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The human microbiome
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1. Experimental pipeline

Quality control
and host DNA
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families
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4. Postprocessing

2. Preprocessing

3. Sequence analysis

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

5. Validation

The workflow
of shotgun
metagenomics

5-10Gb/sample

Our default setting:

- 384 samples on the
NovaSeq $4
7.5 Gb/sample

Human DNA:
<3% in stool
70%-90% in saliva
>95% in skin




~1% of the phone (or skin?) microbiome




~60% of the skin microbiome

Percentage Relative Abundance MetaPhlAn 1.0 Segata et al, Nature Methods 2012

H‘_HHHH“- MetaPhlAn 2.0 Truong et al, Nature Methods, 2015
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MetaPhlAn 3.0 Beghini et al, eLife, 2021
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The remaining ~40%: the microbial dark matter!

PhyloPhlAn (Segata et al, Nat Comm 2013)
PhyloPhlAn 3 (Asnicar, Nat Comm 2020)
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Many species are still uncharacterized
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Pasolli et al., Cell, 2019

* Thousands of unknown species/strains?
* 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



But there is even more unknown in the human microbiome!

- 4 bodysites, all ages - Validation and strict QC
- 7 non-Westernized datasets - Clustering into species-level
(inc. newly added Madagascar) genome bins (SGBs)

9,428 metagenomes Metagenomic assembly
- 32 countries, multiple lifestyles - Single-sample assembly

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 I with non-Westernized lifestyles with Westernized lifestyle

= mm = Genome from a Westernized population
=nnnmn Genome from a non-Westernized population
= Available and annotated reference genome (usually from isolate sequencing)

Edoardo Pasolli et al., Cell, 2019

9,428 metagenomes

single-sample
assembly

154,723 reconstructed genomes
(45% of high-quality)

clustering

4,930 SGBs
(77% without a reference genome)

SGB = Species-level Genome Bin

kSGB = known SGB, at least one ref.
genome in the cluster

uSGB = unknown SGB, no reference
genome in the cluster 9



Reconstructing and cataloguing >150,000 human microbiome genomes
Edoardo Pasolli et al., Cell, 2019

1 Ruminococcus spp.

A Subdoligranulum variabile
B Gemmiger formicilis

, &3@%19&% %ggén}bly effort:

= + > 9,500 metagenomes
! r'f—E_ T sad ¥hPq sepnstructed
|# genmonsss: 7

> 5,000 species-level bins

15286
% Ines: 4823,

novel!

| 'i%mes the gontext for

metagenomic studies!

SGB ID: 15295
# genomes: 99

SGB ID: 15292
# genomes: 9

i SGB ID: 15299
# genomes: 99

1 Faecalibacterium prausnitzii




The seventh most prevalent species: Cibiobacter qucibialis
Edoardo Pasolli et al., Cell, 2019
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1,008,148 genomes

236,620 isolates
771,528 MAGs

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

23,737 kSGBs
47,190 uSGBs

ChocoPhlAn 3
16.8k species

16k Bacteria
739 Archaea
122 Eukaryota

99.2k genomes

97.9k Bacteria
947 Archaea
339 Eukaryota

MetaPhlAn

o Gene calling and prokka
annotation (UniRef90) DIAMOND

Clustering of unknown
UniRef90 genes

o Identify core genes
>800 per SGB

Map core genes
against all genomes

MMseqs2

Bowtie2

Get SGB unigue marker
genes

o SGB quality control

Phylogenetic
genome and MAG profiling

PhyloPhlAn 3
87.1k Genomes

57.8M Gene
families

Pangenome strain-level analysis

PanPhlAn 3
2.4k Pangenomes

80.7M Pangenes

10.1M Gene
families

ATCCTAGGGT ATGAG

GTATCTGA GATTCAAG

ACACAGATCGCGG

21,978 kSGBs
4,992 uSGBs

5.1 M markers

4.1 M for kSGBs
1 M for uSGBs

Metagenomic
sample

Metagenomic
assembly

Sequence
alignment

Mapping
QC

Clade's coverage
robust average

Abundance
normalization

Functional profiling

HUMARNN 3
10.7k Pangenomes

49.4M Pangenes

33.8M Gene
families

Genes /
Pathways

Samples

Species/strain taxonomic
profiling

StrainPhlAn 3 MetaPhlAn 3

1.1M Markers *

1M Bacteria
56.8k Archaea
13.6k Eukaryota

Samples

Samples

Aitor
Blanco-Miguez

Blanco-Miguez et al., Nat
Biotech, in revision

o biobakery/biobakery

Beghini et al., eLife, 2021

Karcher et al., Genome Biology, 2020
Asnicar et al., Nature Communications, 2020
Zolfo et al., Nature Biotechnology, 2019
Tett et al., Cell Host & Microbe, 2019
Pasolli et al., Cell , 2019

Ferretti et al., Cell Host&Microbe, 2018
Beghini et al, ISMEJ, 2017

Truong et al., Genome Research, 2017
Asnicar et al, mSystems, 2017

Scholz et al., Nature Methods, 2016
Ward et al., Cell Reports, 2016

Donati et al., Nature Microbiology, 2016
Zolfo et al., NAR, 2016

Truong et al., Nature Methods, 2015.
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Westernized and non-Westernized unknowns

Lifestyle
SGB type

GGB9642 SGB15119

Catenibacterium sp. AM22 15 (SGB6783_group)
GGB2734 SGB3677

GGB9597 SGB15022

Prevotella copri clade B (SGB1613)

GGB1495 SGB2071

Prevotella copri clade C (SGB1644)
Prevotella copri clade D (SGB1636_group)
GGB9603 SGB15035

GGB9727 SGB15285

Ruminococcaceae unclassified SGB15309
GGB9730 SGB15290

Prevotella SGB1653 (SGB1653)

Prevotella hominis (SGB1617_group)
GGB4266 SGB5809

Clostridia unclassified SGB4121

Clostridium leptum (SGB14853)
Adlercreutzia equolifaciens (SGB14797_group)
Clostridia bacterium (SGB3574)

Alistipes onderdonkii (SGB2303)

Alistipes putredinis (SGB2318)
Dysosmobacter welbionis (SGB15078)
Clostridium phoceensis (SGB15154)
Dysosmobacter sp. NS) 60 (SGB15124)
Clostridiales bacterium (SGB15143)
Ruminococcus torques (SGB4608)
Flavonifractor plautii (SGB15132)
Ruthenibacterium lactatiformans (SGB15271)
Phocaeicola dorei (SGB1815)

Bacteroides thetaiotaomicron (SGB1861)

Prevalence (%)
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Aitor
Blanco-Miguez

Westernized lifestyle

11,123 metagenomic samples

59 studies
25 countries
3 continents

Non-Westernized lifestyle

1,718 metagenomic samples

22 studies
15 countries
4 continents

Ancient origin
29 metagenomic samples

7 studies
5,300 to 150 years ago




Westernized and non-Westernized unknowns
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Westernized and non-Westernized unknowns

Almost absent in Very prevalent in non- Aitor
Westernized populations Westernized populatio Blanco-Miguez
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Westernized and non-Westernized unknowns N

Almost absent in Very prevalent in non- Aitor
Lrestyls Westernlzed populatlons Westernlzed ‘populatio a Blanco-Miguez
SGB type ' ' :
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Found in ancient stool samples

* ... and found + isolated from
an anonymous Pl in the lab
of Computational Metagenomics
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Each human microbiome is unique at the strain level

I Subjects from around the world (~3000 sbj from 4 continents) Commensal strains
1 Subjects from EU (6 countries) . .

[ Subjects from US (from two universities) Pathogenlc strains
Samples from same subjects collected at ~6 months Environmental strains
[ 1 Subjects from EU Ca rcinogenic strain

[ Subjects from US

Truong et al., Genome Research, 2017
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[Ferretti et al,
Cell Host & Microbe, 2018

Valles-Colomer et al, Nature, 2023]

[Pasolli et al, Nature
Communications, 2020
Carlino et al, submitted]

??%

Average 35% shared species
[Asnicar et al, Nature Medicine, 2021]

< 0.1% of shared strains
[Truong et al, Genome Research, 2017]
[Beghini et al, eLife, 2021]
[Pasolli et al, Cell, 2019]




Dietary microbial species in the human microbiome
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Average 35% shared species
[Asnicar et al, Nature Medicine, 2021]

[Ferretti et al,
Cell Host & Microbe, 2018

Valles-Colomer et al, Nature, 2023] .
< 0.1% of shared strains

[Truong et al, Genome Research, 2017]
[Beghini et al, eLife, 2021]
[Pasolli et al, Cell, 2019]

~3%

[Pasolli et al, Nature
Communications, 2020
Carlino et al, submitted]

V ?%

Hypothesis: extensive and
intricate horizontal transmission



On the transmission of the human microbiome

Microbiome transmission set (N=9,715 [2,880])

Longitudinal sets
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E 252 SGBs (60 uSGBs) ) 326,403 strains
Mireia Valles-Colomer et al. Nature, 2023



On the transmission of the human microbiome

Microbiome transmission set (N=9,715 [2,880])
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Mireia Valles-Colomer et al. Nature, 2023



On the transmission of the human microbiome

Percentage of pairs of samples
with no shared strains
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On the transmission of the human microbiome

The oral microbiome
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YPOTHESIS Science
Are noncommunicable diseases communicable?

Numerous noncommunicable diseases could have a transmissible microbial component
By B. B Finlay'* and CIFAR Humans

Mireia Valles-Colomer et al. Nature, 2023 24



We are all unique

Blood sugar
response
to the same
breakfast

PREDICT 1 data
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With Tim Spector, Sarah Berry, TwinsUK, ZOE

We are all unique

...but the human microbiome is even more unique than us...
...and could explain a lot of our phenotypic uniqueness!
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PREDICT 1: strong and reproducible links with obesity markers
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strong links with foods and dietary patterns

PREDICT 1
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PREDICT 1: a map of direct microbe-food associations
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PREDICT 1: a map of microbe-food associations
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PREDICT 1: strong links with metabolic markers
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But the scenario is more complex when considering postprandial responses...
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PREDICT 1: an overall signature of favourable/unfavourable microbes
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Better characterization of the gut microbiome w.r.t. transit time: the blue poo
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Better characterization of the gut microbiome w.r.t. transit time: the blue poo
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Machine learning algorithms
allow us to predict how each

iIndividual may respond to foods.

This enables us to make
personalized dietary
recommendations at the
iIndividual level.
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Next steps on unravelling microbiome-diet links
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PREDICT 1

Home (UK)

Postprandial
responses
Meal order
Time of day

Jan 2019 - May 2019

STATUS:
Complete

PREDICT 1 Plus

n=900

Healthy
TwinsUK

Clinic & Home
(UK)

Continuation of
PREDICT 1
Postprandial
responses

Jun 2019 - Ongoing

STATUS:

PREDICT - Cardio
LLLELELL
n=50

High/Low CVD
risk subset of
PREDICT 1 Plus

Clinic & Home
(UK)

Cardiometabolic
end-points

Liver fat
Vascular function

Sep 2019 - Ongoing

STATUS:
Complete

PREDICT 2

n=1,000

Healthy
Ethnicity

Home (US)

Validation of remote
study delivery
Postprandial responses
Microbiome profiling

Jun 2019 — Mar 2020

STATUS:
Complete

PREDICT 3

n=>100,000

Healthy
Ethnicity
Chronic disease

Home (US)

Postprandial responses
Dietary assessment
Microbiome profiling

July 2020

STATUS:



The microbiome and coffee on 30k individuals

et

The ZOE PREDICT cohorts:

Four US cohorts:
P2, n=975

P3 US21, n=11,798
P3 US22A, n=8,470

0.5

Two UK cohorts:
P1, n=1,098
P3 UK22A, n=12,353

52 healthy studies, n=6,955
ten babies studies, n=977

20 non-west.,
NHP (n=203), ancient (n=29)

— AUC = 0.96
AUC = 0.87

- AUC = 0.70
0.5 1

1 - specificity

Relative abundance (%)

Spearman

10

0.1

0.01

0.001

0.6 1 ® L. asaccharolyticus o
Coffee - ®
0.5 { N Massilioclostridium coli
0.4 | Clostridia 12CBH8 SGB7259 < Q *
03| Lachnospiraceae SGB4777 _‘_w,‘k
02 Firmicutes SGB14891 *
Clostridia SGB14844 *
0.1
Firmicutes SGB14966 O
0.0 1 ‘
Ruminococcaceae SGB15067 ¥ L
01 0.5 0.6 0.7 0.8 0.9 Clostridia SGB15395 &*
AUC
Firmicutes SGB79798 % %
® PREDICT1 @ PREDICT3 UK22A
PREDICT2 @ PREDICT3 US22A 0.0 0.1 0.2 0.3 0.4
Correlation
PREDICT1 PREDICT3 UK22A PREDICT2 PREDICT3 US22A MBS-MLVS
FC: 5.3 FC: 6.6 FC: 4.5 FC: 5.3 FC: 8.0
 — |—|  —  —  —
3.8 ns 1 4 3 4 ns 4.0 1.3 6.4 ns
— — —
)
> < K > o
& @ o .
g & & & & &

0.5



Blastocystis prevalence (%)

B/astocystls S 3 preva\ent paraS|te

He 4

(@sT1 es2 @st3 e s

 Large differences in prevalence worldwide!

« ST3 specific to Westernized continents

44



US has low prevalence of Blastocystis

* On 14,564 healthy individuals from allover the US

* Higher prevalence on coastal regions than hinterlands




US has low prevalence of Blastocystis
* On 14,564 healthy individuals from allover the US

* Higher prevalence on coastal regions than hinterlands

» Coastal regions associated with better diet/lifestyle

66.1
n: 3104

Average hPDI



Blastocystis associated with a healthier lifestyle

20 hPDI (FFQ) hPDI (free-living logged diet)

 We can assess ‘diet quality’  ° = e meocr2 | musn — eaus zan
via dietary indices

N W w
w o Ul

N
o

* hPDI calculated from both
FFQ and logged diet data

=
U1

Blastocystis prevalence (%)
(=]
o

o



Blastocystis associated with a healthier lifestyle

« We can assess ‘diet quality’ ¥ e R
via dietary indices g — .
5 25 °
» hPDI calculated from both &= O
FFQ and logged diet data £ 1 o V-
g . 6——————8""/’.—_—-. o—_‘_&_'-,__g//
° -Ol Q2 Q3 Q4 .Ql Q2 Q3 Q4
* Individuals with higher hPDI £ -
might be also more careful on .
sleep quality/quantity i :
° AS We” aS to avoid Smoking 0! n:zzso n::_1757 "’ijm Never Notugté;r(igtly, Yes

Sleeping categories (h) Smoking status



B/astocystis strongly associated with low visceral fat

PREDICT 1

2000

1500

1000

500

e

}=

Ift

[ Blastocystis negative
[ Blastocystis positive



Blastocystis prevalence (%)

BMI strongly linked in all PREDICT cohorts

Visceral fat
kkkk
— 2000
l—
O 1500
)
L 1000
(ol

500
1

40

35

30

25

20

15 | ©

10

—— PREDICT1 PREDICT2
P3US_21 —— P3US_22A

underweight normal overweight obese

[ Blastocystis negative

[ Blastocystis positive



Blastocystis prevalence (%)

BMI strongly linked in all PREDICT cohorts

Visceral fat
Skksksk

— 2000
|_
O 1500
)
ol 1000
o

500

40

35

30

25

20

15 | ©

10

underweight normal overweight obese

AsnicarF_2021_GBR -
AsnicarF_2021_ USA -
CosteaPl_2017__KAZ -
DeFilippisF_2019__ITA -
HansenLBS_2018_ DNK -
KeohaneDM_2020__IRL -
LifeLinesDeep_2016__ NLD -
LokmerA_2019_CMR -
MetaCardis_2020_a_ DEU -
MetaCardis_2020_a_ FRA -
NielsenHB_2014_ DNK -

NielsenHB_2014_ ESP -

Study

PREDICT2__USA -
PREDICT3_21_ USA -
PREDICT3_22A__USA -
RubelMA 2020 CMR -
SchirmerM_2016__NLD -
ViscontiA_2019_ GBR -
Wirbel] 2018 DEU -
XieH_2016_ GBR -
ZeeviD_2015_ ISR -
ZellerG_2014__FRA -

Random-effects model -

-9.74[-0.120, -0.049]

-0.46 [-0.249, 0.077]

{14

-0.32[-0.429, -0.037]

-0.32[-0.274, 0.117]

1

1

!

i

]

1

1

1

i - 0.55 [-0.215, 0.085]
]

]

i

1

!

1

1

i -0.67 [-0.240, 0.031]
]

% -4.78 [-0.102, -0.001]

-0.48 [-0.279, 0.042]

-0.14 [-0.176, 0.411]

-0.26 [-0.305, 0.132]

-2.69[-0.169, -0.034]

-5.38[-0.106, -0.010]
- 31.14 [-0.099, -0.059]

[}

!

[}

[}

1

[}

1

]

!

}

[}

i -0.36 [-0.258, 0.113]
i

1

[}

!

i

: -21.27 [-0.093, -0.044]
}

1

-1.05[-0.201, 0.015]

-0.90[-0.253, -0.019]

1
1
1
:
_-__—-‘—I -7.17 [-0.067, 0.016]

= -0.36 [-0.130, 0.238]
-1.43[-0.195, -0.009]

-10.27 [-0.090, -0.021]

-0.28 [-0.321, 0.101]

-[-0.081, -0.059]

-0.2 0.0 0.2 0.4
Effect

low BMI high BMI

[77] Blastocystis negative

[ Blastocystis positive



-xpanding to ~35k microbiome samples

Host characteristics

5 PREDICT cohorts with e ° Single foods (FFQs)
~35,000 microbiome samples ey A * rrevcrs Coffee ———2"
0.4 %)r;p_eﬂ3_l;l§2_2_A _____ e % ong' 0.5 r—.WPREDIC'IZ3(UK22AL e °

Account for geography (UK, US) £ |/ croma e Z o B

. . é %Q siggsg » Lqé),o.s 8§§Q§> “
Stratify based on dietary s § =
patte rnS . 8@%335;%& &2323 g_o.l Yogurt regular
ML shows strong associations 3
with host characteristics and R L L
singlefoods PREDICT 1 PREDICT 2 PREDICT 3

|
! } ! }
PREDICT PREDICT - Carbs PREDICT 1 Plus PREDICT - Cardio
n=1,100 n=100 n=900 n=50 n=1,000 n=>100,000
(upublished) | 52 Zoe



Rank SGBs according to their metadata associations

PREDICT 1 PREDICT 2 P3 UK22A P3 US21 P3 US22A M d .
“SGa0310 M — == etadata categories:
e a : . p |
SGB15229 d- ersona
SGB6174_group _ .
B * Fasting

SGB15317
* Postprandial

SGB14179 |
SGB15225 |

||
|
SGB4894 Il
SGB4643
SGB4963 |
SGB79840 [
SGB4893
SGB6276 |
||
u
[

Each category contains
several different markers

SGB14809
SGB4758 group
SGB4703
SGB4606
SGB4584
SGB15132
SGB4746
SGB4862
SGB4798
SGB4861
SGB4608
SGB4035
SGB4794 group
SGB4753
SGB4583

T
III-
P

Average percentiles of
ranked partial
correlations for the 15
top and 15 bottom SGBs

Fasting
Fasting
Posprandial

Posprandial
Fasting

Posprandial
Fasting

Posprandial
Fasting

Posprandial

Percentile
0.0 0.25 0.5 0.75 1.0
B

Personal .

Personal [l
L

Personal
Personal
Personal

(unpublished) 53 Zoe



Dive into the

Personal

category for UK and US

SGB15249
SGB6340
SGB4964

SGB14252

SGB15229

SGB6174 _group

SGB15317

SGB14179

SGB15225
SGB4894
SGB4643
SGB4963

SGB79840
SGB4893
SGB6276

SGB14809

SGB4758 group
SGB4703
SGB4606
SGB4584

SGB15132
SGB4746
SGB4862
SGB4798
SGB4861
SGB4608
SGB4035

SGB4794 group
SGB4753

SGB4583

Percentile
0.0 0.25 0.5 0.75 1.0
B

PREDICT 1

Personal

ASCVD
HbAlc%
Liver fat prob.

Personal

Diastolic

QUICKI

Systolic
Visceral fat

P3_US22A

Personal

Personal

ASCVD |
ASCVD 6h

HbAlc%

Diastolic |
Systolic |

54 20C

(unpublished)



Dive into the

Fasting

category for UK and US

SGB15249
SGB6340
SGB4964

SGB14252

SGB15229

SGB6174 _group

SGB15317

SGB14179

SGB15225
SGB4894
SGB4643
SGB4963

SGB79840
SGB4893
SGB6276

SGB14809

SGB4758 group
SGB4703
SGB4606
SGB4584

SGB15132
SGB4746
SGB4862
SGB4798
SGB4861
SGB4608
SGB4035

SGB4794 group | B

SGB4753
SGB4583

Percentile
0.0 0.25 0.5 0.75 1.0

Personal

Fasting

PREDICT 1

Fasting

el — U X x
Ewﬁog U’EI
U Q>T O F
= = o v
noo IJD
R =a
) O

e

)

Tryglicerides
VLDL-D

Personal

Fasting

P3_US22A

Fasting

Cholesterol

HDL
Glucose

THR

Tryglicerides

(unpublished)

55 20C



Dive into the Postprandial category for UK and US

PREDICT 1 Postprandial P3 US22A Postprandial

SGB15249
SGB6340
SGB4964

SGB14252

SGB15229

SGB6174_group

SGB15317

SGB14179

SGB15225
SGB4894
SGB4643
SGB4963

SGB79840
SGB4893
SGB6276

SGB14809

SGB4758 group
SGB4703
SGB4606
SGB4584

SGB15132
SGB4746
SGB4862
SGB4798
SGB4861
SGB4608

SGB4035
SGB4794 group
SGB4753
SGB4583

Percentile
0.0 0.25 0.5 0.75 1.0
B e

HDL 6h
Glucose 6h

GlycA 6h
HDL-D 6h
Tryglicerides 6h

Posprandial
Glucose 6h
Tryglicerides 6h
VLDL-D 6h
Meal5 iAUC 2h
Meal6 iAUC 2h
Meal7 iAUC 2h
Posprandial
Cholesterol 6h
Meal5 iAUC 2h
Meal6 iAUC 2h
Meal7 iAUC 2h |

(unpublished) 56 Zoe



Rank SGBs according to their metadata associations

PREDICT 1 PREDICT 2 P3_UK22A P3_US21

SGB15249
SGB6340
SGB4964

SGB14252

SGB15229

SGB6174_group

SGB15317

SGB14179

SGB15225
SGB4894
SGB4643
SGB4963

SGB79840
SGB4893
SGB6276

SGB14809

SGB4758 group
SGB4703
SGB4606
SGB4584

SGB15132
SGB4746
SGB4862
SGB4798
SGB4861
SGB4608
SGB4035

SGB4794 group
SGB4753
SGB4583

Ve

-

o R,
P

Fasting =

Posprandial
Fasting .

Posprandial
Fasting

Fasting
Posprandial

Posprandial

Percentile
0.0 0.25 0.5 0.75 1.0

Personal [l
i

Personal .

Personal
Personal

P3_US22A

Personal

Fasting

Posprandial

(unpublished)

57 20C



Cohort-leve

average SG

3 ranks

PREDICT 1

SGB15249 [

SGB6340
SGB4964
SGB14252
SGB15229
SGB6174_group
SGB15317
SGB14179
SGB15225
SGB4894
SGB4643
SGB4963
SGB79840
SGB4893
SGB6276
SGB14809
SGB4758 group
SGB4703
SGB4606
SGB4584
SGB15132
SGB4746
SGB4862
SGB4798
SGB4861
SGB4608
SGB4035
SGB4794_group
SGB4753
SGB4583

Percentile
0.0 0.25 0.5 0.75 1.0

Personal

Fasting

Posprandial

Cohort mean [ NN B

Personal

Fasting
Posprandial = |

Cohort mean [T I N R

PREDICT 2

P3_UK22A

n
Cohort mean [ 00 I

Fasting

Personal
Posprandial

P3 US21

EH
Cohort mean [

. e
ill iii
T = m =
R g2s
= a0 <
UL = QL =
e 2 £ 2

@) [@]

o [a

P3_US22A

Cohort mean [ DT




Globa

cardiometabolic SGB ranks

PREDICT 1 PREDICT 2

SGB15249
SGB6340
SGB4964
SGB14252
SGB15229
SGB6174 group
SGB15317
SGB14179 [
SGB15225
SGB4894
SGB4643 [ |
SGB4963
SGB79840
SGB4893
SGB6276
SGB14809
SGB4758 group
SGB4703 -
SGB4606
SGB4584
SGB15132
SGB4746
SGB4862
SGB4798
SGB4861
SGB4608
SGB4035
SGB4794 group
SGB4753
SGB4583

Percentile
0.0 0.25 0.5 0.75 1.0
B

Cohort mean

Cohort mean

P3_UK22A

Cohort mean

P3 US21

Cohort mean

P3_US22A

Cohort mean

Average

cardiometabolic

percentiles

We ranked in total

661 SGB species

(unpublished)

59 Z0C



Globa

cardiometabolic SGB ranks

PREDICT 1 PREDICT 2

SGB15249
SGB6340
SGB4964
SGB14252
SGB15229
SGB6174 group
SGB15317
SGB14179 [
SGB15225
SGB4894
SGB4643 [ |
SGB4963
SGB79840
SGB4893
SGB6276
SGB14809
SGB4758 group
SGB4703 -
SGB4606
SGB4584
SGB15132
SGB4746
SGB4862
SGB4798
SGB4861
SGB4608
SGB4035
SGB4794 group
SGB4753
SGB4583

Percentile
0.0 0.25 0.5 0.75 1.0
B

Cohort mean

Cohort mean

P3_UK22A

Cohort mean

P3 US21

Cohort mean

P3_US22A

Cohort mean

Average

cardiometabolic

percentiles

We ranked in total

661 SGB species

(unpublished)

0 20



Cardiometabolic ranks across geography
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Cardiometabolic ranks across geography and BM|
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US percentiles

Cardiometabolic ranks across geography and BM

1.0

0.8

©
fo))

o
N

0.2

0.0

0.0

0.2

0.4 0.6
UK percentiles

0.8

1.0

BMI partial correlations

0.2

0.1

0.0

-0.2

P1
® P2
® P3_UK22A
P3_US21
‘favorable’ SGBs
negatively correlate
with BMI
8 0]
‘unfavorable’ SGBs
positively correlate
with BMI|
8
0.0 0.2 0.4 0.6 0.8 1.0

Cardiometabolic percentiles (unpublished) 63






We are

recruiting!!

Thanks!

YW @cibiocm
YW @nsegata

S - f

MARIE CURIE

I I International Team

for Implantology

ISTITUTO
G.B. MATTEI

Societa Italiana

di Parodontologia

e Implantologia

X

EKLUND
FOUNDATION

FONDAZIONE
CASSA DIRISPARMIO
DITRENTO EROVERETO

The Laboratory of Computational Metagenom

\u

Nicola Segata
Francesco Asnicar
Aitor Blanco-Miguez
Gloria Fackelmann
NEGCUERVERELE
Paolo Manghi
Liviana Ricci
Mohamed S. Sarhan
Marta Selma-Royo
Sabrina Tamburini
Mireia Valles-Colome
Federica Armanini
Federica Pinto
Giacomo Antonello
Niccolo Carlino
Matteo Ciciani
Leonard Dubois
Davide Golzato
Katarina Mladenovic
Amir Nabinejad
Gianmarco Piccinno
Elisa Piperni

Michal Punéochar
Andrea Silverj
Charlotte Servais
Paolo Ghensi

ONCOBIOME

Microbiota against cancer
International research program

LM 7]



http://cibiocm.bitbucket.org/
mailto:nicola.segata@unitn.it

In vivo In vivosample
Microbiome (o

Sample
collection

Directly from the
environment
(e.g. human gut,
ocean water, soil)

Metadata information

Demographics, information on
the environment or the host

Biological/clinical
interpretation

Biomarker discovery
(e.g. disease-specific microbes,
genes or pathways)
Classification
(e.g. the microbiome as a diagnostic
and disease predicting tool)

Subtype/clustering analysis
(e.g. disease subtypes, enterotypes)

Co-occurencel/ecological
modelling

Phylogeny reconstruction
Strain tracking

Epidemiology and
population genomics

Size: ~MBs

Hypothesis-specific

follow-ups

Validation on

independent cohorts

. TACGTACGT

| CACGACGEGEGECAA
TATGGGTCGTTACCA

| TCACATCAGGTCGAGCTA

3 TATTACGACGGT

: Multiple
: samples

' AGGCTACACGTCATGE
' TACGTACGT

Metagenomic dataset ]

: (l-’a-le) {'FastQ) .'-' tF.as-lC'.j

“(FastQ)

(Fast@)
Size: ~TBs

Assembly-based profiling

Taxonomic and
functional
quantitative
profiles

\ Contig annotation
& gene calling

/ Metagenomic

(co) assembly

Whole-genome
assemblies

Haplotype
reconstruction

Read-based taxonomic profiling

Taxa Read mapping
abundance --dl== against genomes
estimation or markers

Read-based metabolic profiling

Metabolic Read mapping
potential -wf=m against protein
reconstruction families

1. Experimental pipeline

Quality control
and host DNA
decontamination

s D'
Preprocessed
metagenomic

dataset

~(FastQ) -'.:--FastQ -

I Size: ~TBs

_Referen_ce
information

Reference genomes

Annotated protein
families

Annotated pathways

Size: ~GBs

4. Postprocessing

2. Preprocessing

3. Sequence analysis

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

5. Validation

The workflow
of shotgun
metagenomics

5-10Gb/sample

Our default setting:

- 384 samples on the
NovaSeq $4
7.5 Gb/sample

Human DNA:
<3% in stool
70%-90% in saliva
>95% in skin




Many species are still uncharacterized

100 100

P = :

o 2 -

2 o

= £ l 40

o 2| L

o =

o 20

< I 1
’ o
Yes No
Westernized

Pasolli et al., Cell, 2019

* Thousands of unknown species/strains?
* 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



Each human microbiome is unique at the strain level

I Subjects from around the world (~3000 sbj from 4 continents) Commensal strains
1 Subjects from EU (6 countries) . .

[ Subjects from US (from two universities) Pathogenlc strains
Samples from same subjects collected at ~6 months Environmental strains
[ 1 Subjects from EU Ca rcinogenic strain

[ Subjects from US

Truong et al., Genome Research, 2017

Q
o 0.425
[
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Q
o 0.400
@
o
0.375

0.325 ———

0.300

Common species (fraction)

0.275

0.250

0.0 0.5 1.0 15 2.0 2.5 3.0

Normalized Distance

Twin pair Unrelated



Average 35% shared species
[Asnicar et al, Nature Medicine, 2021]

[Ferretti et al,
Cell Host & Microbe, 2018

Valles-Colomer et al, Nature, 2023] .
< 0.1% of shared strains

[Truong et al, Genome Research, 2017]
[Beghini et al, eLife, 2021]
[Pasolli et al, Cell, 2019]

~3%

[Pasolli et al, Nature
Communications, 2020
Carlino et al, submitted]

V ?%

Hypothesis: extensive and
intricate horizontal transmission



With Tim Spector, Sarah Berry, TwinsUK, ZOE

We are all unique

...but the human microbiome is even more unique than us...
...and could explain a lot of our phenotypic uniqueness!

0.425

" P SN 0.400

4 s
o ¥ .3 ey " _;-9.2-‘ i f; _J. ‘
o D el =

0.375
0.350

0.325

==

i

0.300

0.275

Common gut bacterial species (%)

0.250

Twin pair Unrelated

240
200
Blood sugar 0
response 5
to the same
breakfast 80
PREDICT 1data 8:00 AM 8:30 AM 9:00 AM 9:30 AM 10:00 AM 10:30 AM 11:00 AM 40




PREDICT 1: a map of microbe-food associations

|:| Healthy plant-based - Less Healthy plant-based . Healthy animal-based D Unhealthy animal-based . No category
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Better characterization of the gut microbiome w.r.t. transit time: the blue poo
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Blastocystis prevalence (%)
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Blastocystis prevalence (%)

BMI strongly linked in all PREDICT cohorts
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cardiometabolic SGB ranks

PREDICT 1 PREDICT 2

SGB15249
SGB6340
SGB4964
SGB14252
SGB15229
SGB6174 group
SGB15317
SGB14179 [
SGB15225
SGB4894
SGB4643 [ |
SGB4963
SGB79840
SGB4893
SGB6276
SGB14809
SGB4758 group
SGB4703 -
SGB4606
SGB4584
SGB15132
SGB4746
SGB4862
SGB4798
SGB4861
SGB4608
SGB4035
SGB4794 group
SGB4753
SGB4583

Percentile
0.0 0.25 0.5 0.75 1.0
B

Cohort mean

Cohort mean

P3_UK22A

Cohort mean

P3 US21

Cohort mean

P3_US22A

Cohort mean

Average

cardiometabolic

percentiles

We ranked in total

661 SGB species

(unpublished)

75 20@



	Diapositiva numero 1
	Diapositiva numero 2
	The human microbiome
	Diapositiva numero 4
	~1% of the phone (or skin?) microbiome
	~60% of the skin microbiome
	Diapositiva numero 7
	Diapositiva numero 8
	But there is even more unknown in the human microbiome!
	Reconstructing and cataloguing >150,000 human microbiome genomes
	The seventh most prevalent species: Cibiobacter qucibialis
	MetaPhlAn 4: profiling the unknowns
	Westernized and non-Westernized unknowns
	Diapositiva numero 14
	Westernized and non-Westernized unknowns
	Diapositiva numero 16
	Diapositiva numero 17
	Diapositiva numero 18
	Dietary microbial species in the human microbiome
	Diapositiva numero 20
	Diapositiva numero 21
	Diapositiva numero 22
	Diapositiva numero 23
	Diapositiva numero 24
	We are all unique
	We are all unique
	Diapositiva numero 27
	Diapositiva numero 28
	Diapositiva numero 29
	Diapositiva numero 30
	Diapositiva numero 31
	Diapositiva numero 32
	Diapositiva numero 33
	Diapositiva numero 34
	Diapositiva numero 35
	But the scenario is more complex when considering postprandial responses…
	Diapositiva numero 37
	Better characterization of the gut microbiome w.r.t. transit time: the blue poo
	Better characterization of the gut microbiome w.r.t. transit time: the blue poo
	Diapositiva numero 40
	Diapositiva numero 41
	Diapositiva numero 42
	The microbiome and coffee on 30k individuals
	Blastocystis is a prevalent “parasite”
	US has low prevalence of Blastocystis
	US has low prevalence of Blastocystis
	Blastocystis associated with a healthier lifestyle
	Blastocystis associated with a healthier lifestyle
	Blastocystis strongly associated with low visceral fat
	BMI strongly linked in all PREDICT cohorts
	BMI strongly linked in all PREDICT cohorts
	Expanding to ~35k microbiome samples
	Rank SGBs according to their metadata associations
	Personal
	Fasting
	Dive into the Postprandial category for UK and US
	Rank SGBs according to their metadata associations
	Cohort-level average SGB ranks
	Global cardiometabolic SGB ranks
	Global cardiometabolic SGB ranks
	Cardiometabolic ranks across geography and BMI
	Cardiometabolic ranks across geography and BMI
	Cardiometabolic ranks across geography and BMI
	The human microbiome
	Thanks!
	Diapositiva numero 66
	Diapositiva numero 67
	Diapositiva numero 68
	Diapositiva numero 69
	We are all unique
	Diapositiva numero 71
	Better characterization of the gut microbiome w.r.t. transit time: the blue poo
	Blastocystis is a prevalent “parasite”
	BMI strongly linked in all PREDICT cohorts
	Global cardiometabolic SGB ranks

