbial communities

human microbiomes



Who is here?

3



“Metagenomics”

• ”directly accessing the genomes of […] organisms that cannot be, or 
have not been, cultured by isolating their DNA” (Handelsman et al. 
Chem Biol. 1998)

• “accessing” (nowadays): by sequencing
• uncultured organisms: usually more than one
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This course is about shotgun 
metagenomics
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7Rodriguez-R & Konstantinidis. 2014 Bioinformatics

underestimation!

WHOLE metagenome shotgun 
sequencing?
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Sequencing depth and 
metagenomic coverage

P(B=k): probability of k gaps
alpha: relative abundance
R: number of reads
phi: probability of a position being 
covered = L/gamma
L: read length
gamma: genome size
eta: the smaller of R or the maximum 
number of non-overlapping reads on the 
genome
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Sequencing depth and 
metagenomic coverage
• beware: these calculations are still often underestimations, because of:

• sequencing biases
• uneven copy numbers during replication
• regions with high inter-species similarity and horizontal gene transfer
• repeats
• micro-diversity / strains 
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Short & biased history of metagenomics

• 2004 beginnings
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Short & biased history of metagenomics

• 2007-2012 ‘large-scale’ projects 



12

Short & biased history of metagenomics

• around 2014 tailored tools
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Short & biased history of metagenomics

• since 2015 pipelines & platforms
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Short & biased history of metagenomics

• since 2017 diversification of tools



15

Short & biased history of metagenomics

• discoveries!



Why do you study microbiomes?
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Omics paradigm

microbiome processing measurementsampling

identification

delineation

quantification
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data

compensate for things 
that went wrong before 

metagenomics 
bioinformatics:



Measuring microbiomes: 
DNA based methods

sample processing

sampling + preservation
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the ‘metagenome’:

bacterial genomes

fungal genomes

plasmids, virus genomes…



What does sequencing data look like?
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Line 1: Name
Line 2: Sequence

Line 3: anything Line 4: Quality at each position
.
.
.
.
.
.
.
.
.

as many as 
we have 
reads

(forward- & 
reverse files) 



Metagenomics overview
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genome 
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genes
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Metagenomics (+ other omics) pipeline

imp3.readthedocs.io IMP3

functional omics:
activity of
community A

activity of
community B

activity of populations within 
communities

structure of
community A

structure of 
community B

metabarcoding: metagenomics:

potential of
community B

potential of
community A



Advertisement Break

• 23rd-29th April, Luxembourg
• application deadline: 24th February



Metagenomics (+ other omics) pipeline

imp3.readthedocs.io IMP3

reads

contaminant removal

quality control



Metagenomics (+ other omics) pipeline

imp3.readthedocs.io IMP3

reads

contaminant removal

assembly

mOTU marker genes
marker regions
reference genomes

taxonomic 
profile



Metagenomics (+ other omics) pipeline

imp3.readthedocs.io IMP3
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Metagenomics (+ other omics) pipeline

imp3.readthedocs.io IMP3

reads
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binning

variant calling

genome 
reconstructions

quality control

due to prevalent genetic strain variation11, which would increase
noise. First, we benchmarked PTR using a closed reference
genome, and then the same genome fragmented into 100kb
fragments and reshuffled to mimic a draft genome for GRiD and
iRep measurements. Reads mapping to S. epidermidis were
subsampled to 0.4× and 0.2× coverage and subsequently used for
GRiD and iRep estimates. iRep performed similarly to the PTR
benchmark, but GRiD had a much lower percentage of error in
comparison to iRep at both 0.4× and 0.2× coverage (Fig. 1c). To
highlight the importance of accounting for ambiguous reads
during growth estimation, reads mapping to S. epidermidis were

re-mapped to S. capitis, S. aureus, and Propionibacterium acnes
genomes to determine the proportion of multiple-mapping reads.
Samples with increasing numbers of multi-mapped, ambiguous
reads were significantly correlated with our metric of increasing
species heterogeneity (Fig. 1d), which can increase uncertainty in
growth rate estimation. For quality control, we found that a
combination of dnaA coverage, dif coverage, and species
heterogeneity can be used to ascertain the accuracy of growth
predictions. Our findings suggest that growth rates are most
accurate when dnaA/ori and ter/dif coverage ratios approach one,
and species heterogeneity is low (<0.3, Supplementary Fig. 2A).
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Fig. 1 In situ growth estimate from ultra-low coverage bacteria. a The GRiD approach. Contigs are re-ordered to produce a pattern whereby low coverage
contigs potentially containing ter are located near the mid-region of the genome, while high-coverage contigs potentially harboring ori are located at either
extremes of the genome. GRiD values correspond to the ratio of coverage at the peak (ori) and trough (ter) regions. b Growth rate reproducibility between
GRiD and iRep using reads obtained from pure cultures of Staphylococcus epidermidis and Corynebacterium simulans. The boxplot shows the difference (delta)
in growth estimates before and after reads were subsampled to lower coverage. To avoid bias, only unrefined GRiD values (see methods) were used for
comparison with iRep. c Error rate comparison between GRiD and iRep from a skin metagenomic dataset using S. epidermidis reference genome. PTR was
calculated using a closed circular reference genome while GRiD and iRep were calculated using the same reference genome, but fragmented into 100kb
fragments and reshuffled. For samples with genome coverage > 0.2 (n= 588), mapped reads were subsampled to ultra-low coverage prior to GRiD and
iRep estimations. Here, Percent error ¼ ðmaxðpredicted;realÞÞ$ðminðpredicted;realÞÞ

ðmaxðpredicted;realÞÞ ´ 100, where “predicted” represent GRiD or iRep scores, and “real” is the PTR score.
Unrefined GRiD values were used for comparison with iRep. The figure on the right shows Pearson correlation plots of GRiD and iRep with PTR. ***= p <
0.001. d Reads from a skin metagenomic dataset mapping to S. epidermidis were remapped to the respective genomes. Re-mapped reads are considered as
ambiguous reads. The scatter plot shows the correlation (Spearman) between ambiguous reads and species heterogeneity (1−r/u), where r= refined
GRiD and u= unrefined GRiD (see Methods). ***= p < 0.001. e iRep and GRiD measurement for CPR genomes. The scatter plots below show Pearson
correlation plots of GRiD and iRep estimates before and after subsampling to ultra-low coverage. ***= p < 0.001. Center lines in boxplots represent the
median and the edges represent the first and third quartiles. Source data are provided as a Source Data file
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Thanks for your attention!

a.u.s.heintzbuschart@uva.nl github.com/a-h-b                                           twitter.com/_a_h_b_

SP C2.205


