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The human microbiome



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

The workflow 
of shotgun
metagenomics

5-10Gb/sample

Our default setting:
- 384 samples on the

NovaSeq S4
- 7.5 Gb/sample

Human DNA:
- <3% in stool
- 70%-90% in saliva
- >95% in skin
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~1% of the phone (or skin?) microbiome



~60% of the skin microbiome

MetaPhlAn 1.0   Segata et al, Nature Methods 2012
MetaPhlAn 2.0 Truong et al, Nature Methods, 2015
MetaPhlAn 3.0 Beghini et al, eLife, 2021
MetaPhlAn 4.0 Blanco-Miguez, et al, bioRxiv 2022

Tin Truong

Microeukaryotes

Viruses



The remaining ~40%: the microbial dark matter!

Tett et al., npj Microbiomes and Biofilms, 2017

PhyloPhlAn (Segata et al, Nat Comm 2013)
PhyloPhlAn 3 (Asnicar, Nat Comm 2020)

GC content
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Cutibacterium acnes Staphyloccous epidermidis Unknowns!



• Thousands of unknown species/strains?

• Millions of unsampled genes?

• Missing links with diseases/conditions?

Many species are still uncharacterized

Pasolli et al., Cell, 2019

Thomas & Segata, BMC Biology, 2019

2



But there is even more unknown in the human microbiome!

9

kSGB = Species-level Genome Bin

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

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

9,428 metagenomes

single-sample
assembly

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

clustering

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

Edoardo Pasolli et al., Cell, 2019



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

A very large assembly effort:
- > 9,500 metagenomes
- >154,000 reconstructed 

genomes
- > 5,000 species-level bins 

(SGBs)
- 77% of the SGBs are 

novel!

 Expanding the context for 
metagenomic studies!



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



MetaPhlAn 4: profiling the unknowns
Aitor 

Blanco-Miguez

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.

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



Westernized and non-Westernized unknowns

Aitor 
Blanco-Miguez
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Catenibacterium tridentinum

Westernized and non-Westernized unknowns

Liviana
Ricci

Marta
Selma-Royo



Aitor 
Blanco-Miguez

Catenibacterium tridentinum

Very prevalent in non-
Westernized population

Almost absent in 
Westernized populations

Found in ancient stool samples

Westernized and non-Westernized unknowns

Liviana
Ricci

Marta
Selma-Royo



Aitor 
Blanco-Miguez

Catenibacterium tridentinum

Very prevalent in non-
Westernized population

Almost absent in 
Westernized populations

* … and found + isolated from 
an anonymous PI in the lab 
of Computational Metagenomics

Found in ancient stool samples

Westernized and non-Westernized unknowns

Liviana
Ricci

Marta
Selma-Royo



Subjects from around the world (~3000 sbj from 4 continents)

Subjects from US (from two universities)
Subjects from EU (6 countries)

Samples from same subjects collected at ~6 months
Subjects from EU
Subjects from US

Truong et al., Genome Research, 2017
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Each human microbiome is unique at the strain level

E. coliCommensal strains
Pathogenic strains
Environmental strains
Carcinogenic strains
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Average 35% shared species
[Asnicar et al, Nature Medicine, 2021]

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

[Ferretti et al,
Cell Host & Microbe, 2018
Valles-Colomer et al, Nature, 2023]

~10%

??%

< 0.1% of shared strains
[Truong et al, Genome Research, 2017]

[Beghini et al, eLife, 2021]
[Pasolli et al, Cell, 2019]
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Dietary microbial species in the human microbiome

19

Overlap of 2.5k food and 20k human microbiomes 
depends on host features:

In adults the food-associated species constituted 
about 3% of the total microbial population.

Niccolo’
Carlino



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

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

[Ferretti et al,
Cell Host & Microbe, 2018
Valles-Colomer et al, Nature, 2023]

~10%

~3%

~1%

< 0.1% of shared strains
[Truong et al, Genome Research, 2017]

[Beghini et al, eLife, 2021]
[Pasolli et al, Cell, 2019]

Hypothesis: extensive and 
intricate horizontal transmission

?? %

1microTOUCH
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On the transmission of the human microbiome

Mireia Valles-Colomer et al. Nature, 2023

Mireia
Valles-Colomer



On the transmission of the human microbiome

Mireia Valles-Colomer et al. Nature, 2023

Mireia
Valles-Colomer



Mireia Valles-Colomer et al. Nature, 2023

On the transmission of the human microbiome

Mireia
Valles-Colomer
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On the transmission of the human microbiome

Mireia Valles-Colomer et al. Nature, 2023

The oral microbiome



We are all unique

25

With Tim Spector, Sarah Berry, TwinsUK, ZOE



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

?

With Tim Spector, Sarah Berry, TwinsUK, ZOE
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The PREDICT 1 Cohort

1,002 UK healthy 
adults (with twins)
100 US healthy 
adults
14-day study 
collecting responses 
standardized meals
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The PREDICT 1 Cohort

1,002 UK healthy 
adults (with twins)
100 US healthy 
adults
14-day study 
collecting responses 
standardized meals

M
AC

H
IN

E

LEARN
IN

G



PREDICT 1: strong and reproducible links with obesity markers



PREDICT 1: strong links with foods and dietary patterns

Nutritionists processed FFQs and derived single foods, 
food groups, nutrients, and dietary indexes



PREDICT 1: a map of direct microbe-food associations



PREDICT 1: a map of microbe-food associations

• Diets rich in “healthy”, plant-based 
foods associated with “good” gut 
microbes

• "Unhealthy" microbe cluster was seen 
in those eating "unhealthy" plant and 
"unhealthy" animal-based foods

• Highlights the importance of food 
quality

• Overall dietary patterns matter
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PREDICT 1: strong links with metabolic markers

Clinical risk measures not strongly linked with the microbiome

GlycA and several cholesterol and fatty acids markers show a strong link with the 
microbiome



But the scenario is more complex when considering postprandial responses…

3636



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

Asnicar et al, Gut 2021

7



39

Better characterization of the gut microbiome w.r.t. transit time: the blue poo



Machine learning algorithms 
allow us to predict how each 
individual may respond to foods. 

This enables us to make 
personalized dietary 
recommendations at the 
individual level. 

40

How can we harness our 
findings to achieve 
meaningful change?
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Jun 2018 - May 2019 Jan 2019 - May 2019

n=1,100

PREDICT - Carbs 

n=100

Healthy
60% TwinsUK

Healthy Compliant 
individuals from 
PREDICT 1

Postprandial 
responses
Meal order
Time of day

Clinic & Home 
(UK/US)

Home (UK)

STATUS: 
Complete

STATUS: 
Complete

Validation of remote 
study delivery
Postprandial responses
Microbiome profiling

Jun 2019 – Mar 2020

n=1,000

Healthy 
Ethnicity

Home (US)

STATUS: 
Complete

PREDICT - Cardio

Sep 2019 - Ongoing

n=50

High/Low CVD 
risk subset of 
PREDICT 1 Plus

Cardiometabolic 
end-points
Liver fat
Vascular function

Clinic & Home 
(UK)

Continuation of 
PREDICT 1
Postprandial 
responses

PREDICT 1 Plus

n=900

Jun 2019 - Ongoing

Healthy
TwinsUK

Clinic & Home 
(UK)

STATUS: 
n=250

Postprandial responses
Dietary assessment
Microbiome profiling

July 2020

n=>100,000

Healthy
Ethnicity
Chronic disease

Home (US)

STATUS: 
Ongoing

P R E D I C T  2

PREDICT

Postprandial 
responses

P R E D I C T  3P R E D I C T  1 

STATUS: 
Complete

Next steps on unravelling microbiome-diet links



The microbiome and coffee on 30k individuals



Blastocystis is a prevalent “parasite”

44

Elisa Piperni

• Large differences in prevalence worldwide!

• ST3 specific to Westernized continents

8



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



Blastocystis associated with a healthier lifestyle
• We can assess ‘diet quality’ 

via dietary indices

• hPDI calculated from both 
FFQ and logged diet data



Blastocystis associated with a healthier lifestyle
• We can assess ‘diet quality’ 

via dietary indices

• hPDI calculated from both 
FFQ and logged diet data

• Individuals with higher hPDI
might be also more careful on 
sleep quality/quantity

• As well as to avoid smoking



Blastocystis strongly associated with low visceral fat

49
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BMI strongly linked in all PREDICT cohorts
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BMI strongly linked in all PREDICT cohorts
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Expanding to ~35k microbiome samples

52

n=1,100

PREDICT - Carbs 

n=100 n=1,000

PREDICT - Cardio

n=50

PREDICT 1 Plus

n=900 n=>100,000

P R E D I C T  2

PREDICT

P R E D I C T  3P R E D I C T  1 

• 5 PREDICT cohorts with 
~35,000 microbiome samples

• Account for geography (UK, US)

• Stratify based on dietary 
patterns

• ML shows strong associations 
with host characteristics and 
single foods

Host characteristics
Single foods (FFQs)

(unpublished)



Rank SGBs according to their metadata associations
Metadata categories:
• Personal
• Fasting
• Postprandial

Each category contains 
several different markers

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

(unpublished)



Dive into the Postprandial category for UK and USPersonal

(unpublished)



Dive into the Postprandial category for UK and USFasting

(unpublished)



Dive into the Postprandial category for UK and US

(unpublished)



Rank SGBs according to their metadata associations

(unpublished)



Cohort-level average SGB ranks

(unplubished)



Global cardiometabolic SGB ranks

We ranked in total 
661 SGB species

(unpublished)



Global cardiometabolic SGB ranks

We ranked in total 
661 SGB species

(unpublished)
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Cardiometabolic ranks across geography and BMI

(unpublished)



Cardiometabolic ranks across geography and BMI

(unpublished)



(unpublished)

Cardiometabolic ranks across geography and BMI

‘unfavorable’ SGBs 
positively correlate 
with BMI

‘favorable’ SGBs 
negatively correlate
with BMI



The human microbiome



Thanks!

http://segatalab.cibio.unitn.it - nicola.segata@unitn.it

The Laboratory of Computational Metagenomics

@nsegata
@cibiocm

MetaPG

Nicola Segata
Francesco Asnicar
Aitor Blanco-Miguez
Gloria Fackelmann
Serena Manara
Paolo Manghi
Liviana Ricci
Mohamed S. Sarhan
Marta Selma-Royo
Sabrina Tamburini
Mireia Valles-Colomer
Federica Armanini
Federica Pinto
Giacomo Antonello
Niccolò Carlino
Matteo Ciciani
Leonard Dubois
Davide Golzato
Katarina Mladenovic
Amir Nabinejad
Gianmarco Piccinno
Elisa Piperni
Michal Punčochář
Andrea Silverj
Charlotte Servais
Paolo Ghensi

microTOUCH

We are
recruiting!!

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


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

The workflow 
of shotgun
metagenomics

5-10Gb/sample

Our default setting:
- 384 samples on the

NovaSeq S4
- 7.5 Gb/sample

Human DNA:
- <3% in stool
- 70%-90% in saliva
- >95% in skin
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• Thousands of unknown species/strains?

• Millions of unsampled genes?

• Missing links with diseases/conditions?

Many species are still uncharacterized

Pasolli et al., Cell, 2019

Thomas & Segata, BMC Biology, 2019

2



Subjects from around the world (~3000 sbj from 4 continents)

Subjects from US (from two universities)
Subjects from EU (6 countries)

Samples from same subjects collected at ~6 months
Subjects from EU
Subjects from US

Truong et al., Genome Research, 2017
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Each human microbiome is unique at the strain level

E. coliCommensal strains
Pathogenic strains
Environmental strains
Carcinogenic strains
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Average 35% shared species
[Asnicar et al, Nature Medicine, 2021]

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

[Ferretti et al,
Cell Host & Microbe, 2018
Valles-Colomer et al, Nature, 2023]

~10%

~3%

~1%

< 0.1% of shared strains
[Truong et al, Genome Research, 2017]

[Beghini et al, eLife, 2021]
[Pasolli et al, Cell, 2019]

Hypothesis: extensive and 
intricate horizontal transmission

?? %

1microTOUCH
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We are all unique
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…but the human microbiome is even more unique than us…
…and could explain a lot of our phenotypic uniqueness!

?

With Tim Spector, Sarah Berry, TwinsUK, ZOE
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PREDICT 1: a map of microbe-food associations

• Diets rich in “healthy”, plant-based 
foods associated with “good” gut 
microbes

• "Unhealthy" microbe cluster was seen 
in those eating "unhealthy" plant and 
"unhealthy" animal-based foods

• Highlights the importance of food 
quality

• Overall dietary patterns matter

6
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Better characterization of the gut microbiome w.r.t. transit time: the blue poo

Asnicar et al, Gut 2021
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Blastocystis is a prevalent “parasite”

73

Elisa Piperni

• Large differences in prevalence worldwide!

• ST3 specific to Westernized continents

8



BMI strongly linked in all PREDICT cohorts
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Global cardiometabolic SGB ranks

We ranked in total 
661 SGB species

(unpublished)

10


	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

