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The fastest-ever technological pace



But!

There is more
than one genome:



The human metagenome
The complex of microbial communities living in and on your body

Studied body sites include the gut, mouth, skin, nasal cavity, urogenital 
tract

Microbiome content is heavily influenced by environment (e.g. diet)

Trillions of microbial cells, thousands (?) of species, millions (?) of 
genes



3-5 pounds   bacteria

195-97 pounds hum an



But why does the microbiome matter?



https://www.nature.com/articles/nature25979

24% of the drugs with human targets, 
including members of all therapeutic classes, 
inhibited the growth of at least one strain in 
vitro



36% 
of the small molecules 

in your blood 
transit the microbiome 



The Fecal Microbiome Transplant as the 
microbiome’s greatest clinical success

http://thepowerofpoop.com/

Fecal Microbiota Transplants (FMT)
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Additional hypotheses about the human 
microbiome span the scientific lexicon



How do we measure the microbiome 
with sequencing data?

Taxonomy

Pathways

Genes

SNPs

Genomes



The complexity of bacterial genetics and 
taxonomy 

Taxonomy

16S

Genetics

The 16S ribosomal RNA gene: 

Essential for bacterial life
Minimal changes in sequence over time
Used to taxonomically classify microbes

Microbial genomes are 
circular and encode on 
average 4K genes

Microbial taxonomy is NOT 
necessarily correlated to 
genetics

Two strains of the same 
species can vary in up to 
20% of genomic content

Bacteria

Firmicutes

Erysipelotrichia

Erysipelotrichales

Erysipelotrichaceae

Solobacterium

Solobacterium moorei

Solobacterium moorei CC14Y   
Solobacterium moorei CC57E   
Solobacterium moorei DSM 22971   
Solobacterium moorei F0204 

Strains!
Zhu, A., Sunagawa, S., Mende, D. R., & Bork, P. (2015). 
Inter-individual differences in the gene content of 
human gut bacterial species. Genome Biology, 16(1), 
82. https://doi.org/10.1186/s13059-015-0646-9

Metabolic function



16S rRNA is limited

Lan Y, Rosen G, Hershberg R.  “Marker genes that are less conserved in their sequences are useful for predicting genome-
wide similarity levels between closely related prokaryotic strains.”  Microbiome. 2016.

“16s rRNA predicts genome-wide levels of similarity very well for distantly related prokaryotes, 
but not for closely related ones.”



Metagenomics can expand the microbiome 
to query across kingdoms

Data Type 16S 18S ITS Shotgun

Taxonomic Classification Yes Yes Yes Yes

Prokaryotes Yes No No Yes

Archaea Yes No No Yes

Eukaryotes No Yes Yes Yes

Parasites No Yes No Yes

Plasmids No No No Yes

Phages No No No Yes

Human Ancestry No No No Yes

Biosynthetic Gene Clusters No No No Yes

Antimicrobial Resistance (AMR) Markers No No No Yes

Kingdom Specificity Yes Yes Yes No

Approximate Raw Cost / Sample $100 $100 $125 $300

From https://www.ncbi.nlm.nih.gov/pmc/articles/PMC5359768/

AND 
data types!!



We are still today sorting out what is “in” the 
human microbiome

• Recent work has estimated there to be 
hundreds of thousands of strains in the gut 
microbiome alone (Almeida et al, Nature 2020)

• 2 strains of the same species can vary by 20% in 
gene content

Zhu, A., Sunagawa, et al. (2015). Inter-individual differences in the 
gene content of human gut bacterial species. Genome Biology, 
16(1), 82. https://doi.org/10.1186/s13059-015-0646-9

Almeida, Alexandre et al. 2021. “A Unified Catalog of 204,938 
Reference Genomes from the Human Gut Microbiome.” Nature 
Biotechnology 39 (1): 105–14.

• Variation in gene content drives variation in 
microbial phenotype

Source: xkcd.com



Can we even count the number of genes in the 
human microbiome?

1,473 shotgun sequencing 
samples from the oral 
microbiome

2,182 shotgun sequencing 
samples from the gut 
microbiome

Tierney, Braden T., Zhen Yang, Jacob M. Luber, Marc Beaudin, Marsha C. Wibowo, 
Christina Baek, Eleanor Mehlenbacher, Chirag J. Patel, and Aleksandar D. Kostic. 
2019. “The Landscape of Genetic Content in the Gut and Oral Human Microbiome.” 
Cell Host & Microbe 26 (2): 283–95.e8.

Prior “complete” estimates 
of gut microbiome genetic 
diversity put the total 
number of genes at ~10 
million from ~1000 samples 

Li et al. 2014. “An Integrated Catalog of 
Reference Genes in the Human Gut 
Microbiome.” Nature Biotechnology 32 (8): 
834–41.

Li, Weizhong, and Adam Godzik. 2006. “Cd-Hit: A Fast Program for Clustering and Comparing Large 
Sets of Protein or Nucleotide Sequences.” Bioinformatics 22 (13): 1658–59.



Sequence-based clustering: how do we define a ”gene?”

ATGTACGTACCGATCGTGAT

ATGTACGTACCGATCGTGAT



Sequence-based clustering: how do we define a ”gene?”

ATGTACGTACCGATCGTGAC

ATGTACGTACCGATCGTGAT



Sequence-based clustering: how do we define a ”gene?”

ATGTACGTACCGATCGTGGC

ATGTACGTACCGATCGTGAT



Sequence-based clustering: how do we define a ”gene?”

ATGTACGTACAATCGAAAGC

ATGTACGTACCGATCGTGAT



Sequence-based clustering: how do we define a ”gene?”

ATGTACGTACCGATCGTGAC

ATGTACGTACCGATCGTGAT

Most studies use 95% nucleotide or 
90% amino acid identity to 

discriminate between genes



“Singletons” dominate the oral and gut microbiomes

ATGTACGTACCGATCGTGAT

Most studies use 95% nucleotide or 
90% amino acid identity to 

discriminate between genes

ATGTACGTACAATCGAAAGC
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We need much 
more 
sequencing to 
accurately  
“measure” the 
microbiome
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How do we study the human microbiome?



How can we 
peruse gigantic, 
next-generation 
DNA sequencing 
datasets to form 
testable 
hypotheses 
regarding host-
microbe 
interaction?

“Big data” Analysis Many hypotheses

Data-driven “discovery” (hypothesis generation)

1 Hypothesis Experiment

The experimental scientific method (hypothesis testing)

Towards robust hypothesis generation in the human 
microbiome using data-driven discovery

X 100 X 1000

+

RIP

ATGTCGATG
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AAAATTGTA
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(e.g. Koch’s postulates)

My thesis

Limited causal/clinical 
use by itself
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Different data types 
+ different algorithms
=
Different outputs

How you ask a 
question determines 
the answer you get



Host environment can confound human-
microbiome associations



The coffee problem: a fundamental challenge 
in microbiome research

CRC Study Cohort information Methods Associated Microbes

Feng et al, 
2015

~150 samples, Austrian Stratified age, gender BMI
Wilcoxon, Random Forest

Bonferroni FDR

Fusobacterium
Parvimonas, Bacteroides, E. coli, Bilophila

Yu et al, 
2015 

~70 samples, Chinese, 
Denmark validation set

Self collected samples
No adjustments

Wilcoxon, Random Forest
BH FDR < 0.05

Fusobacterium, Peptostreptococcus, 
Parvimonas, Solobacterium

Zeller et al, 
2014

~140 samples, multiple 
EU

Wilcoxon, LASSO
Checked age, gender BMI

BH FDR < 0.1

Fusobacterium, Peptostreptococcus
Porphyromonas

Voigtmann 
et al, 2016

~100 samples,
1980s USA, 2000 
French validation

Wilcoxon, Logistic Reg
Age, gender BMI adjusted

Bonferroni FDR < 0.05

Fusobacterium
Porphyromonas, Atopobium, Clostridia



The coffee problem: a fundamental challenge 
in microbiome research

CRC Study Cohort information Methods Associated Microbes

Feng et al, 
2015

~150 samples, Austrian Stratified age, gender BMI
Wilcoxon, Random Forest

Bonferroni FDR
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2015 
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Wilcoxon, Random Forest
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2014
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Cohort heterogeneity 



The coffee problem: a fundamental challenge 
in microbiome research

CRC Study Cohort information Methods Associated Microbes

Feng et al, 
2015

~150 samples, Austrian Stratified age, gender BMI
Wilcoxon, Random Forest

Bonferroni FDR

Fusobacterium
Parvimonas, Bacteroides, E. coli, Bilophila

Yu et al, 
2015 

~70 samples, Chinese, 
Denmark validation set

Self collected samples
No adjustments

Wilcoxon, Random Forest
BH FDR < 0.05
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Parvimonas, Solobacterium

Zeller et al, 
2014

~140 samples, multiple 
EU

Wilcoxon, LASSO
Checked age, gender BMI

BH FDR < 0.1

Fusobacterium, Peptostreptococcus
Porphyromonas

Voigtmann 
et al, 2016

~100 samples,
1980s USA, 2000 
French validation

Wilcoxon, Logistic Reg
Age, gender BMI adjusted

Bonferroni FDR < 0.05

Fusobacterium
Porphyromonas, Atopobium, Clostridia

Small sample size



The coffee problem: a fundamental challenge 
in microbiome research

CRC Study Cohort information Methods Associated Microbes

Feng et al, 
2015

~150 samples, Austrian Stratified age, gender, BMI
Wilcoxon, Random Forest

Bonferroni FDR

Fusobacterium
Parvimonas, Bacteroides, E. coli, Bilophila

Yu et al, 
2015 

~70 samples, Chinese, 
Denmark validation set

Self collected samples
No adjustments

Wilcoxon, Random Forest
BH FDR < 0.05

Fusobacterium, Peptostreptococcus, 
Parvimonas, Solobacterium

Zeller et al, 
2014

~140 samples, multiple 
EU

Wilcoxon, LASSO
Stratified age, gender, BMI

BH FDR < 0.1

Fusobacterium, Peptostreptococcus
Porphyromonas

Voigtmann 
et al, 2016

~100 samples,
1980s USA, 2000 
French validation

Wilcoxon, Logistic Reg
Stratified age, gender, BMI

Bonferroni FDR < 0.05

Fusobacterium
Porphyromonas, Atopobium, Clostridia

Variable confounder adjustment



The coffee problem: a fundamental challenge 
in microbiome research

CRC Study Cohort information Methods Associated Microbes
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Methodological inconsistency



The coffee problem: a fundamental challenge 
in microbiome research

CRC Study Cohort information Methods Associated Microbes

Feng et al, 
2015

~150 samples, Austrian Stratified age, gender BMI
Wilcoxon, Random Forest

Bonferroni FDR

Fusobacterium
Parvimonas, Bacteroides, E. coli, Bilophila

Yu et al, 
2015 
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BH FDR < 0.05

Fusobacterium, Peptostreptococcus, 
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2014
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Checked age, gender BMI

BH FDR < 0.1

Fusobacterium, Peptostreptococcus
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Fusobacterium
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Variable results



The coffee problem: a fundamental challenge 
in microbiome research
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BH FDR < 0.1
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Porphyromonas
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Wilcoxon, Logistic Reg
Age, gender BMI adjusted

Bonferroni FDR < 0.05

Fusobacterium
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birth sex

birth sex

~1/3 of 
reported 
associated 
were both 
robust and 
significant

IS there an association between the genus Streptococcus and Type 1 diabetes?



Robust, gene-level, 
metagenomic architectures 
across 7 diseases yield 
high-resolution disease 
indicators Jason Tan

1.1 million 
taxon/pathway/ 
gene abundances

Streptococcus salivarius , CRC

VogtmannE_2016ThomasAM_2018a

YuJ_2015ThomasAM_2018b

FengQ_2015

HanniganGD_2017

ZellerG_2014 QinJ_2012KarlssonFH_2013

QinJ_2012_with_metformin_info

Prevotella, T2D
A) B)

Robust

Streptococcus salivarius , CRC

VogtmannE_2016ThomasAM_2018a

YuJ_2015ThomasAM_2018b

FengQ_2015

HanniganGD_2017

ZellerG_2014 QinJ_2012KarlssonFH_2013

QinJ_2012_with_metformin_info

Prevotella, T2D
A) B)

Non-robust

~70 million models fit

B.T. Tierney, Yingxuan Tan, Zhen Yang, A.D. Kostic, C.J. Patel. Robust, gene-level, metagenomic architectures 

across 7 diseases yield high-resolution disease indicators. (in press, Nature Communications)

Compute overall 
associations and 
run vibration of effects 
analysis 



Can we biologically 
characterize the genes 
associated with at least 2 
phenotypes?



ACVD

CRC



How can we peruse gigantic, next-generation DNA sequencing datasets 
to form testable hypotheses regarding host-microbe interaction?
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