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The human microbiome
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Not only bacteria!

Not only the gut microbiome!




1% of the phone (or skin?) microbiome




The workflow of shotgun metagenomics

Metagenome Metagenomic data set
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Human DNA:
< 3% in stool
70-90% in saliva
>95% in skin

(1. Experimental pipeline ) (2. Pre-processing )

Quince, Walker, Simpson, Loman, and Segata. Nature Biotechnology, 2017 6



The workflow of shotgun metagenomics - Who is there?

Metagenome Metagenomic data set
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(3 Experimental pipeline ) (2. Pre-processing) (3. Seq ysis )

Quince, Walker, Simpson, Loman, and Segata. Nature Biotechnology, 2017




~60% of the skin microbiome

Percent relative abundance

Segata et al, Nature Methods 2012
Truong et al, Nature Methods, 2015
Beghini et al, eLife, 2021

Blanco-Miguez et al, Nature Biotech, 2023

Visit number

Body site

Gender

Data set

Staphylococcus caprae/capitis

Propionibacterium sp KPL 1844

Merkel cell polyomavirus

Finegoldia magna

Campylobacter ureolyticus

i) Peptoniphilus rhinitidis

Propionibacterium granulosum

mien Staphylococcus epidermidis

fi Propionibacterium avidum

mEll ! 3 ki r Malassezia globosa Microeukaryotes
3 "B Corynebacterium tuberculostearicum

Corynebacterium kroppenstedtii

Micrococcus luteus

Enhydrobacter aerosaccus

Polyomavirus HPyV7

Corynebacterium pseudogenitalium

Rothia dentocariosa

Haemophilus parainfluenzae

Corynebacterium matruchotii

Streptococcus mitis/oralis/pneumoniae

Corynebacterium accolens

Corynebacterium durum

Propionibacterium phage P101A .

Propionibacterium phage P100D Viruses

Propionibacterium acnes 8




Many species are still uncharacterized
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Pasolli et al. Cell, 2019

100

Thousands of unknown species?
Millions of unsampled genes?

Missing links with diseases/conditions?

What is known? What is unknown?

Undetected unknowns

Hidden taxa & strain-level diversity
~20% sequences not matching
microbial genomes

Functional unknowns
~40%* genes without a match in
functional databases

Thomas & Segata. BMC Biology, 2019 9




The workflow of shotgun metagenomics - Who is there?

Metagenomic data set
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Map reads to annotated contigs

Read-based taxonomic profiling
Reference information
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Quince, Walker, Simpson, Loman, and Segata. Nature Biotechnology, 2017




There is even more unknown in the human microbiome!

@ \esternized lifestyle @y Non-Westernized lifestyle

SR e ) K R

9,428 metagenomes

- 32 countries, multiple lifestyles

- 4 bodysites, all ages

- 7 non-Westernized datasets
(inc. newly added Madagascar)

Metagenomic assembly

- Single-sample assembly

- Validation and strict QC

- Clustering into species-level
genome bins (SGBs)

154,723 microbial genomes from metagenomes
uSGB kSGB uSGB uSGB

New species without ~ Known oral species New species associated New oral species associated
known isolates with non-Westemized lifestyles with Westernized lifestyles

= = m Genome from a Westernized population
m— /\vailable and annotated reference genome (usually from isolate sequencing)

==xnns Genome from a non-Westernized population
Pasolli et al. Cell, 2019

Diversity and functional landscapes in the microbiota
of animals in the wild

® Doron Levin'*, ( Neta Raab'.",  Yishay Pinto"*, @ Daphna Rothschild234>", Gal Zanir', © Anastasia Godneva?3, ©...

Microbial genomes from non-human primate gut
metagenomes expand the primate-associated
bacterial tree of life with over 1000 novel species

Serena Manara, Francesco Asnicar, Francesco Beghini, Davide Bazzani, Fabio Cumbo, Moreno Zolfo,

Eleonora Nigro, Nicolai Karcher, Paclo Manghi, Marisa Isabell Metzger, Edoardo Pasolli & Nicola Segm

Compendium of 4,941 rumen metagenome-assembled

genomes for rumen microbiome biology and enzyme
discovery

Robert D. Stewart, Marc D. Auffret, Amanda Warr, Alan W. Walker, Rainer Roehe & Mick Watson
The reconstruction of 2,631 draft metagenome-
assembled genomes from the global oceans

Benjamin J. Tully &, Elaina D. Graham & John F. Heidelberg

Resource | Open Access | Published: 09 November 2020
A genomic catalog of Earth’s microbiomes

Stephen Nayfach, Simon Rou, [...]JEmiley A. Eloe-Fadrosh 11




The workflow of shotgun metagenomics - Who is there?

Metagenome Metagenomic data set

DNA

Assembly-based profiling
{Co)assemble reads into contigs

Map reads to annotated

Read-based taxonomic profiling

T Map reads to genomes or marker genes

genomes and annotations
Annotated pathways

Size: ~GBs
4

(3 Experimental pipeline ) (2. Pre-processing) (3. Seq ysis )

Quince, Walker, Simpson, Loman, and Segata. Nature Biotechnology, 2017




MetaPhlAn as a part of the Biobakery suit of tools

ChocoPhlAn 3
( 16.8k species )

16k Bacteria
739 Archaea
\ 122 Eukaryota )

( 99.2k genomes h

97.9k Bacteria
947 Archaea

339 Eukaryota

http://segatalab.cibio.unitn.it/tools/biobakery/
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Expansion of the ChocoPhlAn database

Input
1,008,148 genomes
236,620 isolates
771,528 MAGs

SGB organization

70,927 SGBs
47,643 GGBs
21,373 FGBs
23,737 KSGBS
47,190 uSGBs
YOy
RN Lo~ N
| I\P Y/ v A
Cell NG
NN ° SGB e GGB e FGB
Volume 176, Issue 3, 24 January 2019, Pages 649-662.€20 N\ - = V4 ‘ N V4 '
Extensive Unexplored Human Microbiome 'S ——-\\\ ( ®\ / e Reference Genomes
Sl ’? % 7 7/ e MAGs
Diversity Revealed by Over 150,000 Genomes from [ '©@\ N e -
Metagenomes Spanning Age, Geography, and v !

Lifestyle




Expansion of the ChocoPhlAn database

Input

ChocoPhlAnSGB

1,008,148 genome:
236,620 isolates

)

771,528 MAGs

SGB organization

70,927 SGBs
47,643 GGBs
21,373 FGBs

23,737 kSGBs
47,190 uSGBs

(
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Gene calling and prokka \
annotation (UniRef90) DIAMOND

Clustering of unknown

UniRef90 genes MMseqss
Identify core genes

>800 per SGB

Map core genes Bowtie2

against all genomes

Get SGB unique marker
genes

N

SGB quality control

.

MetaPhlAn v4 DB

21,978 kSGBs
4,992 uSGBs

5.1 M markers

4.1 M for kSGBs
1 M for uSGBs

Genome annotation

u90_1 u90 2 u90 3 u90 4

SGB1

SGB2
SGB3

Core identification

u90_1
SGB1

SGB2
SGB3

u90_2 u90_3 u90_4

u90_1
SGB1

SGB2
SGB3

Marker identification

u90_2 u90_3 u90_4
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MetaPhlAn 4 profiling

Input ChocoPhlAnSGB Sequencing reads MetaPhlAn vdbeta
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MetaPhlAn 4 tutorial

Go to:
https://github.com/biobakery/MetaPhlAn/wiki/MetaPhlAn-Workshop-on-Genomics-2023

17



Let’s take a small break



The workflow of shotgun metagenomics - What are they
doing?

Metagenomic data set
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Assembly-based profiling
{Co)assemble reads into contigs

v

Taxonomic and functi i <

v

Map reads to annotated contigs

Read-based taxonomic profiling

Map reads to genomes or marker genes R
Reference information

Available microbial proteins,
genomes and annotations

T | e

Read-based metabolic profiling

Map reads to annotated genes,
proteins or pathways

< J

(3 Experimental pipeline ) (2. Pre-processing) (3. Seq ysis )

Quince, Walker, Simpson, Loman, and Segata. Nature Biotechnology, 2017




Oxidoreductases are enriched in active CD patients as a
result of oxidative stress

EC 1.12.1.3: Hydrogen dehydrogenase (NADP(+)), 439 paired meta’'omes with min(RNA, DNA) > 0

108

ww Hungatella hathewayi wm Clostridium aldenense mm Clostridium citroniae  wsm Other

mm Clostridium clostridioforme w= Eisenbergiella massiliensis wm Dorea longicatena Unclassified

ww Clostridium bolteae mm Eisenbergiella tayi mm Clostridium lavalense

CD, inactive CD, active UC, inactive UC, active Non-IBD control + outliers
Beghini et al. eLife 2019
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HUMANN 3.6 tutorial

Go to:
https://github.com/biobakery/MetaPhlAn/wiki/HUMANN-Workshop-on-Genomics-2023
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log cutC RPKM

log cutC RPKM

log cutC RPKM

The cutC gene is enriched and highly expressed in CRC patients

o

o

EN

n

o

@

@™

&

N

o

@

@

S

N

o

Yud 2015

VogtmannE_2016

ZellerG_2014

P<0.01

P=0.049

4 &

P=0.07  Parasat '
Disease
Phylum = =

Cohort2 Cohort1
P=0.04 P=0.01
) }
QQ_ - Eb B
FengQ_2015 HanniganGD_2017
P=0.01 P=01
A T 3 J 4
. ;-' .1 g S '
|
[ z R 4
& & & &
T A

Disease
Adenoma
Carcinoma

@ Control

Sequence type

Cluster 1
Cluster 2
Cluster 3
Cluster 4

Phylum

Actinobacteria
Q Firmicutes
() Proteobacteria

Dataset
Cohortl
Cohort2
FengQ_2015
HanniganGD_2017
VogtmannE_2016

Yul_2015
@ ZellerG_2014

A: Desulfovibrio spp.
B: Streptococcus spp.
C: Anaerococcus spp.
D: Paenibacillus spp.

Thomas et al. NatMed 2019
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Let’s take a small break
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The workflow of shotgun metagenomics
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DNA cucaoion I Multiple
1

Metagenomic data set
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Biological/clinical
interpretation

Biomarker
discovery

Microbiome-based
prediction tools

Subtype/
clustering analysis

Co-occurrence/
ecological modeling

Phylogeny
reconstruction

Strain tracking

Epidemiology and

y

population genomics

Assembly-based profiling
{Co)assemble reads into contigs

v

Taxonomic and

v

Map reads to annotated contigs

Read-based taxonomic profiling
Map reads to genomes or marker genes

Read-based metabolic profiling

B
Reference information
. Available microbial proteins,
genomes and annotations
A dp Y
/__L Size: ~GBs
4

Map reads to annotated genes,
proteins or pathways
4
(3. Experimental pipeline ) (2. Pre-p ing) ((3.Seq ysis ) (4. Postp ing)

impson, Loman, and Segata. Nature Biotechnology, 2017




The workflow of shotgun metagenomics
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Strain tracking

Assembly-based profiling
{Co)assemble reads into contigs

v
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v
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Epidemiology and }i
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Map reads to genomes or marker genes )
Reference information
k_ Available microbial proteins,
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1 A dp Y
L Size: ~GBs
Read-based metabolic profiling 7
Map reads to annotated genes,
proteins or pathways

(1. Experimental pipeline ) (2. Pre-processing) (3. Seq is ) (4. Post-processing) (5 Validation |

Quince, Walker, Simpson, Loman, and Segata. Nature Biotechnology, 2017
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Across-cohort assessments are necessary to determine

the universality of the links

d SGB RF feature Meta-analysis of

fat-associated SGBs

b Meta-correlation of &

Per dataset
fat-intake SGBs

type ranking

Clostridia SGB41001

Clostridia SGB42494
Turicibacter sp TS3 (39153)
Firmicutes SGB40975
Lachnospiraceae SGB41496

L. bacterium MD308 (7279)
Bacteria SGB41598
Nocardiaceae SGB43265

L. bacterium (41510)

Bacteria SGB41595
Lachnospiraceae SGB41549
Bacteria SGB41597

Bacterium D16-50 (29430)
Emergencia sp 1Xd21-10 (41482)
Ruminococcaceae SGB43541
Bacteria SGB41677
Lachnospiraceae SGB41437
Dorea sp 5-2 (7275)
Norcadiaceae SGB43264
Ruminococcaceae SGB43533

L. bacterium (41401)
Lachnospiraceae SGB41546
Ligilactobacilius murinus (7077)
L. bacterium (41480)
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Bacteroidetes SGB35575
Lachnospiraceae SGB41239
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Manghi et al. Cell Reports 2023

I Low fat diet
[ High fat diet
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Each human microbiome is unique at the strain level

5.13%

intra-HMP inter-HMP
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(2620405)

. ) Commencal strains
Escherichia coli

0.0 0.5 1.0 1.5

Normalized Distance

2.0

+80 Pathogenic strains
Environmental strains
70 v\/\ Carcinogenic strains
’-60 ; ~\»\_
% -
20 &
T
+40 ¢
(@]
o
30 o
-20
+10
T 0 0 0.8 -
E
L.) 0.6
@o.a - N
B g5 |
Intra Twins Twins Unrelated Unrel.
subject Mz DZ similar age




Each human microbiome is unique at the strain level

79.27% 5.13% 1+80
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|dentify and discover new strains

Westernized
. . ; = =
—{ Ruminococcus spp. Country Westernizec
A A Subdoligranuium variabile No
B Gemmiger formicilis Yes
uSGB 15291
# genomes: 137 Country
gen. var. 2.7 (0.7) AUT
uSGB 15287 gﬁ:‘:
# genomes: 7
gen. var. 2.9 (1.1) DEU
— DNK
uSGB 15286 o O ESP
Ca. Cibiobacter qucibialis > O Fl
# genomes: 1,813 () FRA
gen. var. 1.9 (0.6) - GBR
kSGB 15300 R : KAZ
# genomes: 1,212 Country @ CHN @ Fl @ MDG . : . MDG
gen. var. 2.6 (0.6) @® PER ® TZA @ Other < R ~—— 2 MNG
USGB 15295 - . ‘ A : ~ NLD
# genomes: 99 . - 7 j 41 AR \ y SWE
8 gen. var. 3.9 (0.9) 7 7 § h \ gs:
USGB 15292 o o8 s 4 : i =0
# genomes: 9 ~ AL L y N
gen. var. 2.6 (1.0) a o ) I
- % 2 / J A
uUSGB 15299 = : i
# genomes: 99 o / ! y Q
g gen. var. 2.5 {0.7) s q
- ] : 8 uSGB 15286
MDs1 Ca. Cibiobacter qucibialis

&

10% Faecalibacterium

prausnitzii___ Pasolli et al. Cell, 2019 29




Characterize microbial strains

Westernized
Country

—{ 4 Ruminococcus spp.

" I Westernizec
A A Subdoligranuium variabile N 1 ¥ § No
B Gemmiger formicilis \ Yes
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;SGE 1529? 137 ) \ s Y Country
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NO . 0 - 2 % [REEI .
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KEGG functions
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Strain-sharing rate (%)

B. bifidum (SGB17256)

Tracking of microbial strains

Family role
W Child
m Father
No. of shared strains @ Mother
5 ¢ Twin
25 <> Other
= 50
0.5% 4% 5% 8% 16% 82% 97% - 75
1004 I . 100
: g | Longitudinal
e $ L A | & strain
= o . | sharing
50 : .1: 7 o
1 E & Household
& W strain
3 55 2 sharing
25 3 5
b 4 » v
5 Mother-infant
o @ — strain
; . . : : , . - ¥ sharing
> .(\Q AC -(\‘-’ Qo ,°¢ &
" é\b‘\ ‘{@Q(\ eé\o \\-qx\\ N Q\q}‘ \s\&\ Dataset
6\0" P & ‘p" \‘&@0 Qo‘? onQ  BritolL_2016 PehrssonE_2016_SLV Tkt
RC ${@° 4‘(&\\0 & © CosteaP|_2017_DEU @ Ghana* —{  strain
® PasolliE_2018_MDG @ Guinea-Bissau* sharing
® PehrssonE_2016_PER « Tanzania*

W Same individual

Different individual
Valles-Colomer et al. Nature 2023
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