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What is a metagenome?

A metagenome is the collection of genomes and genes
from the members of a microbiota.

This collection is obtained through shotgun sequencing of DNA extracted
from a sample (metagenomics) followed by mapping to a reference database
or assembly, followed by annotation.

A microbiota is an assemblage of microorganisms present in a defined
environment.

A microbiome refers to an entire habitat, including the microorganisms, their
genomes, and the surrounding environmental conditions.

— Marchesi & Ravel 2015, “The vocabulary of microbiome research”
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Why did we need an article about vocabulary?

Because terminology about microbes is a mess!

Metagenome was originally coined by Jo Handelsman et al. (1988) and
meant something different

Metagenomics was occasionally used to refer to 16S rRNA amplification,
something we now call metataxonomics

Microbiome is claimed to have been coined at least twice, each meaning
something different - either a “microbial biome”, meaning a microbial
community (1988); or a “microbiota -ome”, meaning a the collective
genomes of a microbiota (2001).

...but the term microbiome has actually been in use since at least 1894!
<@
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What is a metagenome?

Marchesi and Ravel Microbiome (2015) 3:31
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What is ancient metagenomics?

Ancient metagenomics is the study of the collection of genes and genomes
of the microbiota(s) within a given environment or microbiome, plus all the
other DNA mixed in

Basically, all the DNA in a sample

Key point: in addition to the antemortem genetic material of any microbes
present during life, ancient metagenomes almost always contain at least
some postmortem DNA from the necrobiome

Ancient metagenomics is like regular metagenomics, but harder because
other environmental microbiota of various ages are mixed in and because the
DNA is ancient and degraded
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What is ancient metagenomics?

a metaphor...
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Worst puzzle ever metaphor of
ancient DNA
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What is ancient metagenomics?

another metaphor...
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Parrotfish metaphor of
ancient metagenomics
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We Can Do It!
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Starting questions
Who's there? How preserved is
o’s there? my sample?
Let’s explore its @
genomes!

(MAGS)

How do | clean
up my dataset?

I’m looking for

something very
particular

(pathogens)

What does

g:i o,

(functions)
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Who’s there?

At a most basic level, the first question we
usually ask in metagenomics is “Who’s there?”

What is a microbial species?

Ernst Mayr
Biological Species

Concept

The Birds of Northern Melanesia

SPECIATION, ECOLOGY, AND BIOGEOGRAPHY

Ernst Mayg, =~ Jared Diamond
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Who’s there?

At a most basic level, the first question we
usually ask in metagenomics is “Who’s there?”

What is a microbial species?

Taxonomy &
Phylogeny

I Tannerella
B Porphyromonas

Bacteroides nordii
0.02
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Who’s there?

At a most basic level, the first question we
usually ask in metagenomics is “Who’s there?”

What is a microbial species?

Taxonomy &

Phylogeny
y
| - Klebsiella
I Tannerella 7 . Salmonella
Porphyromonas ..
B Porphy | Escherichia
' Shigella
Yersinia nurmii
Bacteroides nordii _
0 0.02 0.004
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Who’s there?

At a most basic level, the first question we
usually ask in metagenomics is “Who’s there?”

What is a microbial species?

species

(~d
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Who’s there?

At a most basic level, the first question we
usually ask in metagenomics is “Who’s there?”

What is a microbial species?

species

Domain  Phylum Class Order Family Genus Species
d__Bacteria;p__Bacteroidota;c__Bacteroidia;o__Flavobacteriales;f__Flavobacteriaceae;g__Capnocytophaga;s__ Capnocytophaga gmglvalls
£, 3 //
' \
S " P "'\
o)
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Who’s there?

But how do you go from raw DNA sequences to taxon tables?
We use a taxonomic profiler
Several available options:

-> Alignment-based
e QIIME: 16S rRNA marker gene
e MetaPhlAn: marker gene set
e MALT: read alignment and binning

-> Alignment-free
e Kraken: K-mer matching

%
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The Classic

16S rBRNA amplicon metataxonomics
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16S rBRNA marker gene

Amplicon metataxonomics of the 16S rRNA gene

e 16S rRNA gene is ubiquitous among prokaryotes
e Geneis ~1600 bp
e Contains conserved and hypervariable regions

g Prokaryotic ribosome (70S)
[<]
.'g 0.16, V1 Small Subunit (30S)
0.14
g 003 I 165 rRNA (~1540 nt)
0.1 ;
% e " - 21 proteins
E‘ 0.06 Large Subunit (50S)
2 gg: 1 55 tRNA (~120 nt)
5 o | I 235 rRNA (~2900 nt)
0 200 1000 1200 1400 1600 B 31 proteins
Base p05|t|on in 16S rRNA - tRNA

°
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16S rBRNA marker gene

Amplicon metataxonomics of the 16S rRNA marker gene

(~d

PCR is used to amplify parts of the 16S rRNA gene
Gene sequence used as a taxonomic “barcode”
Also called metabarcoding

Prokaryotic ribosome (70S)
Small Subunit (30S)
I 165 rRNA (~1540 nt)

- 21 proteins

Large Subunit (50S)
Profilers: mothur, RDP classifier, QIIME I 5SrRNA (~120 nt)
HUGE databases, e.g., SILVA Bl 235 (RNA (~2900

- 31 proteins

Efficient and inexpensive - widely used for modern DNA — -
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16S rBRNA marker gene

16S rRNA sequences were what led Carl Woese to the
1990 discovery that Archaea are a new domain of life!

Evolution: Woese et al. Proc. Natl. Acad. Sci. USA 87 (1990)

Bacteria Eucarya

19

Prokaryotic ribosome (70S)

Small Subunit (30S)

I 165 rRNA (~1540 nt)
- 21 proteins

Large Subunit (50S)

1 55rRNA (~120 nt)
I 235 rRNA (~2900 nt)

- 31 proteins
B tRNA
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16S rBRNA marker gene

16S rRNA sequences were what led Carl Woese to the
1990 discovery that Archaea are a new domain of life!

Evolution: Woese et al. Proc. Natl. Acad. Sci. USA 87 (1990)

Bacteria Archaea Eucarya
14 45

Euryarchaeota 16

Crenarchaeota E 11

19

%

(@) ev-sn |

Prokaryotic ribosome (70S)
Small Subunit (30S)
I 165 rRNA (~1540 nt)

- 21 proteins

Large Subunit (50S)

1 55rRNA (~120 nt)
I 235 rRNA (~2900 nt)

- 31 proteins
B tRNA
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16S rBRNA marker gene

16S rRNA sequences were what led Carl Woese to the
1990 discovery that Archaea are a new domain of life!

Evolution: Woese et al. Proc. Natl. Acad. Sci. USA 87 (1990)

Eucarya
14 45

19

Prokaryotic ribosome (70S)

Small Subunit (30S)

I 165 rRNA (~1540 nt)
- 21 proteins

Large Subunit (50S)

1 55rRNA (~120 nt)
I 235 rRNA (~2900 nt)

- 31 proteins
B tRNA
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16S rBRNA marker gene

But... there are problems for aDNA

Symbols Used In This Diagram:
B Adenine (A)
. Uracil (U)
*  Cytosine (C)
. Guanine (G)
» — e Canonical base pair (A-U, G-C)
e o » Non-canonical base pair

sscesee

LR

V3 target (primer inclusive)

Proportion of sequences in the
Qilua 1R rRNIA Aatahaca

—
[ V4 target (primer inclusive)
[ V3/Vv4 target overlap
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16S rBRNA marker gene

But... there are problems for aDNA  ami

V3 region is the shortest variable
region with good taxonomic
discrimination, but it is:

Symbols Used In This Diagram:
. Adenine (A)

Uracil (U)

Cytosine (C)

Guanine (G)

» — e Canonical base pair (A-U, G-C)

150 ® = o Non-canonical base pair

“tescene L
4N
V3 target (primer inclusive)

Proportion of sequences in the
Qilua 1R rRNIA Aatahaca

—

[ V4 target (primer inclusive)

=3 V3/V4 target overlap
(]
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16S rBRNA marker gene
But... there are problems for aDNA s -
V3 region is the shortest variable
region with good taxonomic
discrimination, but it is:
e Length polymorphic

. Guanine (G)

database

» — e Canonical base pair (A-U, G-C)

150 e o « Non-canonical base pair
b
sesssen
4N
.
[ V3 target (primer inclusive)
[ V4 target (primer inclusive)
 —

V3/V4 target overlap §

140 160 180 200 = 220
€ 16S rRNA V3 amplicon

%
length (bp)
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16S rBRNA marker gene

But... there are problems for aDNA s -

V3 region is the shortest variable

region with good taxonomic

discrimination, but it is
e Length polymorphic i
e ~180 bp long (too long!)

. Guanine (G)

database

] PC . » — e Canonical base pair (A-U, G-C) 2
@ 150 * o« Non-canonical base pair O 1
150 4 L 150 X
Tescese o .
100 4 ..U“.l.‘ 3\:_

V3 target (primer inclusive)

—
[ V4 target (primer inclusive)
 —

L 100
| aDNA
50 V3/V4 target overlap §
0 0 140 160 180 200 220

F: 214C 37C F1948C 454C SILVA SILVA 16S rRNA V3 amplicon
V3 V4 length (bp)
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16S rBRNA marker gene

16S rRNA amplicon metataxonomics cannot be used
for ancient microbial DNA (Ziesemer 2015)

It is possible to analyze 16S rRNA sequences within
metagenomic data, but...

e 16S rRNA sequences represent <0.05% of
sequences, so it is inefficient

e classifying very short 16S rRNA sequences is
error prone

So we now recommend alternative approaches using

www.nature.com/scientificreports

SCIENTIFIC REPg,}RTS

OPEN Intrinsic challenges in ancient
microbiome reconstruction using
16S rRNA gene amplification

R.LLE

16S rRNA

metagenomics

%
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The Workhorses

MetaPhlAn, MALT, Kraken
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t MetaPhlAn: marker gene set

Species/strain taxonomic

MetaPhlAn is a taxonomic profiler that uses profiling
short read DNA sequence data and a MetaPhiAn 3 QN
database of marker genes that are highly 8 m T
. . S !Iu ' acteria
specific to certain clades ai 56.8k Archaea
: Tnples | 13.6k Eukaryota |

The current marker database contains 1.1
million markers from bacteria, archaea, and
microeukaryotes

MetaPhlAn (Segata et al. 2012) and MetaPhlAn2 (Truong et al. 2015) are
retired; MetaPhlAn3 (Beghini et al. 2021) is in current use; MetaPhlAn4 is in
development and will include MAGs

Available in the bioBakery:


https://github.com/biobakery
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t MetaPhlAn: marker gene set

Pros:
e Uses metagenomic data, and works well with aDNA

e Computationally efficient
e Marker database is good for pathogens and human microbiome

Cons:
e Because it uses a defined marker database, it has low customizability

e Marker database is missing taxa that are relevant for other animal
microbiomes or environmental DNA
e Only profiles microbes

Overall, a good option for human-associated ancient microbes and
microbiomes

%
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t MetaPhlAn: marker gene set R
e W ——

Developed by Curtis Huttenhower and Nicola Segata,
whose team has innovated many microbiome

software tools

Other great tools from the same team include:

e PhyloPhlAn - for phylogenetic profiling of genomes and MAGs
e PanPhlAn - for pangenome strain-level analysis
e HUMANN - for functional profiling (more about this on Friday!)

The team is also vastly expanding available microbial reference genomes
through large-scale metagenomic assembly projects (more on Thursday)!

e >150,000 MAGs (Pasolli et al. 2020)
e >200,000 MAGs (Almeida et al. 2021)
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MALT: Read alignment and binning

Developed by Daniel Huson and Alexander Herbig

Short read DNA sequence aligner for husonlab/malt ﬂr
metagenomic data (Vagene et al. 2016) integrated ~ veasimmneo =
into the MEGAN (the MEtaGenome ANalyzer)

software suite (Huson et al. 2007)

Acronym for MEGAN Alignment Tool (MALT) :&% ..........
Works similar to BLAST but much faster N~ = ﬂj llllllll
e o M0
Developed as a DNA alternative to the protein _mﬁﬁ"“ ?????
sequence aligner DIAMOND (2015) for use in =
MEGAN Eﬁw
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MALT: Read alignment and binning

MALT uses all of the DNA in a dataset to perform
taxonomic assignment by aligning to a reference
database, such as NCBI nr or RefSeq

This makes it slow and memory-intensive, but it
maximizes the data available

Database is customizable, can be used for all taxa,
not just microbes

Uses an LCA (lowest common ancestor) algorithm
to assigh each sequence to a node in the
taxonomy

%

AOD mix.rma - MEGAN
S8 8 $ 3w Bl EE 001 @ DNMAE OSSR BibEe X

(LO—-——O;:M

——o0—0—-(O-0——— —Okmalmm\us cellulolyticus 118 36742
Bacillales 1219 ———O—O—Bacillus cereus group 166

.......
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MALT: Read alignment and binning

Pros:

e Maximizes use of data

Good database customizability

Can profile ALL taxa in a sample, not just microbes
MEGAN interface for quick data inspection
Integrated into EAGER (Fellows Yates et al. 2021) and compatible
with HOPS (Hubler et al. 2019) for pathogen screening
e Because it produces alignments, you can easily create DNA damage

profiles

Cons:
e Very computationally intensive with large databases
e Newest release has a bug in the LCA algorithm that is not yet fixed

%
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K-mer matching: Kraken

Kraken is a taxonomic profilers that works by
k-mer matching rather than alignment

This makes Kraken MUCH faster and LESS
computationally intensive that alignment-based
profilers

Database is customizable, can be used for all
taxa, not just microbes

(~d

() GRS




SPAAM Summer School: Introduction to Ancient Metagenomics | 2022 | Christina Warinner | [P ev-sn |

K-mer matching: Kraken

Developed by Derrick Wood and
Stephen Salzberg (2014)

Correction developed to account for
genome Size diﬁe rences When AReadk-mersarelookeé-upinthedatabaseandassignedtotaxa:

...TAGTACAGTAGAGCCTTCACCGGCATTCT...

lcul bund h TAcTcRcTAGACEETEACCeGaT | -
calCu atlng speC|es abundance wit CE }Eﬁi:{ié}ﬁl
— o il

ra Cke n ( ° ) B For each taxon a data sketch records its k-mers for cardinality estimation
The maximum number of leading

©1000101110000100101000111101011 | *¢rosare recorded iniregisters M
" 1+ Estimated number of unique
h:kmer — {0,1}>*4 pupper bits Record number oF’leading zeros +1 values for register M[1]: ~q2""[’]

False positives reduced with KrakenUniq

c K-mer count and coverage in taxonomic report show evidence behind classifications:

. .
Breitwieser et al. 2018 P
. 122 112 144 0.0004 11855 species Clostridioides difficile e with few k-mers
9650 7129 745 0.192 10632 species Human pol irus 2 Good classification,
15 1570\ 1 0.0?02 7643 species group Mycobacterium tb complex reads cover genome

Number of distinct k-mers for taxon, and coverage of the taxon’s k-mers

Made even faster with Kraken 2 (Wood
et al. 2019)
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K-mer matching: Kraken

Pros:
e Fast!
e Can be used for any set of taxa, not just microbes
e Great for quickly seeing what’s in your data
e Accuracy good enough for most ancient microbiome studies, but
ancient pathogens require more validation

Cons:
e Can be prone to false positives
e Doesn’t provide alignment data, so damage analysis must be performed
separately

%
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Comparing taxonomic classifiers

No taxonomic profilers are perfect
False positives tend to be low abundance taxa

Removing singletons and low abundance taxa
helps reduce false positives

Taxonomic profilers generally return broadly
similar results, but with some predictable biases

Database selection impacts the precision and
accuracy of taxonomic assignment

Select the profiler(s) that will be best for your stu

%

(@) ev-sn |

sz, @Systems

ESEARCH ARTICLE
Ecological and Evolutionary Science

Gnasictor
Times

Selection of Appropriate Metagenome Taxonomic Classifiers

for Ancient Microbiome Research

Irina M. Velsko,** Laurent A. F. Frantz>* Alexander Herbig, Greger Larson,» ©'Christina Warinner-<=

History of At Universiy of Oxford, Oxford, United Kingdom
“School of Bologi E Qu don, London, United Kingdorn
“Department of Archaeagenetics,Max Planck Instiute fo the Science of Human History, Jena, Germany.

“Degattment of Anthiopology, Universty of Okishoma, Noran, OKiahoms, USA
“Department of Periodontics, University of Oklshoma Hezlth Sciences Center, Oklahoma City Oklahoma, USA

ABSTRACT Metagenomics enables the study of complex microbial communities
from myriad sources, including the remains of oral and gut microbiota preserved in
archaeological dental calculus and paleofeces, respectively. While accurate taxo-
nomic assignment is essential to this process, DNA damage characteristic of ancient
samples (e.g, reduction in fragment size and cytosine deamination) may reduce the
accuracy of read taxonomic assignment. Using a set of in silico-generated meta-
genomic data sets, we investigated how the addition of ancient DNA (aDNA) dam-
age pattems influences microbial taxonomic assignment by five widely used profil-
ers: QIME/UCLUST, MetaPhlAn2, MIDAS, CLARK-S, and MALT. In silico-generated data
sets were designed to mimic dental plaque, consisting of 40, 100, and 200 microbial
species/strains, both with and without simulated aDNA damage patterns. Following
taxonomic assignment, the profiles were evaluated for species presence/absence, rel-
ative abundance, alpha diversity, beta diversity, and specific taxonomic assignment
biases. Unifrac metrics indicated that both MIDAS and MetaPhlAn2 reconstructed the
most accurate community structure. QUME/UCLUST, CLARK-S, and MALT had the
highest number of inaccurate taxonomic assignments; false-positive rates were high-
est by CLARK-S and QIIME/UCLUST. Filtering out species present at <0.1% abun-
dance greatly increased the accuracy of CLARK-S and MALT. All programs except
CLARKS failed to detect some species from the input file that were in their data-
bases. The addition of ancient DNA damage resulted in minimal differences in spe-
cies detection and relative abundance between simulated ancient and modern data
sets for most programs. Overall, taxonomic profiling biases are program specific
rather than damage dependent, and the choice of taxonomic classification program
should be tailored to specific research questions.

IMPORTANCE Ancient biomolecules from oral and gut microbiome samples have been
shown to be preserved in the archaeological record. Studying andient microbiome com-
munities using metagenomic techniques offers a unique opportunity to reconstruct the
evolutionary trajectories of microbial communities through time. DNA accumulates spe-
cific damage over time, which could potentially affect taxonomic dlassification and our
ability to accurately reconstruct community assemblages. It s therefore necessary to as-
sess whether ancient DNA (aDNA) damage pattems affect metagenomic taxonomic pro-
filing. Here, we assessed biases in community structure, diversity, species detection, and
relative abundance estimates by five popular metagenomic taxonomic classification pro-
grams using in silico-generated data sets with and without aDNA damage. Damage pat-
terns had minimal impact on the taxonomic profiles produced by each program, while
false-positive rates and biases were intrinsic to each program. Therefore, the most ap-
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Databases! Databases! Databases! Y. Y

Databases matter...a lot i

Many databases are incomplete, and you won’t find what you can’t “see”, so
always check to make sure your database has your taxon of interest

e Example: The first MetaPhlAn database lacked Tannerella forsythia, so this
common oral microbe would “disappear” if you analyzed it with MetaPhlAn. The
new MetaPhlAn2 and 3 databases fixed this!

If your taxon is missing a reference genome in the database, your DNA
might align to the next best thing, causing a false positive

e Example: Taxonomic profiling of dental calculus prior to 2012 indicated the skin
pathogen Propionibacterium acnes was prevalent and abundant. After the
genome of the related oral species Pseudopropionibacterium propionicum was
published in 2012, P. acnes “disappeared” from these datasets
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Databases! Databases! Databases! i
T N
Databases matter...a lot N
iff 4’;\;“

And then, just to make _. you can’t “see” so

Many databases . : 3
things more confusing

always check to r on of interest

e Example: The { P. acnes was renamed 3 forsythia, so this
common oral r Cutibacterium acnes it with MetaPhlAn. The

new MetaPhlA in 2016

If your taxon is m base, your DNA

might align to th

ot a teenager) thought ive

e Example: Taxo e ar.,d funny 2012 indicated the skin
pathogen Propionibacterium acnes was prevalent and abundant. After the
genome of the related oral species Pseudopropionibacterium propionicum was
published in 2012, P. acnes “disappeared” from these datasets
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Quatemary ntermational o (o xox

‘Contents lists available at SccnceDircct
Quaternary International %
omflocatelquaint

Journal homepage: wiwelsevier.c:

Databases! Databases! Databases!

ELSEVIER

Do I have something in my teeth? The trouble with genetic analyses of diet
from archaeological dental calculus

Databases also contain junk data

Genomes in NCBI (even RefSeq genomes!)
contain errors...sometimes BIG errors

sequencing adapters!

Tibetan antelope (Pantholops hodgsonii) turns
up in every metagenomic dataset @

2% RefSeq genome of the common soil
bacterium Achromobacter denitrificans
contains the entire chicken ovalbumin gene!
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Your brain and critical

thinking skills are your

best defense against bad
databases, bad data, and Q
wrong conclusions

When in doubt, check
and double check!

)
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Starting questions

> [Who’s there?}

(~d

That was a lot of work!
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Starting questions

(~d

> [Who’s there?}

= |

How preserved i
my sample?

51
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Metagenome composition and quality

Causes of degradation and sources of contamination

e Burial environment (hecrobiome)
e Postmortem microbial overgrowth
e Post-excavation handling and storage

Helpful to identify and remove contaminant sequences from your dataset
before proceeding to downstream analyses

Software tools can help you characterize your dataset’s preservation
state and potential contamination

e Source tracking: SourceTracker, Source Predict
e Cleanup: cuperdec, decontam

%
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Metagenome composition and quality

Microbial source tracking can be performed using Bayesian or machine
learning methods to estimate to what degree your data derives from a
particular microbial source

Two main methods:

e SourceTracker2 (Knights et al. 2011)
e Source Predict (Borry 2020)

User provides reference metagenomes (e.g., dental plaque, feces, soil) as
sources and the tool estimates the proportion of your dataset that derives
from one or more of these sources

%
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Metagenome composition and quality
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Metagenome composition and quality
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Metagenome composition and quality

SourceTracker?2
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Metagenome composition and quality

Source Predict

Beyond preservation, you
might also what to know,
What is my sample?

e Human paleofeces
e Dog poop?
e Something else?

(~d
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Metagenome composition and quality

SourceTracker Pro Tips:
Choose your sources wisely!

e You need at least 10 datasets per source
e Plaque and calculus have similar but distinct profiles
e Archaeological bone is a better proxy for the necrobiome than soill

Important! The category “unknown” includes both:

e the proportion of your dataset that cannot be assigned to any source
e the proportion that can be assigned to more than one source

%
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Starting questions

> | Who's there? >

)

(@) ev-sn ]

How preserved is
my sample?

U

How do | clean
up my dataset?
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Cleaning up your dataset

Now that you have a sense of your sample’s preservation, you can clean it up
for downstream analyses

Two step process:

e Identify and remove the very degraded samples altogether using

cuperdec (Fellows Yates et al. 2021)
e Identify and remove low-level laboratory and soil contaminant taxa from

your datasets using decontam (Davis et al. 2018)

(~d
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cuperdec - remove the samples beyond hope
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decontam - surgical removal of contaminants

Davis et al. Microbiome (2018) 6:226
hitps:/dol org/10.1186/s40168-018.0605-2 Microbiome
METHO 0G Open Access

CrossMark

Simple statistical identification and removal ®
of contaminant sequences in marker-gene
and metagenomics data

Nicole M. Davis', Diana M. Proctor??, Susan P. Holmes", David A. Relman'* and Benjamin J. Callahan®”"

Abstract

Background: The accuracy of microbial community surveys based on marker-gene and metagenomic sequencing
(MGS) suffers from the presence of contaminants—DNA sequences not truly present in the sample. Contaminants
come from various sources, including reagents. Appropriate laboratory practices can reduce contamination, but do
not eliminate it. Here we introduce decontam (ttps2/github.com/benjjneb/decontam), an open-source R package
that implements a statistical classification procedure that identifies contaminants in MGS data based on two widely
reproduced patterns: contaminants appear at higher frequencies in low-concentration samples and are often found
in negative controls

Results: Decontam classified amplicon sequence variants (ASVS) in a human oral dataset consistently with prior
microscopic observations of the microbial taxa inhabiting that environment and previous reports of contaminant
taxa. In and mark of a dilution series, decontam substantially reduced
technical variation arising from different sequencing protocols. The application of decontam to two recently
published datasets corroborated and extended their conclusions that lttle evidence existed for an indigenous
placenta microbiome and that some low-frequency taxa seemingly associated with preterm birth were contaminants

Conclusions: Decontam improves the quality of metagenomic and marker-gene sequencing by identifying
and removing contaminant DNA sequences. Decontam integrates easily with existing MGS workflows and
allows researchers to generate more accurate profiles of microbial communities at litde to no additional cost

Keywords: Microbiome, Metagenomics, Marker-gene, 165 RNA gene, DNA contamination

Background

High-throughput sequencing of DNA from environmen-
tal samples is a powerful tool for investigating microbial
and non-microbial communities. Community compos-
ition can be characterized by sequencing taxonomically
informative marker genes, such as the 165 rRNA gene in
bacteria [1-4]. Shotgun metagenomics, in which all
DNA recovered from a sample is sequenced, can also
characterize functional potential [5-7). However, the

* Conespondence:
Nicole M. Davis and D
David A. Relman and Benjamin J. Callahan are co-ast-authors.
‘Department of Population Health and Pathobiology, College of V
Medicine, North Carolina State University, 456 Research Bullding, 1
Willam Moore Drive, Raleigh, NC 27607, USA

7Bioinformaics Research Center, North Carolina State Universty, Raeigh, NC
27695, USA

Full st of authar information is avalable at the end of the aricle

yaminjcallanan@gmallcom

rinary

©The futhors. 2018 Open Access This rice is dsrbuted under the tems of

Intemationsl Liense eatiecommons crgicenses/by ich

eprodction i any voviced you gve sppropese credt o the orgial autho
i nges e Crea

-

accuracy of marker-gene and metagenomic sequencing
(MGS) is limited in practice by several processes that
introduce contaminants—DNA. sequences not truly
present in the sampled community.

Failure to account for DNA contamination can lead to
inaccurate data interpretation. Contamination falsely in-
flates within-sample diversity [8, 9], obscures differences
between samples [8, 10], and interferes with comparisons
across studies [10, 11]. Contamination disproportionately
affects samples from low-biomass environments with less
endogenous sample DNA [10, 12-16] and can lead to
controversial claims about the presence of bacteria in low
‘microbial biomass environments like blood and body tis-
sues [12, 13, 15-17]. In high-biomass environments,
contaminants can comprise a significant fraction of
low-frequency sequences in the data [18], limiting reliable

tive Commons Attrbuton 40

Some samples are okay, but they have some stubborn
contaminant taxa you want to remove

If you leave them in, these contaminant taxa could bias
or skew your diversity patterns, leading to spurious
results and false conclusions

decontam can help you identify the obvious
contaminants and remove them

You provide decontam with contaminant sources (e.g.,
datasets from laboratory blanks, archaeological bone

decontam removes contaminating taxa from your
datasets
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What’s next?

> | Who's there? >
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How preserved is
my sample?

U

How do | clean
up my dataset?




Diversity

Within ecology there are many ways to
examine the microbial communities in
your samples in order to better
understand them

The two most common ways are to
examine and compare their:

e alpha diversity
e beta diversity

%



Alpha diversity

Alpha diversity measures the variation
within a single sample

Species richness (e.g., Chaol index)

e How many different species are in my
microbial community?

Species evenness (e.g., Shannon index)

e How balanced are the species abundances in my community? Do a few
taxa dominate the sample or not?

Pro tip: alpha diversity is easily skewed in ancient samples by preservation and
" trace contaminants, so be careful when interpreting ancient alpha diversity!
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Within-sample alpha diversity

HMP 2012

Alpha diversity -
Alpha diversity measures the variation ;; o
within a single sample £
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e How many different species are in my
microbial community?

Anterior nares

Species evenness (e.g., Shannon index)

L antecubital fossa

R antecubital fossa

L retroauricular crease

R retroauricular crease

Buccal mucosa

Keratinized gingiva

Hard palate

Palatine tonsils

Saliva

Throat

Tongue dorsum

Subgingival plaque

Supragingival plaque

Stool

Mid-vagina

Posterior fomix
Vaginal introitus

e How balanced are the species abundances in my community? Do a few

taxa dominate the sample or not?

Pro tip: alpha diversity is easily skewed in ancient samples by preservation and
" trace contaminants, so be careful when interpreting ancient alpha diversity!



Beta diversity

Beta diversity measures the variation
between samples

Bray-Curtis dissimilarity
e To what degree are taxa shared between my samples at same

abundances? O=exactly the same; 1=completely different

Jaccard distance
e To what degree are taxa shared between my samples (ignoring

abundance)? O=exact same taxa; 1= completely different taxa

UniFrac
e How phylogentetically similar are the taxa in my samples, taking into

account abundance (weighted) or not (unweighted)
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Beta diversity

You can visualize the beta
diversity of a given set of samples
using Principal Coordinates
Analysis (PCoA)

Here is an example of a PCoA
based on Bray-Curtis distances of
the microbial communities
present in the human microbiome

%

PC2 (4.4%)

Gastrointestinal

HMP 2012

PC1 (13%)
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Beta diversity

Here is an example of a PCoA based on
Bray-Curtis distances of the microbial
communities present in the archaeological
samples, including paleofeces and dental
calculus

Here you can see compositional di nces
between modern dental calculus'and
and that ancient calculus overlaps mo

calculus

You can also se at feces from modern

industrialized and

PE2 (10.39%)

Orlando et al. 2021
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-40 20 0 20
PC1(35.17%)

Ancient microbiome Modern microbiome
Faeces Faeces (non-industrialized)

Dental calculus Faeces (industrialized)

populations are distinct, and that
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PCoA vs PCA

I’'ve never heard of PCoA - what’s that?

PCoA (principle coordinate analysis) is applied to your distance matrix
(Bray-Curtis, Jaccard, UniFrac) in order to visualize your beta diversity in a plot

Alternatively, you can also take an entirely different compositional approach
by transforming the data in your taxon table using a centered log-ratio
transformation (CLR), building a euclidean distance matrix*, and performing a
PCA (principal components analysis) to visualize your samples in a plot

*a euclidean distance matrix built from CLR transformed data is also called an
Aitchison distance matrix; PCAs can only be performed on a euclidean
distance matrix

%
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Standard Model vs Compositional Approach

Which approach is better? It’s a bit of a philosophical s I ey
debate - with strong feelings on both sides. Both are o N wsoen S
valid for metagenomics (with different caveats) and PR AR
represent your data in slightly different ways. Try both! . 83%&2 e
hannon
Bottom line: the two approaches deal with O count N S;o: .
data and discrepancies in sampling effort differently oraneten | (aoundance)  (varance)
Read more about the growing comparison || CANGSIM  * ANOSIM
importance of compositional | Gomposttional: And This Is Not S
approaches to microbiome Opfional | corelmion | gL PG
analysis in Gloor et al. 2017 e ——— T ‘
Differential LEfSe ALDEx2
abundance DESeq ANCOM
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Intrigued, want to learn more?

Pat Schloss, who created mothur, has a series of
YouTube videos about ecological analyses and
distances, and he explains in detail how to use the R
package vegan for microbiome analysis. Check them

out!

(~d

Ecological distances in R,

How to calculating the Aitchison distance in R,

(@) ev-sn |
. Standard Compositional
Cipeniion approach approach
: CLR
Normalization Rlaézfgctl?n ILR
< ALR
Bray-Curtis
: UniFrac s
Distance eraon: Aitchison
Shannon
- PCoA PCA
Ordination (Abundance) (Variance)
Multivariate perManova  perMANOVA
comparison ANOSIM ANOSIM
SparCC
Corelation Pearson SpiecEasi
Spearman ()
P
metagenomSeq
Differential LEfSe ALDEx2
abundance DESeq ANCOM



https://www.youtube.com/watch?v=xyufizOpc5I
https://www.youtube.com/watch?v=ulo7WatBEAo
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What’s next?

. How preserved is
> | Who's there? > my sample?
Let’s explore its @
genomes!

(MAGS)

How do | clean
up my dataset?

I’m looking for

something very
particular

(pathogens)

What does

%i o,

(functions)
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