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Presentation	Learning	Objectives

After	participating	in	this	presentation,	learners	
should	be	better	able	to:
• Understand	microbiome	in	disease	and	health
• Understand	potential	for	development	of	novel	
diagnostics	for	assessment	of	microbiome
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Our	goal	is	to	solve	the	diseases	of	aging	
by	changing	the	way	medicine	is	

practiced.

It’s not just a long life we’re striving 
for, but one which is worth living.



Medical	Care	
Models

Diagnostics	&	
Therapies

Machine	LearningComputation

MERGING	GENOTYPE	WITH	PHENOTYPE	DATA	TO	INTERPRET	OUR	GENETIC	CODE

Genetic Phenotype

Biological	Data

Insights	and	Outcomes



Microbes
The	“Unseen”	Majority

•Invisible	to	the	naked	eye
•Been	around	 for	over	3	billion	years
•Account	for	more	than	half	of	earth’s	
biomass
•Found	almost	everywhere

•Extreme	environments
•Important	players	in	various	biochemical	
processes	on	earth

http://membercentral.aaas.org/files/imagecache/node-
full/images/science_collection/phylogenetic_tree_nasa_0.jpg

Taxonomic	classification

•Kingdom
•Phylum
•Class
•Order
•Family
•Genus
•Species

http://archives.microbeworld.org/resources/gallery.aspx

Escherichia	coli Cyanobacteria Methanopyrus

Mucor	circinelloides Staphylococcus	 aureus



Human	Microbiome

“Reference”	human	(70kg)
Human	cells	~	30	x	1012
Bacterial	cells	~	39	x	1012

Sender	et	al.,	2016



Human	Microbiome:
Healthy	Cohort

Human	Microbiome	Project	Consortium, Nature	2012
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Tenericutes
Spirochaetes
Cyanobacteria
Verrucomicrobia
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Metabolic pathways
Central carbohydrate metabolism
Cofactor and vitamin biosynthesis
Oligosaccharide and polyol transport system
Purine metabolism
ATP synthesis
Phosphate and amino acid transport system
Aminoacyl tRNA
Pyrimidine metabolism
Ribosome
Aromatic amino acid metabolism
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Figure 2 | Carriage of microbial taxa varies while metabolic pathways
remain stable within a healthy population. a, b, Vertical bars represent
microbiome samples by body habitat in the seven locations with both shotgun
and 16S data; bars indicate relative abundances colored by microbial phyla
from binned OTUs (a) and metabolic modules (b). Legend indicates most
abundant phyla/pathways by average within one or more body habitats; RC,

retroauricular crease. A plurality of most communities’ memberships consists
of a single dominant phylum (and often genus; see Supplementary Fig. 2), but
this is universal neither to all body habitats nor to all individuals. Conversely,
most metabolic pathways are evenly distributed and prevalent across both
individuals and body habitats.
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Figure 3 | Abundant taxa in the human microbiome that have been
metagenomically and taxonomically well defined in the HMP population.
a–c, Prevalence (intensity, colour denoting phylum/class) and abundance when
present (size) of clades in the healthy microbiome. The most abundant
metagenomically-identified species (a), 16S-identified genera (b) and
PATRIC12 pathogens (metagenomic) (c) are shown. d, e, The population size

and sequencing depths of the HMP have well defined the microbiome at all
assayed body sites, as assessed by saturation of added community metabolic
configurations (rarefaction of minimum Bray–Curtis beta-diversity of
metagenomic enzyme class abundances to nearest neighbour, inter-quartile
range over 100 samples) (d) and phylogenetic configurations (minimum 16S
OTU weighted UniFrac distance to nearest neighbour) (e).
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Figure 2 | Carriage of microbial taxa varies while metabolic pathways
remain stable within a healthy population. a, b, Vertical bars represent
microbiome samples by body habitat in the seven locations with both shotgun
and 16S data; bars indicate relative abundances colored by microbial phyla
from binned OTUs (a) and metabolic modules (b). Legend indicates most
abundant phyla/pathways by average within one or more body habitats; RC,

retroauricular crease. A plurality of most communities’ memberships consists
of a single dominant phylum (and often genus; see Supplementary Fig. 2), but
this is universal neither to all body habitats nor to all individuals. Conversely,
most metabolic pathways are evenly distributed and prevalent across both
individuals and body habitats.
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metagenomically and taxonomically well defined in the HMP population.
a–c, Prevalence (intensity, colour denoting phylum/class) and abundance when
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metagenomically-identified species (a), 16S-identified genera (b) and
PATRIC12 pathogens (metagenomic) (c) are shown. d, e, The population size

and sequencing depths of the HMP have well defined the microbiome at all
assayed body sites, as assessed by saturation of added community metabolic
configurations (rarefaction of minimum Bray–Curtis beta-diversity of
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Figure 3 | Abundant taxa in the human microbiome that have been
metagenomically and taxonomically well defined in the HMP population.
a–c, Prevalence (intensity, colour denoting phylum/class) and abundance when
present (size) of clades in the healthy microbiome. The most abundant
metagenomically-identified species (a), 16S-identified genera (b) and
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and sequencing depths of the HMP have well defined the microbiome at all
assayed body sites, as assessed by saturation of added community metabolic
configurations (rarefaction of minimum Bray–Curtis beta-diversity of
metagenomic enzyme class abundances to nearest neighbour, inter-quartile
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Different	microbial	communities	associated	with	different	body	sites



Pathways	linking	the	Gut-Brain	Axis

Cell	Host	&	Microbe	17,	May	13,	2015

Gut	Microbiome-Host	interaction

Michielan	and	D’Inca,	 2015

Leaky	gut:	Intestinal	permeability



A	Few	Mechanisms	of	Probiosis

10

Hemarajata P,	Versalovic J.
Therap Adv Gastroenterol.	2013	Jan;6(1):39-51



Figure	from	Review:	MacFabe D,	Microbial	Ecology	in	Health	and	Disease,	2015

(6, 7). This has been documented in behavioral neuro-

biology, with such examples as cordyceps fungus produ-
cing climbing behavior in ants, and Borna and rabies

viruses eliciting salivary transmission and biting behavior

in mammals (123, 124). In light of this, the observation of

object fixation, restrictive eating of carbohydrates, diar-

rhea, and fecal smearing in patients with ASDs, which all
could theoretically promote organism growth and spread,

is intriguing. It is also worth noting that many of the

effects of lower doses of SCFAs on gut physiology and

immune function, at particular periods during the life-

cycle are indeed beneficial to host and ultimately
bacterial survival. Finally, it is important to note the

ability of SCFAs to elicit anxiety-like, perseverative,

repetitive, ritualistic, and antisocial behaviors that are

common to many other neuropsychiatric conditions, such

as obsessive compulsive, anxiety, attention deficit/hyper-
active, mood, and eating disorders, posttraumatic stress

disorder, irritable bowel syndrome, pediatric autoimmune

neuropsychiatric disorder associated with streptococcal

infections (PANDAS), and schizophrenia, where infec-

tious agents have been implicated as contributory (6, 7,
125!127). We have proposed that at least some of these

neuropsychiatric conditions may in part represent poten-

tially preventable or treatable metabolic disorders of

impaired SCFA metabolism. By analogy, one can recall

the tremendous strides which have been made in the

management of diabetes, another apparently untreatable
metabolic condition, which historically showed broad

comorbid effects on multiple body systems including the
CNS. Here, patients’ lives have been vastly improved
subsequent to a better understanding of energy (glucose)
metabolism, the exacerbating effect of infection, the role
of diet, and the subsequent scientific developments of
measurable metabolic biomarkers (glucometers), and
pharmacological agents such as insulin and glyburide
(7). With the collaborative efforts from experts from
diverse scientific disciplines, it is the author’s hope that
similar strides can be made in ASD. In conclusion, it
appears that enteric SCFAs play a major role in host
physiology and provide further evidence that GM can
modulate brain function and behavior in health and
disease conditions, including ASD.
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Influences	of	Microbiome	Composition
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Diet

Environment

AntibioticsProbiotics



Promise: Restoration	of	a	Disrupted	“Ecosystem”

Adapted	from	Lozupone,	et	al.	Nature	2012

A flourishing
gut ecosystem

Devastation
by antibiotics or disease

Left alone, weed-like
species run wild

Bypass the weeds?

Probiotics Prebiotics Bacteriotherapy

Restored ecosystem



Novel	diagnostics

Personalized	
therapies

Understanding	disease	
patterns

Understanding	
emerging	infectious	
diseases

PROMISE:	Metagenomics



Studying	microbial	communities	
using	sequencing	



Microbiome	and	Disease	Associations

Human oral, gut, and plaque microbiota in patients
with atherosclerosis
Omry Korena,1, Aymé Spora,1, Jenny Felinb,c,1, Frida Fåkb,c, Jesse Stombaughd, Valentina Tremarolib,c,
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aDepartment of Microbiology, Cornell University, Ithaca, NY 14853; bSahlgrenska Center for Cardiovascular and Metabolic Research, University of
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Periodontal disease has been associated with atherosclerosis, sug-
gesting that bacteria from the oral cavity may contribute to the
development of atherosclerosis and cardiovascular disease. Further-
more, the gutmicrobiotamayaffect obesity,which is associatedwith
atherosclerosis. UsingqPCR,we showthat bacterial DNAwaspresent
in the atherosclerotic plaque and that the amount of DNA correlated
with the amount of leukocytes in the atherosclerotic plaque. To
investigate themicrobial composition of atherosclerotic plaques and
test the hypothesis that the oral or gut microbiota may contribute to
atherosclerosis in humans, we used 454 pyrosequencing of 16S rRNA
genes to survey the bacterial diversity of atherosclerotic plaque, oral,
and gut samples of 15 patientswith atherosclerosis, and oral and gut
samples of healthy controls. We identified Chryseomonas in all ath-
erosclerotic plaque samples, andVeillonella and Streptococcus in the
majority. Interestingly, the combined abundances of Veillonella and
Streptococcus in atherosclerotic plaques correlated with their abun-
dance in the oral cavity. Moreover, several additional bacterial phy-
lotypes were common to the atherosclerotic plaque and oral or gut
samples within the same individual. Interestingly, several bacterial
taxa in the oral cavity and the gut correlatedwith plasma cholesterol
levels. Taken together, our findings suggest that bacteria from the
oral cavity, and perhaps even the gut, may correlate with disease
markers of atherosclerosis.

The human body is home to microbial ecosystems (microbiotas)
whose structure and function differ between different sites in

the body (1–6). These microorganisms outnumber the number of
eukaryotic cells in the human body by at least an order of magni-
tude (7). The gut microbiota is the best-studied human-associated
ecosystem and has a major impact on our physiology, immune
system, and metabolism. For instance, obese individuals generally
have a less diverse gut microbiota, and some studies have observed
reduced levels of the bacterial phyla Bacteroidetes (3), although
others have not (8, 9). Furthermore, germ-free mice have reduced
adiposity and are resistant to diet-induced obesity (10, 11). Thus the
gut microbiota can be considered an environmental factor that
affects obesity. However, the role of the human microbiome in
obesity-related metabolic diseases such as atherosclerosis remains
to be explored.
Atherosclerotic disease, with manifestations such as myocar-

dial infarction and stroke, is the major cause of severe disease
and death among subjects with obesity. The disease is charac-
terized by accumulation of cholesterol and recruitment of mac-
rophages to the arterial wall. It can thus be considered both
a metabolic and an inflammatory disease (12). Since the first half
of the 19th century, infections have been thought to cause or
promote atherosclerosis by augmenting proatherosclerotic
changes in vascular cells (13). These changes include increased
scavenger receptor expression and activity, enhanced uptake of
cholesterol and modified LDL, increased expression of adhesion
molecules and inflammatory cytokines, and other effects, such as
stimulating macrophages to express cytokines, leading to ath-
erosclerotic plaque vulnerability (13).

Epidemiological studies support an association between cardio-
vascular disease and infections, such as periodontal disease and
Chlamydia infections (14, 15). Dental disease has been associated
with elevated risk of myocardial infarction (14), and metabolic
activity of the gut microbiota was recently shown to relate to blood
pressure (16). Furthermore, in a study where bacterial DNA was
identified in atherosclerotic plaques, 51.5% of the patients tested
positive for Chlamydia in their atheromas (17). Several studies
suggest an oral source for atherosclerotic plaque-associated bac-
teria (18–21). However, to date, no single study has directly com-
pared the microbial diversity of oral, gut, and atherosclerotic
plaque microbiotas within individuals. This type of cross-site com-
parison is essential given the high level of variability observed in the
microbiota between different subjects (1–6).
Here, we characterized the atherosclerotic plaque, oral, and gut

microbiotas obtained from patients with atherosclerosis and
healthy controls by pyrosequencing their 16S rRNA genes. Our
study addressed the following questions: Is there a core athero-
sclerotic plaque microbiota? Are bacteria present in the plaque
also detectable in the oral cavities or guts of the same individuals?
Do the microbiotas of the oral cavity, gut, and atherosclerotic
plaque relate to disease markers such as plasma levels of apoli-
poproteins and cholesterol? Is an altered oral or fecal microbiota
associated with atherosclerosis? Our findings revealed a number
of phylotypes common to the atherosclerotic plaque and oral and
gut samples within individuals, and that the abundances of spe-
cific members of the oral and gut microbiota correlated with
disease biomarkers.

Results
Overall Comparison of the Human Oral, Gut, and Atherosclerotic
Plaque Microbiotas. We surveyed the atherosclerotic plaque, oral
cavity (swab from periodontium area), and gut (feces) bacterial
communities of 15 patients with clinical atherosclerosis and 15 age-
and sex-matched healthy controls (Table 1). The 5′ variable regions
(V1–V2) of the bacterial 16S ribosomal RNA (rRNA) gene were
PCR amplified using barcoded primers 27F and 338R (22). We
generated a dataset of 380,501 high-quality 16S rRNA sequences

This paper results from the Arthur M. Sackler Colloquium of the National Academy of
Sciences, "Microbes and Health," held November 2–3, 2009, at the Arnold and Mabel
Beckman Center of the National Academies of Sciences and Engineering in Irvine, CA.
The complete program and audio files of most presentations are available on the NAS
Web site at http://www.nasonline.org/SACKLER_Microbes_and_Health.
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Interactions Between the Microbiota
and the Immune System
Lora V. Hooper,1* Dan R. Littman,2 Andrew J. Macpherson3

The large numbers of microorganisms that inhabit mammalian body surfaces have a highly coevolved
relationship with the immune system. Although many of these microbes carry out functions that are
critical for host physiology, they nevertheless pose the threat of breach with ensuing pathologies.
The mammalian immune system plays an essential role in maintaining homeostasis with resident
microbial communities, thus ensuring that the mutualistic nature of the host-microbial relationship
is maintained. At the same time, resident bacteria profoundly shape mammalian immunity. Here, we
review advances in our understanding of the interactions between resident microbes and the immune
system and the implications of these findings for human health.

Complex communities of microorganisms,
termed the “microbiota,” inhabit the body
surfaces of virtually all vertebrates. In the

lower intestine, these organisms reach extraordi-
nary densities and have evolved to degrade a
variety of plant polysaccharides and other dietary
substances (1). This simultaneously enhances host
digestive efficiency and ensures a steady nutrient
supply for the microbes. Metabolic efficiency
was likely a potent selective force that shaped the
evolution of both sides of the host-microbiota
relationship. Millions of years of coevolution,
however, have forged pervasive interconnections
between the physiologies of microbial commu-
nities and their hosts that extend beyond metabolic
functions. These interconnections are particularly
apparent in the relationship between themicrobiota
and the immune system.

Despite the symbiotic nature of the intestinal
host-microbial relationship, the close association
of an abundant bacterial community with intesti-
nal tissues poses immense health challenges. The
dense communities of bacteria in the lower intes-
tine (≥1012/cm3 intestinal contents) are separated
from body tissues by the epithelial layer (10 mm)
over a large intestinal surface area (~200 m2 in
humans). Opportunistic invasion of host tissue by
resident bacteria has serious health consequences,
including inflammation and sepsis. The immune
system has thus evolved adaptations that work to-
gether to contain the microbiota and preserve the
symbiotic relationship between host andmicrobiota.
The evolution of the vertebrate immune system has
therefore been driven by the need to protect the

host from pathogens and to foster complex micro-
bial communities for their metabolic benefits (2).

In this Review, we survey the state of our
understanding of microbiota-immune system in-
teractions. We also highlight key experimental
challenges that must be confronted to advance
our understanding in this area and consider how
our knowledge of these interactions might be
harnessed to improve public health.

Tools for Analyzing the Microbiota–Immune
System Relationship
Much of our current understanding of microbiota–
immune system interactions has been acquired
from studies of germ-free animals. Such animals
are reared in sterile isolators to control their
exposure to microorganisms, including viruses,
bacteria, and eukaryotic parasites. Germ-free
animals can be studied in their microbiologically
sterile state or can serve as living test tubes for the
establishment of simplified microbial ecosystems
composed of a single microbial species or defined
species mixtures. The technology has thus come
to be known as “gnotobiotics,” a term derived from
Greek meaning “known life.” Gnotobiotic ani-
mals, particularly rodents, have become critical
experimental tools for determining which host
immune functions are genetically encoded and
which require interactions with microbes.

The current impetus for gnotobiotic exper-
imentation has been driven by several impor-
tant technical advances. First, because anymouse
strain can be derived to germ-free status (3), large
numbers of genetically targeted and wild-type
inbred isogenicmouse strains have become avail-
able in the germ-free state. The contribution of
different immune system constituents to host-
microbial mutualism can thus be determined by
comparing the effects of microbial colonization
in genetically altered and wild-type mice (4, 5).

Second, next-generation sequencing tech-
nologies have opened the black box of micro-
biota complexity. Although advances in ex vivo
culturability are still needed, the composition of

human and animal microbiotas can be opera-
tionally defined from polymorphisms of bacterial
genes, especially those encoding the 16S ribo-
somal RNA sequences. Such analyses havemade
possible the construction of defined microbiotas,
whose distinct effects on host immunity can now
be examined (6).Moreover, these advances allow
the study of experimental animals that are both
isobiotic and, in a defined inbred host, isogenic.
A dominant goal of these efforts is to benefit hu-
man health [see Blumberg and Powie (7)]. With
the developing technology, the species differ-
ences can be closed using mice with a defined
humanized microbiota (8). On the horizon, there
is even the prospect of humanized isobiotic mice
that also have a humanized immune system (9).

A third advance has been the development of
experimental systems that allow the uncoupling
of commensal effects on the immune system from
microbial colonization. This cannot be achieved
by antibiotic treatment alone because a small pro-
portion of the targeted microbes will persist.
Deletion strains of bacteria lacking the ability to
synthesize prokaryotic-specific amino acids have
been developed that can be grown in culture but do
not persist in vivo, so the animals become germ-
free again. This allows issues of mucosal immune
induction, memory, and functional protection to
be exploredwithout permanent colonization (10).

Finally, important insights about the impact of
resident microbial communities on mammalian
host biology have been acquired by using high-
throughput transcriptomic and metabolomic tools
to compare germ-free and colonized mice (11, 12).
These tools include DNAmicroarrays, which have
led to a detailed understanding of howmicrobiota
shape many aspects of host physiology, includ-
ing immunity (13, 14) and development (15), as
well as mass spectrometry and nuclear magnetic
resonance spectroscopy, which have provided im-
portant insights into how microbiota influence
metabolic signaling in mammalian hosts (12). The
application of these new approaches to the older
technology of gnotobiotics has revolutionized
the study of interactions between the microbiota
and the immune system.

Looking Inside-Out: Immune System
Control of the Microbiota
A major driving force in the evolution of the
mammalian immune system has been the need
to maintain homeostatic relationships with the
microbiota. This encompasses control of micro-
bial interactions with host tissues as well as the
composition of microbial consortia. Here, we dis-
cuss recent insights into how the immune system
exerts “inside-out” control over microbiota local-
ization and community composition (see Fig. 1).

Stratification and compartmentalization of the
microbiota. The intestinal immune system faces
unique challenges relative to other organs, as it
must continuously confront an enormous micro-
bial load. At the same time, it is necessary to avoid

1The Howard Hughes Medical Institute and Department of Im-
munology, The University of Texas Southwestern Medical Center
at Dallas, Dallas, TX 75390, USA. 2Howard Hughes Medical
Institute and Molecular Pathogenesis Program, The Kimmel
Center for Biology and Medicine of the Skirball Institute, New
York University School of Medicine, New York, NY 10016, USA.
3Maurice Müller Laboratories, University Clinic for Visceral Sur-
gery and Medicine, University of Bern, Bern, Switzerland.
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16S	ribosomal	RNA	gene

•~1500 bases long
•Found in all bacteria and archaea
•Gene contains both fast and slow evolving
regions
•Taxonomic marker (Woese and Fox, PNAS
1977)

•Some organisms contain multiple copies of
16S rRNA gene
•Current high throughput sequencing
technologies cannot sequence entire gene
and hence target the variable regions on the
gene
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Fig. 1. Secondary structure model for prokaryotic srRNAs.
The 5'-terminus is symbolized by a filled circle and the 3'-terminus by an arrowhead. Helices are numbered in the order of occurrence from 5'- to 3'-terminus.
Helices bearing a single number are common to the prokaryotic and eukaryotic (Fig. 2) models. A composite number preceded by P points to a prokaryote-specific
helix. Relatively conserved areas are drawn in bold lines, areas of sequence-and length variability in thin lines. Eight variable areas, numbered VI to V9, are
distinguished, V4 being absent in prokaryotic srRNAs. Helices drawn in broken lines are present in a small number of known structures only. Archaebacterial sequences
follow the prokaryotic pattern except for helix 35, which is unbranched as in eukaryotes.

Variable	regions	V1	through	V9

Neefs	et	al,
NAR	1990



E.	coli K12		substr.	MG1655

E.	coli O157:H7		str.	1044

Image	generated	by	EcoCyc
(Keseler et	al.	2013)

Cellular	Overview	of	Metabolism

These	strains	have	nearly	identical	16S	rRNA genes

Strains	from	the	same	species	can	have	different	
metabolic	capabilities:	E.	coli	as	example



The	Complexity	of	Metagenomics	
–
Great	Challenges,	Methodologically	&	
Computationally



Microbiome	Data	Processing	Workflow



SR
S0
16
43
8

SR
S0
64
97
3

SR
S0
55
53
3

SR
S0
21
15
3

SR
S1
40
64
5

Sa
m
pl
e_
FS

.C
IR
2.
00
1

SR
S0
63
48
9

SR
S0
20
62
2

SR
S0
21
21
9

SR
S0
45
73
9

SR
S0
50
02
6

SR
S1
00
02
1

SR
S0
74
67
0

SR
S0
74
96
4

SR
S0
53
57
3

SR
S0
78
66
5

SR
S0
53
64
9

SR
S1
45
49
7

SR
S0
58
07
0

SR
S0
75
34
1

SR
S0
13
09
8

SR
S0
77
75
3

SR
S1
01
43
3

SR
S0
75
07
8

SR
S0
45
52
8

SR
S0
78
24
2

Sa
m
pl
e_
TW

.C
IR
1.
00
3

Sa
m
pl
e_
TW

.C
IR
1.
00
5

Sa
m
pl
e_
TW

.C
IR
1.
00
6

SR
S0
49
40
2

SR
S1
40
51
3

Sa
m
pl
e_
FS

.C
IR
3.
00
3

SR
S1
40
49
2

SR
S0
56
27
3

SR
S1
01
37
6

Sa
m
pl
e_
FS

.C
IR
2.
00
6

Sa
m
pl
e_
FS

.C
IR
3.
00
7

SR
S0
63
51
8

Sa
m
pl
e_
FS

.C
IR
2.
00
2

Sa
m
pl
e_
FS

.C
IR
2.
00
4

SR
S0
53
35
6

Sa
m
pl
e_
TW

.C
IR
1.
00
1

Sa
m
pl
e_
TW

.C
IR
1.
00
4

SR
S0
43
66
7

SR
S0
49
89
6

SR
S0
12
96
9

SR
S0
78
41
9

Sa
m
pl
e_
FS

.C
IR
3.
00
5

Sa
m
pl
e_
FS

.C
IR
2.
00
9

Sa
m
pl
e_
FS

.C
IR
3.
00
2

SR
S0
54
35
2

SR
S0
12
84
9

SR
S0
77
84
9

SR
S0
13
63
9

SR
S0
24
66
3

Remaining
102106_Collinsella
577310_Parasutterella
195950_Tannerella
830_Butyrivibrio
189330_Dorea
904_Acidaminococcus
29465_Veillonella
33042_Coprococcus
397864_Barnesiella
292632_Subdoligranulum
572511_Blautia
40544_Sutterella
459786_Oscillibacter
1678_Bifidobacterium
283168_Odoribacter
577309_Paraprevotella
33024_Phascolarctobacterium
561_Escherichia
39948_Dialister
841_Roseburia
239934_Akkermansia
216851_Faecalibacterium
1263_Ruminococcus
1730_Eubacterium
1485_Clostridium
375288_Parabacteroides
−1_unknown
838_Prevotella
239759_Alistipes
816_Bacteroides

Top 30 genera

0.
0

0.
2

0.
4

0.
6

0.
8

Taxonomic	composition

lactose(+H+),

β.D.fructose.6.P,

β.D.galactose,(+H+),

β.D.galactose,

α.D.galactose,

α.D.galactose.1.P,

glucose.6.P,

lactose,

α.D.glucose.1.P,

β.D.fructose.6.biP,

melobiose,

glyceraldehyde.3.P,

glycerate.1,3.biP,,

DHAP,

phosphoenolpyruvate,

pyruvate,

glycerate.3.biP,,

glycerate.2.biP,,

fructose.1.P,

fructose,
mannose,
N.AcGln,

sn.glycerol.3.P,

sn.glycerol.3.P,

mannose.6.P,

UgpB%

MelA%

GlpABC%

LacY% GalP%

ManA%

FruAB%
ManXZ%

PtsI,%PtsH%

DHA,

FsaA%

lactate,

formate,oxaloacetate, acetyl.CoA,

acetyl.P,

acetate,

acetaldehyde,

ethanol, CO2,+,H+,

Pta%

AckA%

AdhE%

AdhE%

LdhA%

Ppc%

FdoGHI%PflB,YfiD,%%%%%%TdcE%

malate,

fumarate,

succinate,

Mdh%

FumB%

UlaD%

FrdABC%

menaquinol,

formate,

2e.,

quinol,

2e.,

acetate,

ascorbate,

L.xylulose.5.P,

TktA,TalB%

D.xylulose.5.P,

L.ribulose.5.P,

ascorbate.6.P,

3.keto.L.gulonate.6.P,

FruK%

UlaE%

UlaG%

UlaF%

UlaBC%+P,+P,+P,

lactate,

NO2
.,+,7H+,+,e.,fumarate,

menaquinone,

2e.,

2H+,

menaquinol,

H2
,

2e.,
HybACDO%

LacZ%

O2+4H++,4e.,

2H2O,
CydAB%ubiquinone,

4.aminobutyrate,

L.glutamate,

GadA,GadB%

4.aminobutyrate,

GadC%%%YagU%

CO2
,

H+,

phosphate,

phosphate,
PhoU%

ammonia,

ammonia,

AmtB%

PhoE%
PhoA%

P,monoester,

P,+,alcohol,

+fumarate,

L.aspartate,
AspA%

L.glutamine,

+L.Glu,GlnA%

ox.,cytochrome,c552,
*%NrfABCD%

NH4
+,,

PykF%

GalM%

GalK%

GalET%

Pgm%

Pgi%

PMA%

GapA%

Pgk%

YibO%

FbaA%

Eno%

H+,

NADP++,NADH,

NADPH,+,NAD+,
H+,

PntAB%

glycerol,
GldA%

+,CoA,

tartrate,

TtdAB%

PhoB%
Fnr/NarL%
Fis%
ArcA%
FruR%

C4.dicarboxylate,

C4.dicarboxylate,

DcuABC%

GltBD%

molybdate,molybdate,
ModA%

PstABCS%

(tartrate,,fumarate),

NanA%

DMSO+2H++2e.,

DMS,+,H2O,menaquinone,

DmsAB%*%

GadE%

+,oxo.,
glutarate,

N.AcNeu,N.AcMan,
menaquinone,

menaquinol,
+O2

,

2H++,O2
.,

YgiN%

+NADPH+H+,

NADP+,

MdaB%

lactose(+H+),

β.D.fructose.6.P,

β.D.galactose,(+H+),

β.D.galactose,

α.D.galactose,

α.D.galactose.1.P,

glucose.6.P,

lactose,

α.D.glucose.1.P,

β.D.fructose.6.biP,

melobiose,

glyceraldehyde.3.P,

glycerate.1,3.biP,,

DHAP,

phosphoenolpyruvate,

pyruvate,

glycerate.3.biP,,

glycerate.2.biP,,

fructose.1.P,

fructose,
mannose,
N.AcGln,

sn.glycerol.3.P,

sn.glycerol.3.P,

mannose.6.P,

UgpB%

MelA%

GlpABC%

LacY% GalP%

ManA%

FruAB%
ManXZ%

PtsI,%PtsH%

DHA,

FsaA%

lactate,

formate,oxaloacetate, acetyl.CoA,

acetyl.P,

acetate,

acetaldehyde,

ethanol, CO2,+,H+,

Pta%

AckA%

AdhE%

AdhE%

LdhA%

Ppc%

FdoGHI%PflB,YfiD,%%%%%%TdcE%

malate,

fumarate,

succinate,

Mdh%

FumB%

UlaD%

FrdABC%

menaquinol,

formate,

2e.,

quinol,

2e.,

acetate,

ascorbate,

L.xylulose.5.P,

TktA,TalB%

D.xylulose.5.P,

L.ribulose.5.P,

ascorbate.6.P,

3.keto.L.gulonate.6.P,

FruK%

UlaE%

UlaG%

UlaF%

UlaBC%+P,+P,+P,

lactate,

NO2
.,+,7H+,+,e.,fumarate,

menaquinone,

2e.,

2H+,

menaquinol,

H2
,

2e.,
HybACDO%

LacZ%

O2+4H++,4e.,

2H2O,
CydAB%ubiquinone,

4.aminobutyrate,

L.glutamate,

GadA,GadB%

4.aminobutyrate,

GadC%%%YagU%

CO2
,

H+,

phosphate,

phosphate,
PhoU%

ammonia,

ammonia,

AmtB%

PhoE%
PhoA%

P,monoester,

P,+,alcohol,

+fumarate,

L.aspartate,
AspA%

L.glutamine,

+L.Glu,GlnA%

ox.,cytochrome,c552,
*%NrfABCD%

NH4
+,,

PykF%

GalM%

GalK%

GalET%

Pgm%

Pgi%

PMA%

GapA%

Pgk%

YibO%

FbaA%

Eno%

H+,

NADP++,NADH,

NADPH,+,NAD+,
H+,

PntAB%

glycerol,
GldA%

+,CoA,

tartrate,

TtdAB%

PhoB%
Fnr/NarL%
Fis%
ArcA%
FruR%

C4.dicarboxylate,

C4.dicarboxylate,

DcuABC%

GltBD%

molybdate,molybdate,
ModA%

PstABCS%

(tartrate,,fumarate),

NanA%

DMSO+2H++2e.,

DMS,+,H2O,menaquinone,

DmsAB%*%

GadE%

+,oxo.,
glutarate,

N.AcNeu,N.AcMan,
menaquinone,

menaquinol,
+O2

,

2H++,O2
.,

YgiN%

+NADPH+H+,

NADP+,

MdaB%

lactose(+H+),

β.D.fructose.6.P,

β.D.galactose,(+H+),

β.D.galactose,

α.D.galactose,

α.D.galactose.1.P,

glucose.6.P,

lactose,

α.D.glucose.1.P,

β.D.fructose.6.biP,

melobiose,

glyceraldehyde.3.P,

glycerate.1,3.biP,,

DHAP,

phosphoenolpyruvate,

pyruvate,

glycerate.3.biP,,

glycerate.2.biP,,

fructose.1.P,

fructose,
mannose,
N.AcGln,

sn.glycerol.3.P,

sn.glycerol.3.P,

mannose.6.P,

UgpB%

MelA%

GlpABC%

LacY% GalP%

ManA%

FruAB%
ManXZ%

PtsI,%PtsH%

DHA,

FsaA%

lactate,

formate,oxaloacetate, acetyl.CoA,

acetyl.P,

acetate,

acetaldehyde,

ethanol, CO2,+,H+,

Pta%

AckA%

AdhE%

AdhE%

LdhA%

Ppc%

FdoGHI%PflB,YfiD,%%%%%%TdcE%

malate,

fumarate,

succinate,

Mdh%

FumB%

UlaD%

FrdABC%

menaquinol,

formate,

2e.,

quinol,

2e.,

acetate,

ascorbate,

L.xylulose.5.P,

TktA,TalB%

D.xylulose.5.P,

L.ribulose.5.P,

ascorbate.6.P,

3.keto.L.gulonate.6.P,

FruK%

UlaE%

UlaG%

UlaF%

UlaBC%+P,+P,+P,

lactate,

NO2
.,+,7H+,+,e.,fumarate,

menaquinone,

2e.,

2H+,

menaquinol,

H2
,

2e.,
HybACDO%

LacZ%

O2+4H++,4e.,

2H2O,
CydAB%ubiquinone,

4.aminobutyrate,

L.glutamate,

GadA,GadB%

4.aminobutyrate,

GadC%%%YagU%

CO2
,

H+,

phosphate,

phosphate,
PhoU%

ammonia,

ammonia,

AmtB%

PhoE%
PhoA%

P,monoester,

P,+,alcohol,

+fumarate,

L.aspartate,
AspA%

L.glutamine,

+L.Glu,GlnA%

ox.,cytochrome,c552,
*%NrfABCD%

NH4
+,,

PykF%

GalM%

GalK%

GalET%

Pgm%

Pgi%

PMA%

GapA%

Pgk%

YibO%

FbaA%

Eno%

H+,

NADP++,NADH,

NADPH,+,NAD+,
H+,

PntAB%

glycerol,
GldA%

+,CoA,

tartrate,

TtdAB%

PhoB%
Fnr/NarL%
Fis%
ArcA%
FruR%

C4.dicarboxylate,

C4.dicarboxylate,

DcuABC%

GltBD%

molybdate,molybdate,
ModA%

PstABCS%

(tartrate,,fumarate),

NanA%

DMSO+2H++2e.,

DMS,+,H2O,menaquinone,

DmsAB%*%

GadE%

+,oxo.,
glutarate,

N.AcNeu,N.AcMan,
menaquinone,

menaquinol,
+O2

,

2H++,O2
.,

YgiN%

+NADPH+H+,

NADP+,

MdaB%

Metagenome)

Taxonomic)binning)
)
Genome)reconstruc3on)
Annota3on)

Metabolic)reconstruc3on)

Sample)metadata)
Host)response)data)
Clinical)phenotype)data)

Assess)microbiome=host)interac3on,)and)
role)of)microbiome)in)health/disease)

Metabolic	pathway
reconstruction

Genome	assembly
of	novel	strains

12
8E

_n
or

m
al

14
0E

_n
or

m
al

15
2E

C
_n

or
m

al
18

2E
_n

or
m

al
18

9E
_n

or
m

al
19

7E
_n

or
m

al
25

3E
_n

or
m

al
26

4E
_n

or
m

al
10

9E
_r

ef
lu

x_
es

op
ha

gi
tis

13
0E

C
_r

ef
lu

x_
es

op
ha

gi
tis

13
4E

C
_r

ef
lu

x_
es

op
ha

gi
tis

15
7E

C
_r

ef
lu

x_
es

op
ha

gi
tis

30
6E

_r
ef

lu
x_

es
op

ha
gi

tis
30

7E
_r

ef
lu

x_
es

op
ha

gi
tis

30
8E

_r
ef

lu
x_

es
op

ha
gi

tis
31

0E
_r

ef
lu

x_
es

op
ha

gi
tis

31
2E

_r
ef

lu
x_

es
op

ha
gi

tis
11

1E
_b

ar
re

tts
_e

so
ph

ag
us

_s
ho

rt
17

3E
_b

ar
re

tts
_e

so
ph

ag
us

_s
ho

rt
18

1E
_b

ar
re

tts
_e

so
ph

ag
us

_s
ho

rt
18

7E
_b

ar
re

tts
_e

so
ph

ag
us

_s
ho

rt
23

6E
C

_b
ar

re
tts

_e
so

ph
ag

us
_s

ho
rt

24
5E

C
_b

ar
re

tts
_e

so
ph

ag
us

_s
ho

rt
27

4E
C

_b
ar

re
tts

_e
so

ph
ag

us
_s

ho
rt

29
3E

_b
ar

re
tts

_e
so

ph
ag

us
_s

ho
rt

30
2E

C
_b

ar
re

tts
_e

so
ph

ag
us

_s
ho

rt
30

5E
C

_b
ar

re
tts

_e
so

ph
ag

us
_s

ho
rt

10
2E

_b
ar

re
tts

_e
so

ph
ag

us
_l

on
g

10
3E

_b
ar

re
tts

_e
so

ph
ag

us
_l

on
g

12
5E

_b
ar

re
tts

_e
so

ph
ag

us
_l

on
g

15
0E

_b
ar

re
tts

_e
so

ph
ag

us
_l

on
g

16
1E

_b
ar

re
tts

_e
so

ph
ag

us
_l

on
g

20
8E

_b
ar

re
tts

_e
so

ph
ag

us
_l

on
g

20
9E

_b
ar

re
tts

_e
so

ph
ag

us
_l

on
g

27
9E

_b
ar

re
tts

_e
so

ph
ag

us
_l

on
g

30
1E

_b
ar

re
tts

_e
so

ph
ag

us
_l

on
g

30
3E

_b
ar

re
tts

_e
so

ph
ag

us
_l

on
g

28
9E

C
_b

ar
re

tts
_e

so
ph

ag
us

_l
on

g
10

1E
_e

so
ph

ag
ea

l_
ad

en
oc

ar
ci

no
m

a
14

3E
_e

so
ph

ag
ea

l_
ad

en
oc

ar
ci

no
m

a
25

6E
_e

so
ph

ag
ea

l_
ad

en
oc

ar
ci

no
m

a
31

4E
_e

so
ph

ag
ea

l_
ad

en
oc

ar
ci

no
m

a
40

3E
_e

so
ph

ag
ea

l_
ad

en
oc

ar
ci

no
m

a
40

5E
_e

so
ph

ag
ea

l_
ad

en
oc

ar
ci

no
m

a
40

6E
_e

so
ph

ag
ea

l_
ad

en
oc

ar
ci

no
m

a
40

7E
_e

so
ph

ag
ea

l_
ad

en
oc

ar
ci

no
m

a_
dc

40
8E

_e
so

ph
ag

ea
l_

ad
en

oc
ar

ci
no

m
a_

dc
40

9E
_e

so
ph

ag
ea

l_
ad

en
oc

ar
ci

no
m

a_
dc

41
0E

C
_e

so
ph

ag
ea

l_
ad

en
oc

ar
ci

no
m

a
41

1E
C

_e
so

ph
ag

ea
l_

ad
en

oc
ar

ci
no

m
a

Streptococcus pseudopneumoniae IS7493
Neisseria subflava NJ9703

Prevotella melaninogenica ATCC 25845
Prevotella histicola F0411

Prevotella melaninogenica D18
Haemophilus parainfluenzae ATCC 33392

Haemophilus parainfluenzae T3T1
Veillonella dispar ATCC 17748

Prevotella veroralis F0319
Streptococcus parasanguinis ATCC 903

Prevotella pallens ATCC 700821
Haemophilus haemolyticus M21127

Streptococcus oralis ATCC 35037
Streptococcus infantis ATCC 700779

Streptococcus parasanguinis ATCC 15912
Prevotella multiformis DSM 16608

Streptococcus sanguinis ATCC 49296
Streptococcus salivarius JIM8777

Streptococcus oralis SK255
Streptococcus oralis SK313

Streptococcus salivarius M18
Streptococcus oralis Uo5

Burkholderia mallei PRL-20
Streptococcus infantis X

Streptococcus salivarius SK126
Streptococcus infantis SK1302

Streptococcus parasanguinis F0405
Streptococcus salivarius JIM8780

Streptococcus parasanguinis SK236
Veillonella parvula ATCC 17745

Streptococcus salivarius 57.I
Veillonella parvula ACS-068-V-Sch12

Gemella sanguinis M325
Neisseria sicca ATCC 29256

Streptococcus infantis SK1076
Streptococcus thermophilus LMD-9

Prevotella oris C735
Streptococcus infantis SK970
Veillonella parvula DSM 2008

Haemophilus haemolyticus M21621
Streptococcus thermophilus CNRZ1066

Neisseria sicca DS1
Streptococcus pneumoniae Hungary19A-6
Porphyromonas endodontalis ATCC 35406

Campylobacter concisus 13826
Streptococcus pneumoniae SPN021198

Streptococcus pneumoniae GA41538
Neisseria sicca 4320

Aggregatibacter segnis ATCC 33393
Haemophilus parainfluenzae CCUG 13788

Recruitment from sample size of 10 million reads

Less than 100
[100,500)
[500,1000)
[1000,5000)
[5000,10000)
[10000,50000)
[50000,100000)
[100000,100000]
More than 1000000

Microbial	strain	abundance
Functional	 composition
Gene	content

Genes	of	interest
Antibiotic	resistance
Virulence	factor
Pathogenecity factor

Microbiome	Pipeline	Output



PMIDs
PMIDsMeta/

Pheno-
DATA

Phenotype
Database

Microbiome
Database

ReportsCurator	 +	Phenotype	
Ingestion	Tools
Read	and	Parse	Data

Manual	task
Automated	(near	term)

Services

Project	1

Health	Nucleus/Collaborators

Extensive Metadata Database

Allows	dynamic	cohort	building



PMIDs
PMIDs

PMIDs

Literature	
Selector
Machine	
Learning
Tools

Literature
Database

Microbiome
Database

ReportsCurator
Approves
Papers

Manual	task
Automated	(near	term)

Services

24M	papers
1M	per	year

Project	1

Microbiome Literature Curation

Curated	associations	between	bacteria	with	disease	and	Health,	as	well	as	annotations	of	
Probiotics	organisms	and	Enzymatic	functions.



Taxonomy Pathways Metabolites Host	genotype

Clinical	and	
Phenotype
Data

Data	analytics	to	mine	for	associations:	Machine	learning,	Feature	selection,	Multivariate	
statistics,	Ordination	and	Clustering

Identification	of:
Microbial	biomarkers	linked	to	health	and	disease

Host	genes	linked	to	microbiome	changes
Host-microbiome	interaction	networks

Novel	microbial	species

Microbiome Host

Integrated Microbiome-Host Analysis



Sample	Collection	and	Preparation	at	HLI



• Standardized Sample Collection 

• Standardization of Library Preparation

• Per Flow-cell Run Controls

• Post Sequencing QC assessment

• Minimal coverage per sample

Mechanisms	to	Ensure	Comparable	Data
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A robust ambient temperature 
collection and stabilization 
strategy: Enabling worldwide 
functional studies of the human 
microbiome
Ericka L. Anderson1, Weizhong Li1,2, Niels Klitgord1, Sarah K. Highlander2, Mark Dayrit1, 
Victor Seguritan1, Shibu Yooseph1,2, William Biggs1, J. Craig Venter1,2, Karen E. Nelson1,2 & 
Marcus B. Jones1

As reports on possible associations between microbes and the host increase in number, more 
meaningful interpretations of this information require an ability to compare data sets across studies. 
This is dependent upon standardization of workflows to ensure comparability both within and between 
studies. Here we propose the standard use of an alternate collection and stabilization method that 
would facilitate such comparisons. The DNA Genotek OMNIgene∙Gut Stool Microbiome Kit was 
compared to the currently accepted community standard of freezing to store human stool samples prior 
to whole genome sequencing (WGS) for microbiome studies. This stabilization and collection device 
allows for ambient temperature storage, automation, and ease of shipping/transfer of samples. The 
device permitted the same data reproducibility as with frozen samples, and yielded higher recovery of 
nucleic acids. Collection and stabilization of stool microbiome samples with the DNA Genotek collection 
device, combined with our extraction and WGS, provides a robust, reproducible workflow that enables 
standardized global collection, storage, and analysis of stool for microbiome studies.

Advances in DNA sequencing have enabled researchers to broadly assess microbial communities in a 
culture-independent, high-resolution manner. Metagenomic studies have been used to monitor shifts in human 
microbiome composition and function associated with diseases such as obesity1, diabetes2, and cancer3. Recent 
discoveries have suggested the utility of microbiome profiles as biomarkers with diagnostic and prognostic 
value4,5. It is evident, however, that the validity and reproducibility of data from these studies are highly depend-
ent upon the quality of the collected microbiome samples. For any analysis, an accurate microbiome snapshot 
must be captured when the sample is collected. Key to this is immediate stabilization of the sample. Although one 
study claimed no differences were detected after two weeks storage at room temperature6, many studies7–12 have 
demonstrated the importance of proper storage of these samples for accurate results.

Recently, we reported on how sequencing library preparation artifacts can influence microbiome data13, high-
lighting the need for consistent and standardized protocols to improve the interpretation of microbiome data. 
There have also been recent calls from the larger scientific community for a standardized global study to assess the 
diversity of the human microbiome and correlations with health and disease14. In order for such a study to be fea-
sible, thousands of microbiome samples would need to be collected, stabilized in remote locations, and shipped to 
the laboratory for processing. Ambient temperature storage and shipment of samples would greatly facilitate and 
standardize such a study by enabling easy collection outside of the clinic, avoiding inconsistent sample handling 
and storage, and reducing shipping costs.

A recent study15 used 16S rDNA sequencing to compare a new commercially available ambient temperature 
stabilization kit, OMNIgene∙GUT (DNA Genotek, Inc. Ottawa, CAN), to stabilization in RNAlater (Ambion, 
Austin, TX), in Tris-EDTA buffer, and storage by freezing using repeated sampling from a single subject. 
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Anderson	EL	et	al.	A	robust	ambient	temperature	collection	and	stabilization	strategy:	Enabling	worldwide	functional	studies	of	the	
human	microbiome.	Sci Rep.	2016	Aug	25

Stabilization	of	Samples	with	Reagent	Comparable	to	Freezing



Anderson	EL et	al.	A	robust	ambient	temperature	collection	and	stabilization	strategy:	Enabling	worldwide	functional	studies	
of	the	human	microbiome.	Sci Rep.	2016	Aug	25

Stabilization	Enables	Robust	and	Uniform	Sample	Collection

Treatments	Grouped	By	Samples



Library preparation methodology can influence
genomic and functional predictions in human
microbiome research
Marcus B. Jonesa,b,1, Sarah K. Highlanderb, Ericka L. Andersona, Weizhong Lia,b, Mark Dayrita, Niels Klitgorda,
Martin M. Fabania, Victor Seguritana, Jessica Greena, David T. Pridec,d, Shibu Yoosepha,b, William Biggsa,
Karen E. Nelsona,b, and J. Craig Ventera,b,1

aHuman Longevity, Inc., San Diego, CA 92121; bGenomic Medicine, J. Craig Venter Institute, La Jolla, CA 92037; cDepartment of Pathology, University of
California, San Diego, La Jolla, CA 92093; and dDepartment of Medicine, University of California, San Diego, La Jolla, CA 92093

Contributed by J. Craig Venter, September 29, 2015 (sent for review September 17, 2015; reviewed by Todd DeSantis and Alan Sachs)

Observations from human microbiome studies are often conflicting
or inconclusive. Many factors likely contribute to these issues includ-
ing small cohort sizes, sample collection, and handling and process-
ing differences. The field of microbiome research is moving from
16S rDNA gene sequencing to a more comprehensive genomic and
functional representation throughwhole-genome sequencing (WGS) of
complete communities. Here we performed quantitative and quali-
tative analyses comparing WGS metagenomic data from human stool
specimens using the Illumina Nextera XT and Illumina TruSeq DNA
PCR-free kits, and the KAPA Biosystems Hyper Prep PCR and PCR-free
systems. Significant differences in taxonomy are observed among the
four different next-generation sequencing library preparations using
a DNA mock community and a cell control of known concentration.
We also revealed biases in error profiles, duplication rates, and loss
of reads representing organisms that have a high %G+C content
that can significantly impact results. As with all methods, the
use of benchmarking controls has revealed critical differences
among methods that impact sequencing results and later would
impact study interpretation. We recommend that the commu-
nity adopt PCR-free–based approaches to reduce PCR bias that
affects calculations of abundance and to improve assemblies for
accurate taxonomic assignment. Furthermore, the inclusion of a
known-input cell spike-in control provides accurate quantitation
of organisms in clinical samples.

microbiome | genomics | sequencing

Next-generation sequencing (NGS) of microbial genomes and
metagenomes is now widely used in various applications in-

cluding forensic genetics, clinical diagnostics, pathogen outbreaks,
and infectious disease surveillance. Since the publication of the first
human microbiome study in 2006 (1), there has been an explosion
of human microbiome studies for both healthy and disease con-
ditions; the great majority of these studies now routinely use NGS
technologies. Several recent articles have raised alarm about a lack
of data robustness and reproducibility among published 16S rDNA
and whole-genome sequencing (WGS) metagenomic studies be-
tween sequencing runs and laboratory cores (2–5). Finucane et al.
(6), for example, compared several obesity microbiome publica-
tions and suggested that no simple taxonomic signature could be
found and that several groups did not agree about the microbiome
association with body mass index. A similar picture evolves in the
analysis of microbiome samples of nonalcoholic fatty liver disease,
for which conflicting microbial signatures exist (7). In addition,
experimental variation remains a significant hurdle in many pub-
lished studies. For example, researchers recently published evi-
dence of variation in 16S rDNA gene profiling from microbiome
specimens processed using several nucleic acid extraction proto-
cols (8, 9). Franzosa et al. (10, 11) further revealed the impact of
sample collection on the stability of the metagenome and meta-
transcriptome of stool specimens.

Improvements and development of novel chemistries and
sequencing technologies have provided the scientific com-
munity with tools to obtain high-resolution measurements
from microbiome samples, with advances in NGS technology
resulting in several library preparation products currently
available on the market. Rapid development of new library
chemistries and approaches provide novel low-cycle PCR and
PCR-free tools, as well as chemical and physical shearing
approaches, that can be used to analyze the microbiome.
However, these tools may introduce unanticipated artifacts in
the data. In the current study we focus on this major essential
upstream step of human microbiome analysis—library prep-
aration. We comprehensively assess NGS library preparation
platforms by comparing the three major platforms, Illumina
TruSeq DNA PCR-free (TSF), Illumina Nextera XT (XT),
and Kapa Hyper Prep (KF) [both Kapa Hyper Prep PCR (KP)
and PCR-free (KF)] in a controlled setting of identical sam-
ples, equipment, and handlers. In addition, we further assessed
the three major platforms using a set of longitudinal stool spec-
imens collected following amoxicillin treatment. Analysis of these
samples on the aforementioned platforms provides additional in-
sight into potential bias of primary specimens compared with a
synthetic mock community.

Significance

The field of microbiome research is moving from 16S rDNA gene
sequencing to metagenomic sequencing of complete commu-
nities, which clearly gives a more comprehensive genomic and
functional representation of the organisms present. Here we
describe, quantify, and compare biases associated with four
currently available next-generation sequencing library prep-
aration methods using a synthetic DNA mock community and
an extraction spike-in control of microbial cells. Our study
highlights a critical need for consistency in protocols and
data analysis procedures, especially when attempting to in-
terpret human microbiome data for human health.
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the paper.
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Library	Preparation	Method	Impacts	Species	Composition	

Jones	MB	et	al,	Library	preparation	methodology	can	influence	genomic	and	functional	predictions	
in	human	microbiome	research.	Proc Natl Acad Sci U	S	A.	2015	Nov	10



Reproducibility	and	Robustness	
of	HLI	Process



Overview	of	HLI	MB	Samples

Project Sample	Type

Liver/Cirrhosis	Collaboration Stool
UTI	Collaboration Urine
Twin	Collaboration Stool
IBD	Collaboration Stool
Anti-biotic	Usage	Colaboration Stool
n	of	One	Studies Stool/Tongue
Internal	Studies Stool
Health-Nucleus Stool/Tongue

3000	Microbiome	Samples	Sequenced
Averaging	~5.5GB/sample	



Taxonomical	Abundance	Visualization
Principal	Component	Analysis

Cohort



Principal Component Analysis
HLI Stool Samples

Cohort



A	Healthy	Microbiome	is	Important	for	a	Healthy	HumanGut Dysbiosis 

Figure	courtesy	of	Dr.	Sarah	Highlander,	JCVI	



What	does	a	“Healthy”	Sample	look	like?

No	clear	criteria	or	definition.

Settled	on	single	samples	from	individuals	
not	known	to	have	any	disease	associated	
phenotypes.



*log mean abundance calculated using non-zero values only

HLI Healthy
Prevalence:	proportion	of	samples
where	the	species	 is	detected

Species	Occurrence	in	Healthy	Samples
Prevalence	vs	Abundance

>=0.98	prevalence

Healthy	Core:
46	Organisms	

found	 in	>	98%	of	
Healthy	Samples

136	Organisms	
Found	 in	>	80%	



PrevalenceLog Mean Abundance

Prevalence has more concordance than abundance between HLI healthy and HMP

Healthy cohorts: Comparison of HLI data with 
that from the Human Microbiome Project (HMP)

Healthy	Prevalence

HM
P	
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al
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Several	Probiotic	Species	Identified

40

Use	of	a	maximization	function	 on	the	most	prevalent	species	from	the	HMP	and	HLI	
Healthy	Cohorts	 identifies	49	species	found	 in	>	90%	of	both	sample	sets.

More	then	30%	(n=17)	of	these	species	have	strains	that	are	used	or	proposed	 to	be	
used	as	probiotics.

More	then	30%	(n=15)	of	these	species	are	very	poorly	characterized.



Figure	from	Rios-Covian	et	al.,	Frontiers	in	Microbiology,	2016

Reconstructed	Microbial	pathways	and	cross-feeding	mechanisms	in	Healthy	
Core	contribute	to	SCFA	formation	in	the	human	gut



Many	Putative	Pathogens	Found!

In	healthy	samples:

• 23	Putatively	pathogenic	species	found	at	10%	prevalence.

• 5	Putatively	pathogenic	species	found	at	80%	prevalence	.
• (including	Peptoclostridium difficile	and	Escherichia	coli	)

• None	were	free	of	all	putative	pathogenic	species.

• Know	virulence	factors	were	rare.



Maybe	the	difference	between	health	and	
disease	is	not	just	who	is	there,	but	rather	
what	they	can	do	and	who	is	not	there?



Looking	for	a	signal:	
IBD	(n=83)	vs	Healthy	(n=224)

Cohort



Common	Diversity	Metrics	are	Lower	in	IBD	Samples



46	Organisms	found	 in	>	98%	of	Samples
136	in	>	80%

No	single	organisms	found	 in	>	98%	of	Samples
Only	15	organisms	 found	 in	>	80%	of	Samples

IBD	Samples	are	Composed	of	a	Less	
Consistent	Set	of	Species



Overall	Loss	of	‘Common’	Organisms

Healthy	Prevalence

IB
D	
Pr
ev
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IBD	Pathogens	are	More	Likely	to	Have	Reconstructed	
Virulence	Factors

Species Name

Healthy 
Species 

Prevalence

Healthy VF + 
Species 

Prevalence
IBD Species 
Prevalance

IBD VF + 
Species

Prevalence

Escherichia coli 0.830 0.179 0.880 0.349

Enterococcus 
faecalis 0.477 0 0.325 0.012

Clostridium 
perfringens 0.062 0 0.144 0.036

In	total	34	of	83	IBD	samples	and	42	of	224	Healthy	samples	reconstruct	any	putative	
pathogens	with	any	virulence	factor.
This	is	significant	using	a	Chi-Squared	contingency	 test	(p-value	<=	0.004)



• Healthy	samples	seem	to	share	a	core	set	of	species.

• We	reconstruct	many	putative	pathogens	in	healthy	samples,	but	
few	with	any	detectable	virulence	factors.

• IBD	samples	have	a	smaller	and	less	well	defined	core	set	of	
species.

• Putative	pathogens	identified	in	IBD	Samples	are	more	likely	to	be	
reconstructed	with	a	virulence	factor	than	Healthy	Samples.

Summary	of	Findings
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Presentation	Clinical	Actions

After	participating	in	this	presentation,	clinicians	
should	be	better	able	to:
• Educate	patients	on	the	role	of	the	microbiome	in	
disease	and	health


