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Abstract
The human microbiota, commensal microbes that live in and on the human body
engender the Greek word commensal, “to eat at the same table.” The resident microbiota,
as they eat food and waste products, interact in countless beneficial and neutral ways with
humans. Even the historical focus on pathogenic strains has expanded to consider the
potentially pathogenic function of a distorted community or loss of important members.
This dissertation explores the field of human microbial ecology, host-microbe
interactions, and methods used to characterize and analyze microbial communities. In the
first data chapter I explore a microbial community in the distal human ileum whose
populations have inverted following small bowel transplantation (SBT). I transition from
this dramatic change in the ileum to a smaller magnitude of microbial population
disruption associated with inflammatory bowel disease in the colon. The next two
chapters focus on methods and the development of software tools that identify the
taxonomy of 16S rDNA sequences and automate many of the bioinformatics tasks
required to ecologically characterize a 16S rDNA survey of a microbial community.
Using these tools as proof-of-principle on both the small bowel transplant and
inflammatory bowel disease microbiota datasets (and other published datasets) inherently
links the distinct fields of human gut microbial ecology and software development. The
merging of bioinformatics and human microbiology enabled novel insights into these gut
microbial communities, expanded and standardized these methods for the community,
and broadened our understanding of the commensal microbiota’s role in human health.
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Preface
Genome Center, University of California Davis, July 2009
The course of this dissertation was a scientific, geographical and institutional
journey. I began graduate school at Johns Hopkins in July 2004 to take advantage of a
new program that allowed students to pursue doctoral research at The Institute for
Genomic Research (TIGR) in Rockville, Maryland. I was caught up in the DNA
sequencing revolution and the weirdness of microbial life and after two rotations there, I
joined Dr. Eisen’s lab at TIGR. I spent the following summer of 2005 continuing to be
immersed in all things microbial at the Microbial Diversity class at the Marine Biological
Laboratory in Woods Hole, MA. In the fall I moved to D.C, began a year as a teaching
assistant, learned to write Perl code and began to analyze the genome of Hfx.volcanii.
During the winter break, I had knee surgery on a torn ACL that resulted in an
infection with an antibiotic-resistant strain of S. aureus. I took a medical leave of absence
for four months until April 2006. As result of my clinical microbiology “encounter”, my
scientific interests changed from a fascination with microbial eukaryotes and haloarchaea
to more medically relevant microbial questions. In May 2006 I took my GBO exam and
presented a proposal to study the microbiota in patients that had received a small bowel
transplant in collaboration with Drs. Tom Fishbein and Michael Zasloff at the
Georgetown Transplant Institute (Chapt. 2). In parallel, Jonathan accepted a new
professorship at the University of California Davis. I chose to join him and the rest of the
lab in Davis, CA in July 2006, but remained a non-resident student at Hopkins.
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The last three years in Davis have opened many doors. I have worked closely with
a fantastic surrogate dissertation committee here, Dr. Chuck Bevins and Dr. Scott
Dawson. Their mentorship has encouraged and inspired me. I spent some time getting
DNA sequencing and attending seminars at the Department of Energy’s Joint Genome
Institute in Walnut Creek, CA and was exposed to new technologies and ideas. Two years
ago we began to collaborate with Dr. David Relman’s lab at Stanford University to study
the microbiota associated with human inflammatory bowel disease (Chapt.3). This has
been a very fruitful interaction that has expanded my perspective on human microbial
ecology and gut health. At Davis, I have been lucky to land on a floor full of medical
microbiologists and have enjoyed weekly host-microbe data and journal clubs and
insightful discussions. Within the Genome Center, I have been fortunate to work with Dr.
Bertram Ludaescher’s computer science group to develop a Kepler workflow (Chapt.5)
and with Dr. Oliver Fiehn’s group on metabolomic profiling experiments (Chapt.2).
My journey to Davis also brought me to Martin Scholz. Over the last few years,
Martin and I have gone from being foosball partners at the Genome Center to life
partners. He has supported me during this PhD process, helped me format this
dissertation, and encouraged me to pursue science policy even though it altered his own
career path. Grad school has required tremendous independence and strength that I
sometimes lacked, but my family’s support filled that void. For their encouragement and
faith in me and for teaching me to be true to myself, I am grateful beyond words to my
Mom and Dad, Rebecca and Peter, and my sisters, Kayleen and Micah.
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Chapter 1.

Introduction
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Foreword
During the course of my dissertation I have had one foot in the field of human microbial
ecology, which is reflected in Chapters 2 and 3, and one foot in the field of highthroughput 16S rRNA analysis methods development, discussed in Chapters 4 and 5.
These two fields are complimentary but distinct and reflect the intersection of my
interests with the wider interests of the Eisen lab. In the following introduction chapter I
will divide my thoughts into three parts: first, a discussion of human microbial ecology
followed by a discussion of the hundred million dollar NIH Roadmap Human
Microbiome Project, second, give an overview of high throughput methods for microbial
ecology, and finally, show how current challenges at the forefront of both of these fields
intersect. It is my hope that the subdivision of the introduction in this way clarifies the
relationship of these discreet fields to the reader and enables a more comprehensive,
unified understanding of the larger body of the dissertation.
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Section I: The “superorganism” concept -- the intimate interactions of
humans and microbes

You are heavily colonized
The internal and external surfaces of the human body contain hundreds of trillions
of microbes -- the human microbiome. Human epithelial surfaces – skin (1), mouth (2, 3),
nose (4), the entire length of the gastrointestinal tract (5, 6) (Table 1-1), vagina (7), and
ears – are colonized with a wide variety of bacteria mainly representing four phyla (8). In
gut and mouth tissues, two other domains of microbial life, Archaea and Eukaryotic fungi
and possibly protozoa, could play an as-yet-undetermined role (5, 9, 10). With this
teeming microbial consortium covering such intimate tissues, a human being can longer
be viewed as simply an individual produced from a diploid genome. Throughout the last
decade, paradigm-shifting studies have shown the how microbial metabolism can truly
alter human health and disease. We must now recognize that a human being is a
“superorganism” colonized with a huge variety of microbial life that can positively and
negatively alter the course of health and well-being.

3

Table 1-1: "Glossary" of Bacteria
Dominant groups of bacteria at each taxonomic level found in the human gut with focus on the distal gut. In Chapter 1, all groups are mentioned and briefly
discussed at varying taxonomic levels. In Chapter 2, qPCR assays were designed to target the order level. In Chapter 3, most taxonomic groupings are at the
family level (except individual OTUs). A few rare phyla such as Fusobacteria, Verrucomicrobia, and Cyanobacteria are excluded here because of their small
and poorly understand populations in the gut. The taxonomy information is taken from the 2004 Bergey’s Manual of Systematic Bacteriology (REF!). Use of the
word “species” is debated within the field, but used here for convenience and reference. Ch., Chapter; Gram, Gram stain: Note that the gram stain is a
morphological rather than phylogenetic characteristic because it is polyphyletic, meaning that this trait is associated with more than one unrelated taxonomic,
lineage.

4

Containing more than 1013 cells, the human distal gut, the small intestine and
colon, is the largest source of microbial biomass; the often-cited statistic estimates that
microbes outnumber human cells by more than an order of magnitude (11). This long,
anatomically-central tube is actually an anaerobic fermentative bioreactor full of
microbes breaking down plant products that the human host cannot digest, and
synthesizing essential vitamins that human host is genetically incapable of synthesizing.
While the general public commonly associates microbes or bacteria with potential
pathogens, the majority of microbes sharing human surfaces act as harmless commensals
or even helpful mutualists1 (11). Throughout the 19th and 20th century, scientists spent a
great deal of effort culturing pathogenic disease-causing bacteria, adhering to Koch’s
postulates2 (12), and determining causative agents of disease in the gut, skin and many
body tissues. However, as our understanding of microbial and cellular interactions
advances, and as technology and environmental microbiology advance in parallel (see
following section), we are coming to a newer, more complete picture of the human
microbiota that takes into account positive and neutral microbial roles rather than simply
bacteria as infectious diseases. This new framework allows us to go beyond the “one

1

Organisms that mutually benefit from the close association and presence of the other.
Koch's postulates as described in Brock Biology of Microorganisms:
1. The microorganism must be found in abundance in all organisms suffering from the disease, but should
not be found in healthy animals.
2. The microorganism must be isolated from a diseased organism and grown in pure culture.
3. The cultured microorganism should cause disease when introduced into a healthy organism.
4. The microorganism must be reisolated from the inoculated, diseased experimental host and identified as
being identical to the original specific causative agent.
2
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disease, one microbe” paradigm into a “many microbes, many outcomes” model of
human microbiology.
The central questions that will be successively addressed here, are “What
microbes are humans colonized with and what are they doing there?” followed by “What
happens when the native microbiota are disrupted?” and concluding with “What controls
the microbiota? Host? Environment? Both?” and a forward-looking “Do we yet know
how to regulate the microbiota and prevent microbiota disruptions?” By sequentially
addressing these questions, I hope to highlight active areas of gut microbial research, the
broader context of my work in Chapters 2 and 3, and the open questions the community
hopes to answer but does not yet fully understand.
Microbial colonization is good for you
The major bacterial phyla colonizing human surfaces are the Bacteroidetes,
Firmicutes, Actinobacteria, and Proteobacteria (Table 1-1). The distal gut is believed to
be the most densely colonized human tissue, and in particular the end of the tract, the
colon, (13) in which the primary function of the resident gut bacteria is thought to be
digestion of complex polysaccharides, mainly cellulose and cellulose-like structures that
are fermented by both primary and secondary fermenters into smaller molecules like
short chain fatty acids such as butyrate that can be absorbed by the gut epithelial cells
(14). For example, a metagenomic analysis of the human gut microbiome (9) suggested
that the microbiome possesses the ability to process cellulose, glycans, amino acids, and
xenobiotics and biosynthesize vitamins and isoprenoids, which endows the host with
6

functions not encoded in the human genome. While digestion of host food into simpler
compounds is still the primary “job” of the microbiota, other novel functions occur that
further benefit the host.
The non-digestive microbiota benefits can be broadly categorized into two main
areas: gut homeostasis and immune system education. Host-microbe communication in
the gut was advanced by a study comparing germ-free mice to conventionally raised
mice. The presence of the native microbiota colonization stimulated the mouse epithelia
to express genes for fat and simple carbohydrate absorption independent of diet. In other
words, the microbiota stimulated host digestive processes rather than the food alone
stimulating specific digestive processes (15). Indeed, earlier findings in a rat model of
liver metabolism suggested the role of the microbiota in promoting lipogenesis (16). The
microbiota also plays a key role in stimulating and regulating angiogenesis and cell
turnover in the colonocytes (15, 17, 18).
In terms of the immune system, the microbiome appears to play a non-pathogenic
“educational” role in stimulating the immune system (19) as seen by the protective effect
of bacterial endotoxin (lipopolysaccharide [LPS]) in preventing childhood asthma and
other allergic diseases (19, 20). The microbiota also strengthens the integrity of the
mucosal barrier and up-regulates huge suites of innate immunity and mucus production
genes (14, 21) as detected by host microarray profiling after colonization of germ-free
animals with a native microbiota. In the distal gut it appears clear that the relationship
between human host and at least some commensal microbes has developed into
7

mutualism. When, then, does an individual receive this beneficial community and how
long does it take for the community to mature to into a symbiotic, stable ecosystem?
In the womb babies are sterile
At birth, humans are exposed to a microbial world. That is, the “superorganism”,
is not born “super”, but is colonized with microbes as soon as it exits the uterus. In fact,
the initial microbial event can sometimes be even earlier, as recent evidence suggests that
pre-term delivery could be precipitated by a bacterial infection (22) even before the
amniotic sac breaks. The birth canal has its own unique microbiota that is the first
inncoculm to a newborn. Coincidentally, some of the earliest colonizers of infant skin
and gut are resident vaginal flora such as Lactobacilli and Gammaproteobacteria spp.
(23) in natural child birth.
For several decades, pediatricians and clinical microbiologists have followed the
colonization of the newborn gut both with traditional culturing methods and, more
recently, with molecular techniques. While 99% of the adult gut microbiota is dominated
by two bacterial phyla Bacteroides and Firmicutes (5, 24), a full-term, breast-fed infant
has a very different gut microbiota from adults which is dominated by Bifidobacterium
species along with Lactobacillus species for the first few months of development until
solid food ingestion begins (45, 43) and a transition to a normal adult microbiota occurs.
However, the initial microbial colonization of the infant depends on the
newborn’s environment and can be significantly altered by early events such as Cesarean
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sections and formula feeding. The infant microbiota composition, while certainly
different from adults, can vary widely between infants. Studies have shown that delivery
type (e.g., Cesarean versus vaginal) (37), birth weight (38), breast feeding (39), and diet
(41) all influence which microbes colonize the sterile newborn gut, suggesting that the
early colonization window is environment-dependent rather than host-dependent.
The exception to the rule of “environment dependency” is the microbial
colonization of the premature infant gut colonization (40), in which it is thought that the
immature gut immune tissue in the premature infant is at a high risk for allowing or being
unable to prevent bacterial overgrowth which often results in a catastrophic condition
called necrotizing enterocolitis (25), in which a polymicrobial infection overgrows and
destroys large portions of the premature gut.
Long-term health is affected by these early microbial events. Allergies and risk
factors for GI disorders are shaped positively and negatively by these early microbial life
events (26, 27). These infant studies have shown that there is a tremendous amount of
ecological flexibility in the infant gut and that it is both environmentally and, in the case
of premature events, developmentally or immunologically influenced. But this microbial
plasticitiy is temporary because, after infancy – approximately 100-300 days after birth –
most infant’s gut microbiota converges upon a more adult-like composition (23). This
adult microbiota composition appears to be robust and resilient in most people, although
the limits of resiliency and compositional rebound have not yet been fully explored.
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Is the adult microbiota predictable and consistent?
In health and in adulthood, the microbiota is thought to be relatively stable in
composition, and unique to each anatomical site. For example, the skin microbiota
composition appears to be dependent on intra-skin site differences such as moisture,
temperature and anatomy (1). But, perhaps not surprisingly, no single skin site looks
anything at all like a gut site. And, along the gastrointestinal tract, there is a gradient of
immune tissue type, acidity, and rate of transit that controls the microbiota composition.
In the stomach, Proteobacteria dominate (6), but in the distal gut, Firmicutes and
Bacteroides, which are barely detectable in the upper GI tract, become dominant (5). This
transition is probably environmentally and host-mediated (e.g., antimicrobial peptide
production (28, 29), but the exact mechanisms of which specific physiological and
immunological conditions control these compositional changes have not yet been
defined.
The microbiota composition, in the distal gut at least, is probably evolutionarily
ancient given the dominance of Bacteroides and Firmicutes amongst all mammals
studied so far (30). In other words, the distal human gut is more like the distal panda gut
than it is like the human stomach in terms of microbiota composition. While not yet
deeply studied, the co-evolution of the gut microbiota with the host immune system and
host physiology has probably been optimized for survival of some bacterial lineages over
others, but no evidence to this effect has yet been presented to my knowledge.
Although broad taxonomic groups are consistent, one aspect of uniqueness in
10

adulthood is the exact species that compose the microbiota at each colonized site. While
the higher taxonomic levels like phylum, class and often order, are consistent between
most individuals studied to date, the family, genus and species levels can be much more
variable between individuals (8). In molecular studies, species are often defined using a
proxy (because morphological and culturing constraints prevent true species definitions if
they even exist) called operational taxonomic units (OTUs) based on percent similarity of
a phylogenetic marker such as the 16S rRNA gene. These OTUs are more similar at all
sites along one person’s distal gut than they are between the two exact same anatomical
sites of two individuals. Put another way, it is as though the ecological niches of the
ecosystem get filled out in a somewhat stochastic way, and remain filled with individualspecific bacterial OTUs that are ecologically “good enough” but not taxonomically
specific or predictable because they are ecologically functional. Between individuals the
high taxonomic level similarities represent the similar overall ecological functions
available in the ecosystem, but the fine-scale differences represent the stochastic nature
of colonization, environment and life history.
Outside of “normal healthy adulthood”, the microbiota can and do change
composition at higher taxonomic levels -- sometimes dramatically (Chapter 2). So what
are some of the known environmental and host factors that create fine-scale or even
large-scale, differences between individuals?
Known microbiota shifts associated with host changes
What happens to the host if the microbiota changes? Is a microbial population
11

shift always associated with a negative host phenotype? Here I present two sets of
examples of microbial perturbations. In the first set the cause of microbial composition
change is understood and characterized and the host effects are known. In the second set,
the cause of microbial compositional change has been hypothesized but is still under
investigation and the host effects are correlative but undefined. I highlight how the
microbial change affects the host and show the limits of our understanding of hostmicrobe relationships, where the communication between the host and microbiota is
unclear or unresolved.
Microbiota changes: known causes & effects
1. Negative host effects
The most obvious and detrimental microbiota shift is one caused by a pathogen.
One of the best-characterized pathogen infections is Salmonella enterica. Infection with
S. enterica in humans causes acute gastroenteritis and diarrhea. Within 24 hours, in
mouse models, Salmonella can displace the native commensal microbiota by inducing
host inflammation, lower total bacterial counts (probably because of the effects of
diarrhea), invade the gut epithelia, and, if left untreated, invade host macrophages as well
(31). Global shifts in the proportions of the native microbiota occur and persist for up to
one month following infection clearance.
The new perspective on Salmonella enterica infection reveals that the
inflammation initiated by the pathogen is not inherently detrimental to Salmonella.
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Rather the host inflammation profoundly disrupts the native commensal microbiota, in
effect clearing out a wider ecological niche for Salmonella’s host invasion (32). The
inflammation that Salmonella causes, is actually beneficial for its invasion and removes
the protective microbiota that was in place and was previously a barrier to Salmonella
invasion. In fact, mouse models of Salmonella infection have long known that a pretreatment with an antibiotic is necessary to elicit a detectable Salmonella infection with
some strains. Similar observations of pathogen disruption of the native microbiota have
also been observed in Helicobacter pylori infections (33). Therefore, in the long term, the
stability and adherence of the microbiota protect the host and provide a barrier
mechanism to protect against pathogens.
2. Neutral host effects (at least in the short term)
The use of antibiotics clearly disrupts the native microbiota as a side effect to
treating a known or suspected infection. The specificity and spectrum of the antibiotic
prescribed of course causes different types of microbiota changes, but is generally
thought to have a broad impact on many types of commensal bacteria. A recent study
of the effects of ciprofloxacin on the gut microbiota indicated that the short-term
effects of this antibiotic include depleted bacterial diversity and depletion of total
bacterial quantities (34). Surprisingly, though, the bacterial effects of antibiotic usage
were not particularly long-term and most commensal lineages rebounded and returned
to near normalcy within a period of 2-4 weeks depending on the individual. Some
bacterial lineages were noticeably depleted in diversity following antibiotic treatment,
13

for example, the Bacteroides, but were often replaced by members of the same family
but not the exact members that were lost suggesting, again, some host flexibility in
the types of bacterial lineages that are selected for in the gut environment. It is worth
noting that although the individuals in this study did not experience any detrimental
side effects of ciprofloxacin usage, but the use of antibiotics can result in a net
negative effect by increasing the selective pressure for antibiotic resistance.
Furthermore, the spectrum of different antibiotic effects is not yet fully explored
An earlier study suggests that clindamycin could have long-term effects that did not
resolve after two years and depleted Bacteroides spp and increased the amount of
antibiotic resistance genes in fecal samples. However, even in this study, a negative
phenotypic effect of these Bacteroides depletions and community disruptions was not
reported (35).
3. Beneficial host effects
A very active area of research is the use of non-native bacterial strains, often
termed probiotics, with known beneficial host effects to replace, augment, or protect the
native microbiota (36). Microbiologists are particularly interested in two groups of
organisms, the Lactobacilli, a common fermentative organism in yogurt and cheese, and
Bifidobacteria, a common member of the infant microbiota. Interestingly, both types of
organisms are not major members (or in many humans not even detectable) of the native
adult microbiota (5), but are used to provide external benefits to the microbiota such as
anti-inflammatory properties or metabolite synthesis (37). The outstanding question in
14

probiotics is whether they can successfully be administered in a way that re-shapes the
microbiota or that is sustainable without high daily doses of the probiotic. Currently,
most probiotic studies do see large increases in the proportion of the probiotic of interest
while it is being administered, thus replacing some native members of the microbiota
(37). And the probiotic often seems to temporarily improve gut health and function,
although this effect appears to be very strain-dependent. But, the probiotic effect is often
not sustained and the microbiota often reverts to normal after discontinuation of the
probiotic organism (38), and should thus be considered a transient microbial composition
change due to increased numbers of that bacteria displacing or adding to existing
commensal populations.
Microbiota changes associated with disease: unknown cause-effect relationships
In the examples above, the microbiota is moldable. It can be changed by the
addition of external organisms or chemicals in a somewhat predictable manner with
reasonably understood effects on the host. But, in other human situations, in particular
human diseases such as inflammatory bowel disease (39-42), Type I and Type II diabetes
(43), obesity (44-47), bacterial vaginosis (48, 49), and periodontitis (2, 3), microbial
compositional changes have been found, but researchers have been unable to find a
definitive pathogen or disease etiology. In each of these diseases, the relationship of the
distorted native microbiota to the observed disease is still under active research, but most
evidence suggests that a combination of microbiota changes, host environment and
genetics each play a separate role in the development of the disease pathology. The sum
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outcome of these variables, currently, is too stochastic or poorly characterized to be
predictive. But, it is clear that even the most basic question, did the host disease distort
the microbiota or did the microbiota cause the host’s disease, remains unanswered.
In the case of IBD (Chapt. 3), clear risk factors such as smoking, diet, and
childhood immune inactivation (lack of exposure to rural conditions) play a unique role
in the likelihood of disease development. Beyond environment, diet also plays a role:
animal meats and high sugar seem to exacerbate or increase IBD risk (50). Genetics also
play a role with mutations in the IBD5, NOD2 (discussed further in Chapter 4), IL-23,
and ATG16L1 genes occurring in 40-50% of IBD cases (51). Life history plays a role, for
example, a sub-type of IBD, ulcerative colitis, has a strong negative association with
appendectomy, which is interesting in light of recent observations that the appendix could
be a reservoir for continuous bacterial re-colonization of the gut. (52) But none of these
factors is absolutely correlated with IBD development. They simply increase risk and
highlight the missing information in our understanding of host, microbe and health.
These types of diseases have been termed “polymicrobial” or “dysbiosis”
meaning that many potential microbial changes or population imbalances could be
responsible for or a symptom of the disease. I see a need for two key advances in
resolving these polymicrobial diseases. First, we need to tease apart the chicken-egg
relationship. Did the disease cause the microbiota shift or did the microbiota shift cause
the disease? Second, at a fundamental level, we need to understand exactly how much the
host controls the microbiota, how much the environment controls the microbiota, how
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much the microbiota controls the microbiota, and how much is just bad luck.
Control over the “superorganism”: host, microbe and environment
In the last five years, much progress has been made in understanding how different
aspects of microbial composition are controlled. Researchers have developed and tested
several hypotheses for host-microbiota composition control including the effect of host
physiology and environment, the host’s innate immune system, and host inflammatory
responses that each alters the microbiota in unique ways. I will cover these three discrete
mechanisms of microbiota composition with an example from each.
1. Host signature effects: Reciprocal microbiota transplants in germ-free animals
One successful approach to understand how large, dramatic compositional changes occur
and are maintained is the use of germ-free animals. Rearing animals completely free of
any microbe is a daunting and expensive technical challenge, but can answer questions,
which were previously just “thought experiments”. One of the most fascinating studies
was the combined use of germ-free mice and germ-free zebrafish in a reciprocal
microbiota transplant experiment (53). Both types of animals were raised germ-free and
subsequently innoculated with the native microbiota of the other organism --- germ-free
zebrafish innoculated with mice feces and vice versa. Although, the inoculum contained
similar microbial lineages, the proportions of these bacterial groups were significantly
different. After a period of several days, the proportions of bacteria shifted to become
“host-like” rather than “donor like”, although the exact bacterial lineages did not change.
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This experiment demonstrated that the host’s gut ecosystem is controlling the gut
microbiota composition and this is true from fish to mouse and mouse to fish. But the
open question after these experiments, was what specific host factors were altering the
microbial proportions. Were these host products of the immune system or was the gut
environment, e.g., oxygen, acidity, volume, rate of movement through the gut, controlling
the microbiota compositions?
2. Inflammation changes proportions of specific bacterial lineages
As described above in the discussion of Salmonella pathogenesis, the gut
epithelium’s response to infection is inflammation. But exciting experiments teasing out
the exact role of inflammation in changing the microbiota were not done until recently.
Lupp et al. used a mouse model of enteric infection with Citrobacter rodentium (a
member of the Gammaproteobacteria) and showed that, following infection, there were
increases of non-Citrobacter Gammaproteobacteria over a week later, but with a
particularly large bloom following infection (54). As a result of the infectious event, a
certain clade of bacteria, the Gammaproteobacteria in this case, were enriched assumedly
because of the inflammation. In order to control for the effect of microbial-mediated
inflammation and pathogenesis, they used an inflammatory chemical, dextran sodium
sulfate (DSS) to mimic the inflammation observed during the C. rodentium infection.
And, correspondingly, the Gammaproteobacteria shift occurred in the same way as in the
Citrobacter infection. These experiments provide a finer resolution and a nice follow-up
to the microbiota transplant experiments by showing that the gut environment can enrich
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single groups of organisms and alter proportions by a single physiological state,
inflammation. The question of whether this post-inflammatory bloom was caused by the
immune system or simply by the change in gut physiology/environment, though, was not
resolved by these experiments.
3. Host innate immune system molds the microbiota
Clearly the gut ecosystem can be altered and controlled by the habitat formed by
the hose. But what factors are important? Are acidity or volume of the gut lumen the
most important determinants? Are inflammation and state of tissue damage and oxidation
key players? The host’s innate immune system contains a large armament against
microbial and fungal invaders, but has traditionally been thought of as directed against
pathogens and defensive. Recently, new studies have shown that the innate immune
system also plays a role in monitoring and keeping the microbiota “in check” (55). These
studies have taken transgenic and genetic approaches, mainly through under- or overproduction of epithelium-secreted antimicrobial peptides (AMPs) and shown how these
small molecules control specific aspects of the microbiota composition. A key
experiment in Drosophila melanogaster AMP expression in Drosophila and mice
knocked out with RNAi the homeobox gene, Caudal, which resulted in down-regulation
of several constitutively expressed AMPs (56). The loss of AMP expression drastically
altered the major lineages within the Drosophila gut, and led to the overgrowth of a
pathogenic Gluconobacter spp. Re-expressing Caudal completely restored the native
microbiota compositions and removed Gluconobacter from the gut microbiota. This
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experiment set up a key example of how host genes and the immune system finely tune
the microbiota, without which, pathogenic ecosystems quickly arise and compromise host
health.
4. Environmental variables shape the microbiota
The three studies described above and the broader literature surrounding them
have shown how the host controls the microbiota either directly through AMPs or
indirectly through the sum total of the species-specific gut habitat. But there are not very
many examples, if any, which show how the environment directly controls the
microbiota. Chapter 2 contributes to this question and describes a study of small bowel
transplant patients that, as part of the post-operative process have an ileostomy – a portal
into the surgical site – created for monitoring purposes. Our findings in this study show
that the “environment” created by this ileostomy drastically invert the microbial
community and allow it to be dominated by facultative anaerobes rather than strict
anaerobes.
Because the ileostomy allows oxygen to diffuse into the distal ileum, strict
anaerobes cannot survive well and facultative anaerobes flourish. But after surgical
closure of the ileostomy, the strict anaerobes return to dominance and the facultative
anaerobes generally diminish. Our study adds a new perspective to the host-microbiota
composition question. It gives a clear example of how the ecological parameters of the
host gut can alter the microbiota completely independent of host genetics, immune
system, antibiotic usage, graft rejection, etc. This strong microbial signature indicates
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that, the microbiota can be dramatically changed and it has nothing to do with the host.
Where do we look next?
The “frontier” of human microbial ecology is to more precisely understand how
host and microbe communicate with each other. This will allow more subtle microbial
compositional shifts to be understood and characterized. New sequencing technologies
might not only cover the “$1000 genome” but also might include the “$500 microbiome”
as a future diagnostic or monitoring tool. If everyone knew their microbiota and even
knew how it changed through time in sickness and health, then potentially more targeted
approaches could be realized. Identifying and characterizing how, when and why the
microbial cells in and on the human body get there, will further deepen our understanding
of human health and disease.
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Section II: The human microbiome project: a collision of human
microbial ecology and bioinformatics.
The preceding section provided a perspective on challenging questions and
exciting developments within the field of human microbial ecology. The framing thesis
of this section was the composition of the microbiota is important, but our understanding
of how composition of the microbiota is controlled is still rudimentary. If we understand
how microbiota composition changes in health and disease, then we have a much deeper
insight into a variety of diseases and, ultimately, more tailored approaches to alleviating
or curing these diseases. But, in some ways, we’re a little bit ahead of ourselves in hoping
that we can target the microbiota to affect microbiota-related diseases or improved health
and preventative medicine. The baseline values of the “superorganism” -- the full
understanding of the microbiota in healthy adults living “normal” lives -- are still mostly
unknown.
The realization of this problem reached high levels of science policy and funding
in late 2004, when the National Institute of Health recognized the need to study the
human-associated microbiota at greater breadth and depth and thus founded the Human
Microbiome Project (http://www.hmpdacc.org/) (HMP) as a section of the newly formed
and well-funded NIH Roadmap. The express purpose of the HMP was and will be to
characterize the commensal microbiota in the gut, mouth, skin, and uro-genital tract
through a variety of microbial community methods mostly focused on 16S rRDNA
analysis (Who’s there?), whole genome shotgun sequencing (What are they capable of?),
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and metagenomic analysis (What is the metabolic repertoire in the microbiome?) i.e.,
shotgun sequencing of DNA from the entire microbial community. The questions the
HMP hopes to address and the research that will be done with the hundred million dollar
initiative are described below (57).
What is missing from our current knowledge of the microbiota?
1. More individuals from across the population
Probably the single-most important goal of the HMP is to get a broad, complete,
widespread baseline of the microbiota in as many individuals as possible until the
variation between individuals becomes predictable and all possible players are known.
The idea in sampling broadly and completely is to understand if there is a “core
microbiome” within each individual, that is are some groups of bacteria always found in
certain places and how high up on the taxonomic level is this inter-individual consistency
if it exists. Moreover, studying large numbers of individuals in different states of health
from different body sites will hopefully yield the required statistical power to finally
determine cause and effect. Numerically significant studies in conjunction with time
(described below) will provide evidence that goes beyond hypothesis generation to
hypothesis testing. In the same way that genetic markers were first discovered by small
investigations and then followed up by large-scale genotyping projects, host-microbiota
associations will require many more numbers before they can be clinically relevant and
influence translational medicine.
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This sampling has previously been limited by funding, particularly the cost of
sequencing, and historical bias that certain bacteria are always present and other are
always not, which is an idea supported by culture-based studies. But, the rapidly
decreasing cost of sequencing and the generation of new ideas with human microbial
ecology (described in the previous section) have broken down these two barriers. Now as
the HMP takes off we will know population-wide variability and, hopefully, in sufficient
numbers to have statistical assurance of what is likely to be found within the
“superorganism.”
2. Time series studies
Along the same lines as increased sample numbers, it will be important to add a
temporal component to future studies. The element of time is important both as a baseline
for understanding normal fluctuations in the microbiota and to, as the opportunity
becomes available, watch a transition occur from health to disease or vice versa. The
most challenging feature in understanding polymicrobial dysbioses is trying to discern
whether or not the disease caused the dysbiosis or if the dysbiosis caused the disease.
Time series studies will be critical in addressing this question. If the disease appears
before the microbiota shift, more attention can be focus on the host genetics and
environment. If the microbiota shifts before the disease, the concept of a polymicrobial
pathogenic community is more tractable and can be further elucidated.
3. Variation across ethnic and racial groups
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While the data are extremely limited on variation between ethnic and racial
groups, it is likely that there are some inherent microbial diversity differences amongst
individual of different diet, environmental and genetic backgrounds. One example is the
higher occurrence of bacterial vaginosis in African-American women, which is often
associated with lower Lactobacilli levels and higher Gardnerella levels (48). Another
study showed that three colonic biopsies were more similar to each other than five
Chinese samples, but the major phyla proportions were not significantly different (58).
The open question is what differences are robust and tractable between different groups
and whether these differences matter.
4. Standardized methods of data analysis
The generation of microbial data to address the three major gaps in human
microbiota studies will produce a huge amount of sequence data and patient data the likes
of which have only been glimpsed with projects like the Global Ocean Survey, a worldwide ocean sampling of the open-ocean microbiota by a single sequencing center (59-61).
There are a half-dozen sequencing centers involved in the HMP and dozens of individual
research labs and clinicians involved in sample collection and preparation. Currently,
research labs and sequencing centers have their own unique methodology for every part
of the 16S pipeline from bench to graph. But the results if produced from ad hoc
methodologies will be significantly less useful for the community.
Therefore, how this data is produced, analyzed, recorded, and distributed needs to
become a standardized process. In order for the interpretation of these data to be
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biologically meaningful and comparable, the data analysis steps must become standard
and agreed upon by the community. One commonly discussed idea within the microbial
ecology community and a tangible and key aspect of the HMP is to create software tools
and platforms that make the data analysis steps feasible on a large scale, repeatable by
future users and collaborators, standardized between different types of experiments and
sequencing centers, and technically low in overhead and user learning curves. The
following section discusses how these goals are evolving both within the HMP and in the
broader microbial ecology community.
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Section III: Analyzing large 16S rRNA datasets: a need for
standardization, automation and documentation.

Microbial ecology tools are useful for the HMP and everything else
The methods used to survey and study microbial communities in the gut, mouth or
any conceivable microbial environment are now mostly molecular and have been alluded
to in the previous sections but not fully explained. To understand why molecular methods
are used instead of culturing techniques requires a historical understanding of why
microbes cannot simply be cultured and grown up in the laboratory.
The “Great Plate Count Anomaly”
Understanding an entire microbial population is a challenging endeavor. In any
given ecosystem microbes are not uniformly cultivable. Current estimates suggest that
only 1-20% of microbes in microbial communities such as the ocean and soil can be
cultivated by traditional techniques (62). In the human gut, the proportion of uncultivable
microbes varies between studies, but is estimated to be between 20-50%, and the higher
number includes technically challenging culture techniques such as anaerobic incubations
and long growth periods (5, 63). Suffice it to say a vast majority of microbial life is
poorly characterized and catalogued.
When scientists first began to study this phenomenon, they called it the “great
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plate count anomaly” because of the huge discrepancy seen between DAPI (cell) counts
in a sample and the number of colonies formed on a plate (64). In the environments
Staley and Konopka observed they routinely found far more cells on DNA-stained filter
paper than they did growing in a variety of petri dishes. The lesson learned has great
implications for the field of microbiology: microbial cells that thrive in the environment
cannot necessarily grow in standard conditions if at all.
In the early 1990s, researchers began using a PCR-based 16S rDNA clone library
approach to survey novel environments and uncovered a large amount of previously
undetected microbial diversity (65-67). They chose the 16S rRNA gene because it has
variable and highly conserved regions, it is thought to be universally distributed among
all living organisms, and it is useful for inferring phylogenetic relationships (68, 69).
Since then, cultivation-independent technologies have brought a revolution to the field of
microbiology by allowing scientists to appreciate a wide and complex amount of
diversity in many different habitats and environments (70-72). These techniques have
been useful to discover novel microbial life in the environment and survey commensal
microbes (73). And now these methods continue to be useful as we ask increasingly
specific and complex questions using these techniques (38, 44).
Sources of bias in 16S microbial community studies
The steps used to survey communities are described in detail in Chapters 4 and 5. But,
briefly, for 16S rDNA surveys, DNA is extracted from the environment, amplified with
panbacterial primers, cloned, and sequenced (or directly sequenced without cloning in
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next generation sequencing.) Each of these steps can introduce bias to the microbial
community results: Sample storage, DNA extraction, PCR bias, cloning bias and
contamination. These experimental and laboratory steps of 16S analysis have received
regular attention in the literature and most researchers in the field are aware of these
possible biases and attempt to control for them and standardize their methodology.
Similarly, the HMP has made a considerable effort to address these issues by
implementing detailed SOP protocols “standard operating procedure” for each of these
steps. Concordantly, labs funded by HMP are encouraged to use these SOPs in designing
their own studies and awareness of these experimental biases increases and, ultimately,
will allow the comparison of different projects from different labs to be much more
uniform and more informative. But, what about the bioinformatics steps that must be
done once the sequencing data is produced?
Standardizing 16S rRNA bioinformatics
There is far less discussion of the need for standardizing the bioinformatics
process associated with microbial community analysis. The need for standardizing, and
where possible, automating central processes within the 16S bioinformatics procedure.
Through standardization and automation bias can be avoid or at least minimized. The
general procedure after 16S rDNA sequences have been obtained, which is discussed indepth in Chapters 4 and 5, is to align all sequences to each other, remove possible
chimeric sequences, cluster highly identical sequences to each other to identify “species”
or Operational Taxonomic Units (OTUs), assign taxonomy to these sequences and build a
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phylogenetic tree of the sequences and/or build a large table that reflects the proportions
of organisms in an OTU relative to each clone library (environmental sample) analyzed.
For each of these discrete steps, there are multiple methods that can be employed by each
user. And within those methods, there are many different internal software settings that
can be adjusted. For example, clustering of OTUs can reasonably be done at the 97-100%
identity level. But the choice of software program, clustering methodology within that
program (nearest neighbor versus average neighbor), and numerical program selected all
can alter the results of that analysis. And the details of these methods are frequently not
reported in the literature creating a source of confusion and a lack of reproducibility in
this field.
Chapters 4 and 5 describe methods of automation for use in 16S rRNA analysis.
Chapter 4 relates an automated, implicitly standardized method for assigning taxonomy
and for aligning sequences. Chapter 5 discusses the development of an automated
workflow built within the Kepler workflow system that attempts to perform all of the
essential bioinformatics tasks that are required in 16S analysis. Wrapped within this
workflow are the alignment and taxonomy software described in Chapter 4. The
arguments for standardization and automation are numerous and discussed at length in
these chapters. But the key issue, in my opinion, is that standardization and coincident
automation increase the clarity of what has been done to the data, the ability to reproduce
the data, and, crucially, the opportunity to compare one dataset to another.
To this end, the earliest approaches to providing uniform, easily accessible 16S
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analysis steps were web-based with user-driven uploads and results files emailed back to
the user. A web-based approach is probably the easiest format for most users to interface
wit, but a web-based tool set is also the most rigid in terms of design and flexibility. A
website also often has inherent limits for the size of the dataset analyzed because the
computational resources are shared across the community. Another potential
disadvantage is that, if a website goes down, access to the software is completely lost and
is outside the control of the user. Or, if the data results are emailed to the user, email size
limitations and convenience can greatly hamper the use of these web/email tools in
analyzing large datasets.
Therefore, locally installed software avoids these disadvantages described above.
Locally installed software is a balancing act between ease-of-use and technical
capabilities. In the methods Chapters in 4 and 5 we have developed programs that run on
the command line but can be visualized as a GUI (graphical user interface) and that allow
the biologist to interact directly with the tools in place. Locally installed programs such
as these also increase the size of the datasets that can be analyzed, which is an important
feature given the ever-increasing size of datasets relative to cheaper and cheaper
sequencing. It is our hope that the tools developed as part of this dissertation which were
used to analyze the human microbiota datasets presented in Chapter 2 and 3 will increase
the standardization and accessibility of 16S bioinformatics for both the field of human
microbial ecology including research under the scope of the HMP as well as the larger
field of environmental microbiology.
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Abstract
Small bowel transplants provide an exceptional opportunity for long-term study of the
microbial ecology of the human small bowel. The ileostomy created at time of transplant
for ongoing monitoring of the allograft provides frequent access to samples of ileal
effluent as well as mucosal biopsies. In this study, we used quantitative PCR to assay the
bacterial population of the small bowel lumen of 17 small bowel transplant patients over
time. Surprisingly, the post-transplant microbial community was dominated by
Lactobacilli and Enterobacteria, both typically facultative anaerobes. This represents an
ecological inversion of the normal community that is dominated instead by the strictly
anaerobic Bacteroides and Clostridia. We found this inverted community also in patients
with ileostomies who did not receive a transplant, suggesting that the ileostomy itself is
the primary ecological determinant shaping the microbiota. After surgical closure of the
ileostomy, the community reverted to the normal structure. We hypothesized that the
ileostomy allows oxygen into the otherwise anaerobic distal ileum, thus driving the
transition from one microbial community structure to another. Supporting this hypothesis,
metabolomic profiling of both communities demonstrated an enrichment for metabolites
associated with aerobic respiration in samples from patients with open ileostomies.
Viewed from an ecological perspective, the two communities constitute alternative stable
states of the human ileum. That the small bowel appears to function normally despite
these dramatic shifts suggests that its ecological resilience is greater than previously
realized.
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Background
Every human individual hosts an ecological experiment within. From the moment
of birth, many of our organs are colonized by communities of microorganisms, especially
our intestine. These microbes have diverse and sometimes profound effects on their
human hosts. For example, they educate the immune system, aid in the digestion of
foods, and provide a barrier to potentially invasive pathogenic counterparts (74). In a
healthy human, the microbes digest complex plant polysaccharides and interact with gut
epithelial cells in a neutral or even positive way. However, many factors can disturb the
normal microbe-human balance.
A small bowel transplant (SBT) is a life-saving procedure for patients without
sufficient bowel length to absorb enough nutrients to survive. Within the past decade,
both the frequency and survival rates (now above 70%) of SBT have increased due to
greater awareness of this procedure and improved immunosuppression therapies (75).
This patient population is at high risk for graft rejection, often followed by bacterial
sepsis. However, the role of the microbiota in these severely immune-suppressed
individuals is unknown.
Intestinal allograft rejection resembles Crohn’s disease clinically and
pathologically, and increased incidence of Crohn's disease has been found to be
associated with mutations in the NOD2 gene. The NOD2 protein plays a key role in
intestinal immune health, specifically in the sensing of microbial products and the
production of antimicrobial peptides by the Paneth cells of the intestine. The likelihood of
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allograft rejection and sepsis in SBT patients with mutant NOD2 genes is about 100 times
higher than in patients with the wild-type gene (76). Therefore, we undertook this study
(1) to characterize the microbiota colonizing this severely traumatized small bowel and
(2) to test for correlations between shifts in that microbiota and clinical factors such as
NOD2 genotype.
During SBT, the donor small bowel and its associated microbial community is
traumatically disconnected, exposed to the environment, and surgically placed in another
individual. In earlier SBTs, the donor's microbiota was removed by decontamination of
the transplanted organ. Consequently, the small bowel would be completely re-colonized
with microbes from the upper GI tract and environment. In this case, the SBT can be
viewed as the creation of a new ecosystem. In later SBT, decontamination was
discontinued because of the growing understanding of the beneficial role of the
microbiota, and the intestine was transplanted undisturbed from the donor to the
recipient. In this case, SBT not only creates a new organ, but also inoculates the recipient
with a putatively healthy microbiota.
At the end of the SBT surgery, an ileostomy (portal) through the abdominal wall
is surgically created to allow access into the transplant site. While its primary purpose is
surveillance of the transplanted tissue for possible graft rejection, it also creates a rare
opportunity to monitor the changes to the ileal microbial community through time during
a clinically critical period. In no other medical situation is an ileostomy accessed so
frequently or is such extensive clinical metadata available. This opportune combination is
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unparalleled.
Opportunities to sample the mid-GI tract have been rare; thus fecal samples have
often been used as a surrogate. However, observations of the microbial ecosystem within
the transplanted small intestine can provide insights of potential clinical and ecological
significance. The roles of founder effects, environmental perturbations, host factors, and
the resumption of bowel function, among others, can be observed. Correlations found can
inform the protocol for future SBTs and suggest new research directions for studies of
chronic gastrointestinal disorders, such as inflammatory bowel disease.
Many recent studies have begun to define the role of our human-associated
microbiota, but several areas of research are relatively under-developed (8, 9, 40, 43, 44,
46, 77, 78). For example, we know little about this “ecological experiment” from the
perspective of time (23), particularly time in our adult years (34) and time from the onset
of disease to the recovery of health. In this study, we used a molecular approach to survey
microbial diversity within the lumenal contents of the transplanted small bowel, from
several days following transplantation until graft rejection or establishment of normal
function. To the best of our knowledge, this is the first attempt to characterize the
microbial community in this newly created ecosystem.

Materials and Methods
SBTs and Sample Collection at GUMC. All patients aiding in this research were
enrolled through an on-going study at the Georgetown University Medical Center’s
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Transplant Institute. The study was approved by the Institutional Review Board
(IRB#2004-08) and informed consent was obtained for all patients. All SBT transplants
were performed by a single surgeon (T.F.) during 2005-2007 using a previously
described method (79). All intestinal allografts were from NOD2 wild type donors. The
17 individuals in this cohort were retrospectively selected based on two criteria: that they
were adults and that they each had at least 10 post-transplant sampling points. This
second criterion ensured that the subjects could be followed through an extended period
of time, but in so doing it also might have biased the cohort towards individuals with
better outcomes. The diverse clinical characteristics of the 17 subjects are presented in
Table 2-1; sample collection time points, key clinical events, and raw qPCR bacterial
data are included in Appendix 1. Of the 17 patients included, 13 survived more than two
years post transplant.
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Table 2-1: The small bowel transplant cohort.
The 17 subjects enrolled in this study had a wide variety of clinical recoveries, complications and
outcomes. Abbreviations (left-right): Tx, Transplant; SB, small bowel; *, re-transplant of SB (patient 11 2nd
SBT at day 128, patient 15, all time points are from 2nd SBT, patient 17 had a 2nd SBT beyond the time
points shown here), L, liver; S, spleen; K, kidney; St, stomach; P, pancreas; C, colon; SGS, short gut
syndrome; Rej, rejection; N, number of samples collected; PC, post-closure sample; Dec, decontamination
of allograft; Ileo, Ileostomy type; S, Santouli ileostomy, mixing from colon is possible; L, loop ileostomy,
mixing from colon not possible; E, end (terminal) ileostomy, no colon present. Nod2 mutations: WT, wild
type; 702, Arg-702-Trp, a point mutation; 908, Gly-908-Arg, a point mutation; 1007, Leu1007-frameshiftCys, a frameshift mutation that results in protein truncation (SI).

Endoscopic surveillance of the allograft tissue via the ileostomy enabled us to
collect a total of 251 samples of ileal effluent (contents of the lumen of the small
intestine) from a location 5-10 cm into the ileum. Samples from the 17 patients were not
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time matched because the monitoring schedule, and thus the opportunity for effluent
collection, was determined by the medical need to observe the allograft (transplanted
small intestine) for healing and potential rejection.
DNA Extraction. Effluent samples were transported on dry ice and stored at -80
°C until processed. A 400 μl sample of ileal effluent was combined with 400 μl of phenol
and 300 μl of water. 0.1 mm Glass beads (100g, Bio-Spec Products, Bartesville, U.S.)
were added and the sample blended in a Bead-Beater (Bio-Spec Products) for 3 minutes.
The resulting slurry was transferred to a 2 ml Phase Lock Gel Light tube (Eppendorf) and
spun for 10 min at 13,500 x g. The supernatant was transferred to a new Phase Lock Gel
Light tube, mixed with 700 μl of phenol-chloroform, briefly vortexed, and centrifuged for
10 min at 13,500 x g. The supernatant was precipitated in 2.5 vol of 100% ethanol and
0.1 vol of 3 M NaOAc. The precipitate was washed in 70% ethanol.
Sequencing of 16S rDNA. Ileal effluent samples were obtained approximately 70
days post-transplant from each of nine patients randomly selected from the cohort of 17.
DNA was extracted as described above. For each sample, separate PCR procedures were
performed at 48 °C, 49 °C, and 50 °C and the products pooled. Full length bacterial 16S
rDNA sequences were obtained using the universal reverse primer 1391R (5'GACGGGCRGTGWGTRCA-3') and the Bacteria domain-specific forward primer 27F
(5'-AGAGTTTGATCCTGGCTCAG-3'). Each 25 μl reaction mixture contained 2.5 μl of
10x Takara ExTaq buffer, 1.0 μl of 5M Betaine, 1.0 μl of 10 μM 27F primer, 1.0 μl of 10
μM 1391R primer, 17.5 μl of water, and 2 μl of a 1:50 dilution of extracted DNA in
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DNAse/RNAse-free water. Thermocycler conditions (BioRad Alpha Unit Block on Dyad
Disciple Peltier Thermal Cycler (Hercules, CA)) were 94 °C for 2 min followed by 30
repeats of the following steps: 94 °C for 30 sec, a temperature gradient of 48-50 °C for 30
sec, and 72 °C for 1 min. Size of the resulting PCR products was confirmed by agarose
gel electrophoresis and subsequently extracted from the gel using the Freeze ‘n Squeeze
DNA Gel Extraction Kit (Bio-Rad). The PCR product was then cloned using Invitrogen’s
TOPO PCR3 kit and sequenced at the Department of Energy’s Joint Genome Institute
(JGI). Using JGI’s 16S GeneLib pipeline, 2993 high quality, full-length assembled
sequences were selected; after alignment and chimera screens, 1892 sequences remained
and were deposited in GenBank under Accession numbers FJ975781-FJ976038 for the
OTU dataset and GQ154686-GQ156577 for all the 1892 sequences. Taxonomic analysis
was performed using the STAP package (80).
qPCR: primer choice and optimization: First, several SYBR green master
mixes were compared to test their amplification efficiency and reliability for these
samples. It was determined that Takara’s perfect real-time 2x SYBR Green master mix
(Fisher Scientific, USA) performed the best. The taxonomic groups quantified here were
selected both on the taxonomic group’s presence in the clone libraries and on previously
known biology. Bacteroidales and Clostridiales were chosen because they had previously
been shown to be the dominant organisms along the length of the GI tract (81).
Enterobacteriales was chosen because this group has been shown to bloom in response to
host inflammation (54). After sequencing results were examined (described below),
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Lactobacillales were also surveyed with qPCR. The panbacteria (total bacteria) qPCR
primer set was chosen because it was the broadest (amplified the most bacteria) primer
set available within our qPCR guidelines (below).
From extensive literature searches group-specific primers were then chosen (82,
83) and confirmed for specificity and validity of these primers using the RDP’s Probe
Match website (84). During these searches, all potential primers were chosen based on
their breadth, i.e., the percent of the desired clade covered by the primer set as well as the
primer specificity, i.e., whether the primers amplified non-target groups. The
Lactobacillales primers were designed specifically for this study based on the
Lactobacillales sequences in the clone library because none of the existing primers were
sufficiently broad. They were then verified using ProbeMatch. We also verified that the
top two most numerically dominant ileal Clostridiales members according to Ahmed et
al. (81), Clostridium clostridioforme and Eubacterium rectale were amplifiable with our
Clostridiales primers.
Other primer considerations were whether the predicted amplicon size was around
150-300 bp and, we also attempted to minimize the degeneracy required within the
oligomer. The primers that were ultimately chosen (S3) were the “best fit” of all these
criteria. An additional technical consideration to increase qPCR reaction efficiency,
primers were ordered with HPLC purification at a 50 nM scale from Invitrogen. Primer
pairs were then optimized for annealing temperature along an 8-degree temperature
gradient flanking the predicted optimal. Note that annealing temperatures (Table 2-2)
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were optimized using Takara’s ExTaq perfect real time 2x master mix (Fisher Scientific,
USA) and annealing temperatures might not be optimal for every other master mix.
qPCR: Bacterial standard curves: For each primer set, a reference organism
was chosen to create a 6-log-fold standard curve for direct quantification of all samples.
All gDNA preparations used for standard curves were purchased from the America Type
and Tissue Collection (ATCC). For total bacteria and Enterobacteriales assays,
Escherichia coli ATCC 700926D-5 gDNA was used. For Bacteroidales assays,
Bacteroides fragilis ATCC 25285 was used. For Clostridiales assays, Ruminococcus
productus ATCC 27340 was used. For Lactobacillales assays, Lactobacillus delbreuckii
ATCC 11842 was used. With the exception of R. productus, all standard curve organisms
have a genome sequence available, and, therefore, the number of rrn operons as well as
the size of the genome was known and used. In order to associate a C(t) value
(fluorescence threshold) with 16S rDNA copies, the reference organisms’ genome size
and 16S rDNA copy, and DNA concentration at the first serial dilution were used in the
following formula to calculated copies/μL Table 2-2:
(((((16S rDNA copies in the genome)/(Genome size))*(DNA concentration))/(molecular
weight of DNA))*(Avogadro’s number))/(ng/g conversion)
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Table 2-2: qPCR primers, their purported specificity and sensitivity, and the reference genome used to infer absolute quantity of the 16S rDNA gene.
The copy/μL column was the number actually entered in the MJ Opticon3 software, Version 3.1 (BioRad, Hercules, CA, USA). The formula used for calculation
is given above in SI Methods. Using RDP ProbeMatch, *Sub-group coverage of Lactobacillaceae is 78% and Enterococcaceae is 85%;^ Sub-group coverage of
Lachnospiraceae is 76%(F) and 65%(R).
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Finally, possible cross-reactivity (a primer set amplifying non-target organisms) of each
primer set against all standard curve organisms was done to confirm that, at least for
these organisms, that there was no unexpected cross-reactivity of these primers.
qPCR: Reaction and Thermocycler Conditions. Each reaction mixture
contained 10 μl of 2x Takara Perfect Real Time master mix, 7.2 μl of water, 0.8 μl of a 10
μM F/R primer mix, and 2 μl of a 1:50 dilution of extracted DNA in DNAse/RNAse-free
water. Cycling conditions were the same across all primer sets except for variation of the
annealing temperatures (Table 2-2): 95 °C for 20 sec; 40 repeats of the following steps:
95 °C for 4 sec, 30 sec annealing (Table 2-2). SYBR green fluorescence was detected
with a BioRad Chromo4 Real Time PCR Detector on a Dyad Disciple Peltier Thermal
Cycler (Hercules, CA). Melting curves were obtained from 55°C to 90 °C, with
fluorescence measurements taken at every 1 °C increase in temperature. Copies per μl
were determined in the MJ Opticon Monitor Analysis Software, Version 3.1 (Hercules,
CA). All reactions were carried out in triplicate.
Nod2 genotyping: We took advantage of previously published work, in which we
had Nod2 genotyped a large amount of patients in the SBT study at GUMC for other
research purposes according to previously described methods (76). An average
proportion of Nod2 wild type and mutant individuals (relative to all SBTs performed at
GUMC) was included in this study, 12 WT: 5 Mutant. The patient’s Nod2 status was then
used in the statistical tests described below.
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Statistical analysis: All statistical analysis and graphing were done in the R 8.0
statistical software package. To compare the qPCR and sequencing methods to each
other, the statistical package epi.ccc() was used. In order to robustly analyze the
transplant effluent dataset (Figure 2-2), the significant inter-patient differences in
sampling and time scale first had to be normalized. In order to do this, time bins were
created to cover sampling differences between all individuals for the first 125 days
(Figure 2-3 and Table 2-3). This period was frequently sampled as well as a clinically
critical period for graft healing and possible rejection or other complications. This timebinning method permitted a uniform comparison of these time series from one subject to
another.
Briefly, time bins were made that allowed each individual to have at least one
sample but no more than 3 in any given bin. The bins became increasingly large at later
time sections because the frequency of sampling decreased with time post-transplant.
Eight time bins were created that represent days 0-125 post-transplant. If there was more
than one sample in a given time bin, those bacterial quantities were averaged together
using geometric means. Time bin selection details are displayed in Table 2-3.
The time bin delineation created 2 matrices: an 8x17 matrix for total bacterial
quantities and an 8x68 (17 individuals for 4 bacterial assays for 8 time bins) on which all
further statistical tests were done. Note that because of the inter-dependence of the 4 subgroup bacterial assays on the total bacteria qPCR assay, these 2 matrices were considered
and analyzed independently. However, all following statistical tests were performed on
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both datasets.
To test for differences and similarities in these time series, first, principal
component analysis was done using the pricom() function in R. Next, hierarchical
clustering (using Euclidean, maximum, and minimum distance calculations) was done
using the hclust() function. K-means clustering was then done using the kmeans() and
clustplot() functions. Also, model-based clustering was done using the Mclust() function.
Then, a more sophisticated machine-learning approach was attempted, using selforganizing-map clustering in the VisualGene software (version 1.01.0024; Visipoint,
Kuopio, Finland), commonly used to group similarly expressed gene profiles. Finally,
population variability was determined according to Heath (85) and re-programmed from
matlab (code from the original publication) to R.
Metabolomics. Metabolomic analysis was performed on two samples from each
of the six patients for which both pre- and post-closure samples were available. For each
patient, the pre-closure sample was the last sample prior to surgical ileostomy closure and
the post-closure sample was the latest one available.
For each analysis, a 10 μl aliquot of effluent was suspended in 1 ml of a 5:2:2
solution of methanol:chloroform:water that had been de-gassed with N2 and chilled to -20
°C. The mixture was vortexed for 5 min and centrifuged at 16,000 xg for 5 min. The
supernatant was discarded and the pellet was concentrated to dryness overnight at room
temperature in a Centrivap cold trap vacuum concentrator (http://www.labconco.com).
The samples were then run on a Leco Pegasus IV time-of-flight mass spectrometer
46

according to previously described methods (86). The resulting metabolite profiles were
analyzed using the semi-automated workflow in the UC Davis Genome Center
metabolomics lab (87). Metabolite annotation was done using BinBase and the statistical
analyses were performed using Statistica, version 6 (StatSoft, Inc., Tulsa, OK).
Metabolomics network graphs. Using PubChem
(http://pubchem.ncbi.nlm.nih.gov/), a pair wise matrix of tanimoto chemical similarity
coefficients was calculated for molfile-encoded chemical structures. These structures
were associated with compound identifiers of 139 known metabolites. Next, a pair wise
matrix was calculated within Binbase between all detected metabolites (known and
unknown) based on spectral similarities. This matrix was clustered using the hierarchical
clustering algorithm in the TMEV software package (http://www.tm4.org/mev.html).
Both matrices were constrained to a high similarity threshold (650 for spectral and 0.7 for
chemical similarity) using R and Microsoft Excel. Metabolites that did not pass the
threshold were connected to the nearest possible neighbor in the resulting hierarchical
tree and were displayed with a dashed line. The spectral similarities between known
metabolites were removed from resulting chemical and spectral relationships. The
network was then formatted into Cytoscape's SIF format. Differential statistical results
(p-value < 0.1) and dataset properties (e.g., pre- and post-closure) were mapped onto
different visual properties: node color = t-test statistics, edge color = spectral/chemical
similarity, edge style = cutoff score. The final network was visualized using Cytoscape’s
organic layout (88).
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Results
Bacterial Diversity Post-Transplant. Ileal bacterial diversity was assessed by
sequencing the 16S rDNA in ileal effluent samples collected between 50 and 84 days
post-transplant from nine randomly-selected patients (Materials and Methods). Four
bacterial orders—Lactobacillales, Enterobacteriales, Bacteroidales, Clostridiales—
represented 99.8% of the 1892 full-length bacterial 16S rDNA sequences obtained
(Figure 2-1A-B). The remaining 0.2% were 4 sequences from Fusobacteria and 2 from
Actinobacteria.
Because only 4 orders of bacteria were found (with relatively low bacterial
diversity, e.g., average Shannon index 1.3 for these libraries compared to 3.1 observed in
ileal samples in Wang et al.(89)), we evaluated the use of qPCR in place of sequencing
for these studies (Materials and Methods). qPCR methodology is less expensive, is more
quantitative, and is more efficient in terms of time and operation. The relative proportions
of those four taxonomic groups determined by qPCR (Figure 2-1A) and by direct
sequencing of full-length 16S rRNA sequences (Figure 2-1B) were highly concordant, as
determined by Lin's concordance correlation coefficient (CCC) (Figure 2-1C-D) (90).
Therefore, qPCR was used for all subsequent analyses.
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Figure 2-1: High degree of concordance between qPCR and sequencing methods.
The relative populations of four bacterial orders present in ileal effluent from 9 SBT patients sampled
approximately 70 days post-transplant. A: qPCR data. B: full-length 16S rDNA sequence data. Bar labels:
patient number followed by the number of days post-transplant. The difference between the population
fractions determined by the two methods is plotted against their mean (C). (D) Correlation between the
qPCR and sequencing values determined by CCC. The dashed line illustrates the degree of concordance
relative to the solid line of perfect method concordance; the correlation coefficient between the qPCR and
sequencing methods had an R2 value of 0.91.

Facultative Anaerobes Dominate the Post-SBT Microbiota. The bacterial
populations present in the 229 post-transplant samples obtained prior to ileostomy closure
were characterized using qPCR. The relative proportions of the four bacterial orders
assayed were remarkably similar between individuals despite variability in the total
bacterial count (Figure 2-2).
Unexpectedly, the Lactobacilli and Enterobacteria were generally much more
abundant than the Bacteroides and Clostridia. This represents an inversion of the normal
microbial profile previously reported for the human ileum (81, 89, 91). In those studies,
the strictly anaerobic Clostridia and Bacteroides dominated the community while the
facultatively anaerobic Lactobacilli and Enterobacteria were but minor members.
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Although designation as a “facultative" or “strict" anaerobe cannot be assumed to apply
to all members of a high-level bacterial taxon, these four particular bacterial orders are
well characterized and are widely thought to fit these respiratory categorizations (12).
Eight of the 17 patients (1, 2, 3, 5, 8, 11, 13, 16, Figure 2-2) have higher levels of strict
anaerobes at very early time points; 75% of these (1, 3, 5, 8, 13, 16) received a
transplanted small bowel that had not been decontaminated and thus could have served as
an inoculum.
Marked fluctuations in the relative proportions of the four groups and total
bacteria occurred over the sampling period in every patient (Figure 2-2). These are
especially evident in the dominant groups, the Lactobacilli and Enterobacteria. Therefore,
a battery of clustering algorithms and multivariate statistical tests were used to search for
correlations between these fluctuations and specific clinical factors such as patient
outcome (normal bowel function or death), ileostomy type (which determines whether
mixing from the colon was possible or not), and NOD2 genotype. A normalized, timebinned dataset was prepared and used for these tests (Figure 2-3 and Table 2-3).
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Figure 2-2: Bacterial populations as measured by qPCR for each of the 17 SBT patients at all
available time points.
The bacterial group fractions (colored blocks) were calculated by summing the four individual groups and
representing that total as 100%. The different x-axis scales reflect each patient's individual timetable. Xaxis: red bar = graft rejection; green bar = post surgical closure of the ileostomy; dashed black line beneath
= day 0-125, the period used for time-binning (Figure 2-3). Multi-patient groupings: green box = ileostomy
closed; red box = NOD2 mutations (SI); black box = died during the study. Black arrow (patient 14) = a
second SBT at day 128.
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Table 2-3: Time-binning and graphs of samples in the day 0-125 time period.
Table of sample collection time points (in days) and their assignment to 8 time bins (each bin is a different color) within days 0-125. These time bins were used
for all statistical analyses. A black box around a sample indicates that it is not a perfect fit into that time bin, but that no other sample was available. Multiple
samples from one patient within a time bin were averaged together using geometric mean.

Figure 2-3: Graphical results of the time-binning (Table 2-3) performed on days 0-125 of the SBT
microbial data (Figure 2-2).
Layout of the 17 patients and green, black and red boxes that group patients together is identical to data
presented in Figure 2-2.
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Figure 2-4: Statistical analyses of the time-binned data reveal no association between clinical
variables and bacterial populations.
(A) Example of time-binning method from patient 1. All subsequent statistical analyses were performed on
time-binned data. (B) principal component analysis for the time-binned data of the 4 bacterial sub-groups
surveyed and shows no correlation with Nod2 genotype or any other clinical variable. Panel C shows the
mean time series population variability (PV) (a measure of bacterial population stability) of all five
bacterial assays. Black bars represent patients that died. Red bars represent Nod2 mutant patients. Green
bars indicate post-closure patients. No correlation between clinical variables and PV was observed.
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Attempts to cluster and statistically separate the SBT cohort failed: We asked
whether some individuals were more similar to each other than to the rest of the cohort or
whether or not any recorded clinical variable associated with any observed clustering
pattern. The founding hypothesis of this study was that a Nod2 mutant genotype should
affect the bacterial populations of these individuals. Beyond Nod2 genotypes, it seemed
intuitive that perhaps survival, graft decontamination and debridement, or pre-transplant
pathology could also affect these 17 individuals in a unique manner. These variables were
analyzed and visually inspected, as the clustering methods were applied.
Principal component analysis was performed to test whether the total variation in
the sample would cluster some individuals together and whether or not these clusters
reflected any known clinical variable (Figure 2-4B). Although, the first three principal
components captured 55% of the variation in these samples, no clear clustering pattern
was seen, suggesting that no individual or group of individuals was uniquely different
than any other. No difference between bacterial populations associated with Nod2 mutant
(red) and wild type patients (black) was observed. After no clear patterns were found
with PCA, other clustering methods were employed: hierarchical clustering, k-means
clustering, model-based clustering and self-organizing maps. These methods also yielded
no significant findings.
We also examined the possibility that microbial population stability (how much
and how frequently a population changes through time) could correlate with subject
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outcome. To quantify stability, population variability (Figure 2-4C), an ecological metric
of stability (deviation from the difference between the maximum and minimum
population levels) within a time series, was calculated. No correlation was detected with
patient survival, Nod2 genotype, ileostomy closure (a measure of good patient outcome),
or decontamination. The lack of statistical support for any clinical-microbial pattern other
than the ileostomy was surprising because the Nod2 mutant phenotype is particularly
devastating in terms of subject and graft survival (76).
Visually and descriptively the inter-individual temporal variability within SBT
patients seems higher than studies of other disruptive gut events such as following
antibiotic usage (34, 35) or in patients with Crohn’s disease (92). Still the bacterial
population stability in the transplanted small bowl is probably greater or more consistent
than that observed in human skin which seems to be a very transient microbial
community (1). The stability of the SBT bacterial populations seems most similar to
patterns observed in a time series study of infants which showed high within-subject
variability in the first 200 days of life (23) that eventually seemed to stabilize as their gut
ecosystems equilibrated.
Microbial Populations Revert to “Normal” After Ileostomy Closure. In 10 of
the 17 subjects, the ileostomy was later surgically closed, thus ending the exposure of the
transplanted tissue to the external environment. We were able to obtain only 12 postclosure ileal samples from six subjects due to the clinical difficulty of sampling postclosure (requiring a colonoscopy that traverses the entire colon from the rectum). In 10 of
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the 12 samples obtained, the microbial community contained a high proportion of strict
anaerobes and fewer facultative anaerobes (Figure 2-2, green bar; Figure 2-5E)—the
reverse of the distribution observed in the pre-closure samples. The community
composition of these post-closure samples is very similar to the microbial profiles
previously published for mucosal biopsies of the normal human ileum (81) (data regraphed in Figure 2-5F).

Figure 2-5: Summary of the relative bacterial populations found under various clinical conditions.
In each chart, the population of each of the four bacterial orders is shown as the geometric mean of its
percent of the total population. A: ileal effluent from transplant patients, ileostomy present. B: ileal effluent
from non-transplant patients, ileostomy present (S8). C: biopsy samples from transplant patients, ileostomy
present (Figure 2-6). D: ileal effluent from transplant patients during transplant rejection, ileostomy
present. E: ileal effluent from transplant patients, ileostomy closed. F: re-graphed selected data from Table
3 (16) from biopsies of the terminal ileum of six healthy subjects.
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Pre-Closure Populations Resemble Temporary Ileostomy Populations. We
noted that the high proportion of facultative anaerobes observed in the pre-closure SBT
samples might be due to the presence of the ileostomy rather than to the SBT itself. To
test this hypothesis, ileal effluent samples from five other subjects with temporary
ileostomies were analyzed using qPCR. The microbiota in these five non-transplant
ileostomy control samples was strikingly similar to the patterns observed in the preclosure SBT transplant samples (Figure 2-3A, 2B, 2D and Figure 2-6). Notably, the
population of Bacteroides and Clostridia was higher in two patients (Figure 2-6, patients
2 and 4). In these patients, the ileostomy had been created less than one week prior to
sampling, whereas in the other three the ileostomies had been present for at least several
months.
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Figure 2-6: Non-transplant ileostomy effluent is similar to transplant ileostomy effluent.
Microbial populations in effluent taken from five individuals (1-5) with an ileostomy but without a small
bowel transplant are similar to the ileostomy-open transplant samples shown in Figs. 2-3 and 2-5. A control
transplant sample was collected in a similar manner from SBT patient 9, 2.5 years after transplant (9y2.5).

All five ileostomy control samples were collected externally at the ileostomy port,
whereas the pre-closure SBT samples had been obtained endoscopically from a location
5-10 cm into the ileum. Therefore, as a further control, effluent was collected externally
from SBT patient 9 (with a permanent end ileostomy, i.e., no colon) at 2.5 years posttransplant. The same bacterial profile was observed in samples collected by both methods
(Figure 2-6). Furthermore, the data obtained for this patient demonstrated that this
characteristic bacterial population was maintained for at least 2.5 years in the presence of
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an ileostomy.
Mucosal vs. Planktonic Bacterial Groups. The microbiota adhering to the
mucosal epithelium where host and microbe are directly interacting could be significantly
different from the planktonic populations observed in the effluent samples. In order to
investigate this possibility, we analyzed the bacteria adhering to 39 unwashed biopsy
specimens collected from SBT patients during either graft health or rejection (Figure
2-7). The data obtained indicate that the bacterial species composition of the effluent
(Figure 2-5A + D) and the mucosa (Figure 2-5C) are quite similar. One bacterial order,
the Bacteroides, showed higher levels in biopsy specimens (Figure 2-5C and Figure
2-7D). This is consistent with previous observations that Bacteroides spp. preferentially
occupy an adherent rather than planktonic niche in the human gut (93) and that they are
more abundant in biopsy samples relative to fecal material (5). The exact ecological niche
of Bacteroides is unclear as a recent study of fecal samples observed more planktonic
Bacteroides than particulate-attached (94).
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Figure 2-7: Comparison of effluent and biopsy-associated populations.
The log10 of the ratio between biopsy samples (positive direction) and effluent samples (in the negative
direction) (i.e., log10(biopsy percentage/effluent percentage)) for all four sub-groups of bacteria measured
with qPCR. Biopsy and effluent samples taken during a period of graft rejection are colored in red, while
pathologically normal tissue is colored in black. The naming of samples is patient number first, followed by
“d” and then the day after transplant the sample was collected. For example, the first row is from patient 1
taken on day 131, and shows the biopsy sample contained more Lactobacilli and Bacteroides, while the
effluent sample contained more Enterobacteria and Clostridia. Note, the log scale on the x-axis means that
2 is 100x greater proportion of that bacterial group relative to the other sample type.
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Metabolomics of Pre- and Post-Closure Effluent Samples. The different microbiota
present in the pre- and post-closure effluent suggested that the metabolism of these two
microbial communities would also be distinctly different. To assess this, we employed
GC-TOF mass spectrometry-based metabolomic profiling (Materials and Methods), an
approach that has been used in other studies (77) to assess global metabolite differences.
The data are available at http://setupx.fiehnlab.ucdavis.edu/m1/main_public.jsp. Principal
component analysis and partial least squared regression clearly demonstrated that the preand post-closure samples were statistically separable and distinct (Figure 2-8). In partial
least squares (PLS) regression the clustering is based on the fit to a given variable, in this
case pre- or post- closure, the separation of these samples is significantly stronger. The
wide distribution of the post-closure samples in Figure 2-8B perhaps echoes the wider
difference in microbial profiles seen in these post-closure samples.
Significant differences between the pre- and post-closure samples (p<0.1) were found for
18.3% of the metabolites (63 out of 345) determined by ANOVA Figure 2-9. 21 of these
compounds were identifiable by their mass spectra (knowns), while 45 could not be
identified (unknowns), but can be loosely categorized by known peaks in the mass
spectra.
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Figure 2-8: Metabolomic statistical analyses.
Metabolomic profiling suggests that there are significant metabolite differences between the 6 pre- and 6
post-ileostomy-closure samples, suggesting that the metabolic repertoire of these two sets of samples is
unique. In principal component analysis (an unsupervised method) (A), pre- and post- samples separate in
the comparison of the 2nd and 3rd principal components, which account for 40% of the variation in the
sample. In supervised PLS clustering, the separation is more distinct, although the after-closure samples
show a large amount of variation (B). In both graphs, black squares are the last sample taken prior to
ileostomy closure and green triangles are the last time point available after ileostomy closure. The naming
of samples is the same as in S7: patient followed by “d” and the day of the sample relative to the transplant
surgery, i.e., 16d136 is patient 16 taken on day 136 after transplant.
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Figure 2-9: Box-and-whisker plots of the top 18 known metabolites associated with the pre- and postclosure sample separation.
These compounds were shown to be significantly different in an ANOVA analysis of metabolomic
samples. These samples are the most significant contributors to the separation of the 12 samples seen in the
PCA and PLS graph (Figure 2-8) and are also found in Fig. 2-10.
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A metabolic network diagram was constructed for these 21 known metabolites to
indicate their degree of enrichment in either pre- or post-closure samples (Figure 2-10).
Notably, several key metabolites of the tricarboxylic acid cycle (Krebs cycle) were
enriched in the pre-closure samples. These metabolites included pyruvate, alphaketoglutaric acid, and glutamic acid. Also enriched in these samples was lactic acid, a
classic signature molecule produced by Lactobacilli. Extensive literature searches were
performed to attempt to understand a possible role for the highly enriched compounds in
the pre-closure samples, such as levanbiose and glycerol-3-galactoside to no avail. Many
unknown compounds were enriched in the post-closure samples, and often these
compounds contained an amino group and large sugar moieties. The significance of these
unknown compounds in the post-closure samples is not understood.
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Figure 2-10: Metabolomic network diagram of the 344 detected metabolites of which 139 were
chemically identified.
62 metabolites (18.0%) showed significant enrichment in either pre- or post-closure samples. Metabolites
were mapped by structural and mass spectral similarity (see methods for details). Red: compounds enriched
in pre-closure samples. Blue: compounds enriched in post-closure samples. Node size is proportional to the
relative enrichment.

Discussion
Both 16S rDNA sequencing and qPCR were used to characterize the bacterial
populations associated with SBTs. Four bacterial orders—Lactobacillales,
Enterobacteriales, Bacteroidales, and Clostridiales—accounted for 99.8% of the bacteria
detected. Our qPCR survey of their relative populations revealed that two distinct
microbial communities are found after small bowel transplantation, one before the
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monitoring ileostomy has been surgically closed and the other after its closure. The
strictly anaerobic Clostridia and Bacteroides dominate the post-closure community. This
community is very similar to that previously reported for the human ileum and likely
represents the normal ileal microbial population (81, 89, 91, 95). Prior to surgical closure
of the ileostomy, the facultatively anaerobic Lactobacilli and Enterobacteria dominate—
essentially an inversion of the normal population.
Surprisingly, the presence or absence of an ileostomy appeared to be the dominant
variable determining this community shift, as the pre-closure pattern is also found when
an ileostomy is present independent of a SBT (Figure 2-6). No coincident changes in diet
or drug treatments occurred around ileostomy closure that could explain the dramatic
microbial shift. Although a broad-spectrum antibiotic targeting gram-negative bacteria
and strict anaerobes was used prophylactically immediately prior to ileostomy closure, it
would have been expected to decrease rather than increase the abundance of strict
anaerobes. This observed pre-closure pattern is also consistent with earlier studies that
employed ileostomy samples and culture-based techniques to characterize the intestinal
microbiota (96, 97).
Viewing this shift in community structure from an ecological perspective, we
hypothesize that the ileostomy is the primary ecological determinant of the unique preclosure SBT microbial community by virtue of its allowing oxygen into this normally
anaerobic environment. Thus, the microbial community could revert to normal after
ileostomy closure. The transition from the pre-closure to the post-closure state can be
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modeled as an ecosystem system shift between two alternative stable states (Figure 2-11)
(98). A growing number of biological communities have been found to be able to exist in
several possible stable configurations. A transition between states results when an
environmental perturbation significantly alters a community variable or shifts a system
parameter. Of particular interest to the field of conservation ecology is the question of
how readily a degraded ecosystem can return to the native stable state.

Figure 2-11: Model of alternative stable states of the small bowel ecosystem.
In this "ball-in-cup" diagram (Beisner et al.) the horizontal length represents all possible states of the
ecosystem, the vertical length represents increasing ecosystem instability. The two valleys represent two
alternative stable states of the small bowel microbiota: either dominated by strict anaerobes or by
facultative anaerobes. The pie charts illustrating the microbial commmunity compositions are from Fig. 2A,
D, and E.

For the specific case of the microbial community within the human ileum, we
hypothesize that the introduction of oxygen via an ileostomy constitutes a parameter
change that drives the transition from the normal community dominated by strict
anaerobes to the pre-closure state dominated by facultative anaerobes (Figure 2-11). The
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reverse transition appears to be readily achievable. Five of the six patients observed
following surgical ileostomy closure possessed a post-closure community that, like the
normal ileal community, was dominated by strict anaerobes. The one patient that did not
show this community transition differed from the other five by experiencing extended
periods with high levels of inflammation both before and after ileostomy closure.
Although oxygen levels in the GI tract have been very difficult to quantify, it is a
widely held that the distal GI tract is anaerobic. A few studies have documented
extremely low oxygen tension levels throughout the distal GI tract (99, 100). Thus, the
introduction of oxygen via the ileostomy represents a potentially significant alteration of
the local environment, and one that can be subsequently reversed by surgical closure. The
diffusion of oxygen inward from the ileostomy port could be sufficient to inhibit growth
of the strict anaerobes, thus allowing the facultative anaerobes to predominate. An
oxygen-dependent microbiota transition is well documented in studies from infants
showing the succession from early colonization with facultative anaerobes to late
colonization with strict anaerobes (23, 26).
Further support for this hypothesized role of oxygen is provided by metabolomic
profiling of the pre- and post-closure communities that demonstrated enrichment of
metabolites of the aerobic tricarboxylic acid cycle (Krebs cycle) in pre-closure samples
(Figure 2-10). Lactate was also enriched pre-closure which could be the result of higher
Lactobacilli levels and possibly the absence or depletion of lactate-consuming Clostridia
species (101). The majority of compounds that were significantly enriched in the post71

closure samples could not be identified.
Historically, ileostomy samples have been used to study what was thought to be
the normal composition of the human intestinal microbiota (96, 97). These studies, using
culture-based methods, reported microbial profiles very similar to those in the pre-closure
and ileostomy control samples in this study, i.e., high populations of Lactobacilli and
Enterobacteria, low populations of Clostridia and Bacteroides. Our results demonstrate
that the microbiota assayed via ileostomy samples represent instead an alternative stable
state, likely the result of the introduction of oxygen to a normally anaerobic environment.
This suggests that data obtained with other model systems that may allow the
introduction of oxygen, such as the fistulated cow (an anastomosis connecting the rumen
to the abdominal wall) may reflect alternative states rather than the normal microbiota.
Our results indicate that an ileostomy, while serving a variety of clinical purposes,
concomitantly alters the ileal microbial composition dramatically. The potential clinical
complications resulting from this are presently unknown. In the pre-closure SBT patients,
the transplanted small bowel was functional despite the presence of the altered microbial
community, suggesting that this inverted, Lactobacilli-dominated community is not
detrimental, at least in the short term.
However, the microbial population shift after the ileostomy is closed is also
drastic and potentially harmful. For example, patient 12 died 6 days after ileostomy
closure from Enterobacterial sepsis. Several other instances of quick, lethal, post-closure
sepsis have been observed at GUMC. These dramatic microbiota changes in immune72

compromised patients suggest that the decision to create an ileostomy should be weighed
against the potential complications from major microbial population changes or
overgrowths. The development of non-invasive alternatives, such as fecal monitoring of
calprotectin levels (102, 103) calls for re-evaluation of the use of an ileostomy for
monitoring these patients.

Conclusions
Our study of the microbiota associated with the transplanted human small bowel
revealed that the small bowel can function with either of two alternative microbial
populations. As part of the SBT surgical protocol, a temporary ileostomy is created to
allow endoscopic monitoring of the transplant tissue. Until the ileostomy is surgically
closed, the bacterial population present is dominated by facultative anaerobes, whereas
after closure, as well as in the normal ileum, strict anaerobes prevail. These two
population patterns can be viewed as alternative stable states of the human ileal
ecosystem. Evidence presented indicates that the factor causing the shift to the preclosure state is the introduction of oxygen via the ileostomy into the normally anaerobic
ileum. The small bowel transplant monitoring protocol generates samples of the ileal
community that provide the unique opportunity to observe not only the pre-closure state
but also the transition back to the normal community following ileostomy closure. The
alternative states described in this study suggest that the ecological possibilities within
the human gut are broader than previously realized.
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Abstract
The etiology of inflammatory bowel disease (IBD) is not well understood despite
intensive efforts. Two sub-types of IBD, Crohn’s disease (CD) and ulcerative colitis
(UC), have distinct clinical pathologies, disease progressions, and presentations. Both
diseases have been associated, to some degree, with genetics, environmental risk factors,
and a change in the composition of the distal gut microbiota. However, the specific
nature and cause of the microbial changes are unclear. In this study, 30 patients (10 each
CD, UC, healthy) from a population-based study were selected. Two biopsies per person
from two anatomical sites (inflamed and uninflamed in the disease groups) were used to
examine the commensal microbiota. After PCR amplification of the16S rRNA gene,
cloning, and Sanger sequencing, we performed high throughput automated alignment,
clustering, taxonomy assignment, and ecological analyses of ~14,000 full-length
sequences using WATERS (Chapter 5). Analysis of grouped sub-types suggests that CD
is distinct from UC and healthy samples. A decrease in the Firmicutes Lachnospiraceae
and an increase in the Gammaproteobacteria is associated with CD. Additionally,
ecological metrics suggest microbial diversity is related to disease and inflammatory
state. Analysis of individual sample indicated the majority of CD samples and a few UC
samples statistically separate from the healthy samples. There are 9 OTUs involved in
this separation, and these are similar to previously reported IBD microbiota changes. In
conclusion, CD is microbially distinct from healthy samples and many UC samples, and
consistent microbiota differences are emerging from independent studies.
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Background
Why IBD might be a bacterial disease
Human inflammatory bowel disease (IBD) has neither a known cause nor a
known cure, but includes a variety of severe, debilitating symptoms including ulceration,
intestinal bleeding, weight loss, bowel perforation, and diarrhea, which have made this
complex disease a source of intense research and investigation (104-106). IBD has two
subtypes: Crohn’s disease (CD) and ulcerative colitis (UC), and the prevalence of both
subtypes continues to increase, particularly in industrialized nations (107, 108) and is
associated with high morbidity and economic impact given the young age of many IBD
patients. Both forms of IBD can be alleviated by fecal stream diversion and, in germ-free
mouse models, IBD is not observed (109). The division of IBD into CD and UC is largely
based on the unique inflammation patterns observed.
CD can affect the entire distal gastrointestinal tract from the ileum to the rectum,
but is often patchy and can leave healthy tissue in between stretches of inflamed tissue
(106). In fifty percent of CD patients, inflamed tissue bears a pathological hallmark, the
formation of granulomas, which are dense areas of immunologically active inflammation
often associated with infections, which suggests a possible bacterial role in this disease
(40). CD might be considered the more clinically severe form of IBD in terms of disease
management and relapse, complications that are surgically incurable, involvement of the
ileum that can drastically impede digestion, and formation of fistulas, all of which can be
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very debilitating (106).
UC, on the other hand, often shows continuous inflammation along the effected
gut tissue and regularly spares (i.e., does not affect) the rectum, a pattern termed “rectal
sparing”. UC is potentially more autoimmune in nature, smoking can be protective, and
several environmental associations with appendectomy and diet are observed (104, 110).
The treatment of these diseases with immune modulation/suppression therapy is similar,
but, at some point in the course of both forms of IBD, the patient often requires surgical
intervention to remove severely inflamed tissue. IBD is, therefore, never cured, but can
go into remission and be successfully managed over long periods.
At present, the general consensus is that both types of IBD are caused by a
combination of immune imbalance or mis-regulation, environmental causes, and (either
as a cause or effect) an imbalanced microbiota (dysbiosis) (40, 111, 112). In CD,
specifically, the role of the microbiota has been more carefully and successfully
investigated because of previously mentioned factors possibly because of the association
of CD with a mutation in NOD2, a bacterial sensor gene discussed in Chapter 2 (113).
Although NOD2 mutations are not associated with UC, intriguing trends have also been
observed in UC (40, 114).
The three most consistent findings across IBD microbiota studies so far are that 1.
E.coli (or more broadly Enterobacteria) are enriched in IBD samples (40, 78, 115-118).
2. Protective anti-inflammatory commensals (related to Faecalibacterium prausnitzii) of
the Firmicutes Lachnospiraceae family are depleted (39, 41, 112, 119) and 3.
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Compensatory increases in Bacteroides groups relative to changes in the
Lachnospiraceae (or more broadly Firmicutes phylum) are often seen (120-122).
Previous work has highlighted that the biggest challenge with microbiota studies
of CD and IBD in general, is the huge amount of inter-personal uniqueness of the gut
microbiota. Even amongst twins with shared genetic information and common
environmental history, it is clear that environmental components enable a unique gut
microbiota (41, 44, 120). We hypothesized that by taking into account as many variables
as possible in a population-based study, we might be able to resolve or, at least confirm,
previous inconsistencies in the literature and, possibly, provide finer clarification on the
role of certain variables in IBD. In this study we carefully controlled for the specific
presence of inflammation within biopsy samples, anatomical location, and disease
subtypes that might alter a microbial signature associated with CD.
The most comprehensive microbial ecology study of IBD to date by Frank et al.
(78) focused on samples from extreme IBD cases, i.e., individuals with unmanaged
disease requiring surgery. The impact of “extremeness” on a microbial signature should
not be ignored, and, should be replicated with a more normal patient representation.
Therefore, we undertook, this population-based study to attempt to find microbial
patterns associated with CD, UC, or inflammation.

Materials and Methods
Study Design
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Samples for this microbial survey were taken from an existing population-based
case-control study previously described (123). Briefly, cases were drawn from the
University of Manitoba Inflammatory Bowel Disease Research Registry, which has also
been described previously (124). The protocol was approved by the Human Research
Ethics Board of the University of Manitoba. A population-based set of controls was
selected from the Manitoba Health population registry. The Manitoba Health registry
contains demographic information on all persons registered with the Manitoba Health
public health insurance system. All cases and controls completed a questionnaire and
submitted to venipuncture. Controls were invited to participate in colonoscopy plus
biopsies and those agreeing were paid an honorarium. Approximately 10% of controls
who were enrolled in our study collecting questionnaire data and blood agreed to
participate in the colonoscopy plus biopsy study. Cases were asked to contact the study
personnel when they were to undergo their next colonoscopy for clinical reasons. All
cases who were to undergo colonoscopies agreed to tissue collection for study purposes.
From cases and controls, at colonoscopy we obtained 8 biopsies from the cecum and 8
biopsies from the rectum which were studied separately. In subjects with a previous cecal
resection, biopsies were obtained from the right colon distal to the ileocolonic
anastomosis. All biopsies were snap frozen in liquid nitrogen and stored at -70.

Ten individuals from each group, CD, UC and healthy volunteer controls, were
included in this study. From each of the 30 individuals, two available biopsies from
cecum and rectum were collected and analyzed. Within the two disease categories an
79

additional criterion was applied in selecting individuals for this study; one biopsy was
inflamed and the other had to be uninflamed, although the anatomical location of
inflammation was not controlled for. The initial determination of inflammation was based
on endoscopic inspection during the colonoscopy procedure, and was accurate for 52 of
the 60 biopsies. However, after inclusion of pathological scoring (D.G.), it was
determined that 2 individuals (1 Crohn’s, 1 UC) had clinically significant inflammation at
both cecal and rectal biopsies. Conversely, in two additional UC individuals, it was
determined that neither biopsy presented sufficient pathological evidence for
inflammation, and, therefore, these two biopsies, originally characterized as inflamed,
were re-labeled as uninflamed, thus yielding two UC patients without inflammation.
Clinical data
One advantage of working with the Manitoba IBD Cohort is the extensive clinical
data recorded for these individuals. For each of the diseased individuals in this study we
focused on clinical factors that were potentially relevant to the microbiota: activity index
of disease (AID), disease progression (at 1 year post-colonoscopy), immunosuppression,
disease localization (especially ileal involvement), and height/weight (BMI).
Additionally, all biopsies were scored by a specialized pathologist (D.G.) based on a 0-14
scale of quantity and type of inflammatory cells, percent of biopsy involved, and
granulomas.
Bacterial survey: generation of 16S rDNA clone libraries and sequences
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For all 60 biopsies, total genomic DNA was extracted and the bacterial 16S
rRNA-encoding gene, 16S rDNA, was PCR (polymerase chain reaction) amplified. The
technical procedures for DNA extraction, PCR, cloning and full-length sequencing were
performed exactly as described in Eckburg et al (5).
During these standard laboratory procedures it was noted that some biopsy
samples were difficult to PCR amplify, that is very little PCR product was made after 20
cycles of amplification, as determined by visualizing the PCR product on agarose gel.
After repeating the PCR several times, a faint band was eventually realized for each of
these “recalcitrant samples”. Importantly, these samples were all from IBD patients and
often were associated with inflammation. Nevertheless, the PCR product that was
eventually made was pooled together from triplicate PCR reactions, gel extracted and
sent to JCVI for sequencing. Correspondingly, it was noted after quality control analysis
of these libraries, that very few 16S sequences were produced from these libraries and
that they had a high sequencing failure rate even after several independent attempts at
cloning and sequencing. We believe this phenomenon was ultimately caused by a paucity
of bacteria on these biopsies.
Bioinformatic analysis of 16S rDNA sequences
All 60 libraries were first screened with the Greengenes alignment and chimera
screens (125). The primary purpose of this pre-screen was to determine which libraries
were large enough to include in the inter-library comparison analysis. By comparing an
early set of 10 libraries, it was determined that the minimum requirement for inclusion in
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the analysis would be 100 full-length 16S rDNA sequences or more. While this is still
somewhat arbitrary, this discreet cutoff excludes libraries that might otherwise be
characterized as “unique” simply because of their small size and, therefore, potentially
inaccurate representation of the bacterial lineages in that sample. After this pre-screening,
46 libraries passed this minimum cutoff and 14 libraries were excluded. The excluded
libraries ranged in size from 1 sequence to 93 sequences.
After the selection of 46 libraries, the automated workflow, WATERS, which is
extensively described in Chapter 4, was employed. After additional quality control steps
that removed chimeras and poorly aligned sequences, 14346 sequences were clustered
and analyzed. The metadata file for WATERS included all possible clinical variables,
which are described in Table 3-1. Each column in Table 3-1 is a different way to
categorize these 46 libraries and created a unique set of results specific to each column.
Although each category in Table 3-1 was routinely analyzed, only the most noteworthy
and striking results are described here.
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Table 3-1: Clinical characteristics of the individuals in this study.
Column 1: Patient ID in Manitoba Risk Factor Study. Column 2-3: 3-letter code used in Figures 3-1-2 ; 1st
letter represents CD, UC, or Healthy, the 2nd letter represents cecum or rectum and the 3rd letter represents
yes or no to the presence of inflammation. “-” indicates the biopsy yielded too few sequences to be
included in the study. Column 4-6: Dx is the diagnosis, Path is the pathology score (D.G.), AID is the
Activity Index of Disease score (D.G.), Prog is the progression score (C.B.). Column 7: Inv is the disease
involvement, i, ileum, c, colon, rs, rectosigmoid, t, transverse colon, p, pancolitis, and n, no involvement.
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Statistical analyses
All inter-library comparisons used the WATERS-produced results (Chapter 5)
files directly. The one exception is that for OTU comparisons, the results file named “otutable.txt” was imported into excel and then manipulated to create relative abundances or
presence/absence matrices. These matrices were then read into the statistical software R
(version 8.0) and the R packages/functions pricomp(), hierclust(), plsr(), and dpcoa()
were used as described in the respective manuals.
Total bacterial qPCR
Total bacterial levels were measured using qPCR on genomic DNA extract from
all available biopsies as described in Chapter 2 using panbacterial primers.

Results
The microbiota data is sufficient to cluster disease sub-groups:
The first question asked was whether or not there were global trends between IBD
categories and healthy samples. We used the “3-letter” category in table 1 to group
together individual biopsy samples into one of ten possible categories based on three
variables: CD/UC/healthy (1st letter), cecum or rectum (2nd letter), and yes/no (3rd
letter) to the presence of inflammation. Subdividing in this way created 4 types of CD
samples (CCN, CCY, CRN, CRY), 4 types of UC samples (UCN, UCY, URN, URY),
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and 2 types of healthy samples (HRN, HCN) because no normal patients had
inflammation.
OTU presence/absence data for these 10 categories was analyzed with both
principal component analysis (PCA) and hierarchical clustering using a data matrix of 10
sub-division categories (columns) by 369 OTUs (rows). With PCA, all four Crohn’s
samples separated from UC and healthy samples along the 2nd principal component
(Figure 3-1A). Along the 3rd principal component, all IBD samples separated away from
the two healthy samples (Figure 3-1B). Hierarchical clustering further validated the PCA
findings, as 7 of the IBD samples clustered away from the two healthy sub-groups, with
only the UCY creating an out-group of the healthy samples (Figure 3-1C). The clustering
of IBD samples away from the healthy samples was additionally observed using the
weighted (relative proportions of OTUs considered) phylogeny-dependent software
UniFrac (Figure 3-1 D).
Following the observation that disease subtypes clearly cluster away from each
other, the next logical question to ask was what the biological or microbial cause of these
patterns could be? PCA’s strength lies in its ability to search for the maximum variation
within a dataset, but the data that created this variation is not revealed with this method.
Therefore, we attempted to find OTU groups that correlated well with the 2nd and 3rd
principal component (PC) scores extracted from the PCA results. This approach was
especially successful for the 2nd PC scores and revealed an inversely proportional
relationship between the Bacteroides Prevotella group and the Firmicutes
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Lachnospiraceae groups versus the 2nd PC scores (Figure 3-2A) and a direct relationship
between the Gammaproteobacteria and the 2nd PC scores (Figure 3-2B). This suggests
these 3 taxonomic groups played some role in the separation of CD samples away from
UC and healthy.

Figure 3-1: The microbiota of 10 disease sub-groups (CD and UC) show clear statistical separation
from healthy samples using various methodologies.
(A) The four CD samples separate away from the four UC and 2 Healthy samples along the 2nd principal
component. (B) The 8 IBD samples separate away from normal along the 3rd principal component. (C)
Hierarchical clustering of the OTU matrix shows a similar trend as observed in A and B. (D) UniFrac
analyses which are based on phylogenetic uniqueness of samples also shows a separation of IBD from
healthy along the 1st principal component.
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This PC score/OTU approach was repeated for the 3rd PC scores, but with less
success. A linear relationship between total quantity of all OTUs and the 3rd PC scores
was observed (Figure 3-2C), which suggests that total number of OTUs, i.e., total
microbial diversity is related to the separation between IBD samples and healthy control
samples. Related to the total OTU count, lower microbial diversity has been visually
described in IBD samples (126). Decreased microbial diversity is quantitatively described
here with two standard ecological metrics (Figure 3-2D-E). Notably, the Shannon Index,
a measure of OTU evenness, or proportionality, is not significantly different between CD,
UC, and healthy. However, the Chao1 index, a measure of total OTU richness, is
significantly different between CD biopsies and biopsies from healthy individuals
independent of inflammation. Although richness is not significantly different in UC
compared to healthy but is lower in those UC biopsies that were inflamed.
Three observations suggested to us that bacterial quantity on diseased biopsies
might be lower than on healthy tissues. First, in the creation of clone libraries, we
observed that diseased tissue poorly amplified during full-length PCR amplification and
often required several attempts to produce PCR product. Second, the observation that the
3rd PC scores correlated with total OTU count. Third, the observations described above
that Chao1 diversity (richness) was decreased in CD and somewhat decreased in UC. The
combination of these results led us to measure total bacteria using qPCR (Figure 3-3).
Only the CD samples compared to healthy have significantly (p<0.05) lower bacterial
levels than healthy. UC compared to healthy or compared to CD had no significant P-
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values were observed (p=0.09 UC vs. healthy, p = 0.06, CD vs. UC).

Figure 3-2: Taxonomic correlations with principal component scores.
(A) Strong correlation between the 2nd principal component scores and decreasing Lachnospiraceae as well
as a weaker trend towards a corresponding increase in Bacteroides proportions. (B) Although
Gammaproteobacteria are a much smaller proportion of the total microbiota, there is a strong correlation
between increasing Gammaproteobacteria and 2nd principal component scores. Taken together A-C suggest
these 3 groups play a key role in separating CD samples from UC and healthy. (C) The total quantity of
OTUs (absolute microbial diversity) is partially explanatory for the separation of all 8 IBD samples away
from the 2 healthy samples. (D) Shannon index of 10 sub-groups shows few differences, while Chao1
scores (E) show that CD samples have fewer total OTUs than healthy and UC.
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Figure 3-3: Total Bacteria as measure by qPCR.
Only CD samples have significantly lower total amounts of bacteria adherent to biopsies relative to healthy
samples (p=0.048). UC samples are somewhat lower, but not significantly different than the two healthy
groups.

Microbiota of individuals separated many CD individuals from UC and healthy.
After the encouraging sub-group results described above, the next question was whether
or not analysis of individual samples would yield similar patterns, a question that has
yielded exceedingly inconsistent answers in other studies (78, 126). In the same manner
as above, PCA was performed on the presence/absence matrix consisting of 46 columns
(libraries) and 369 rows of OTUs. This time, 15 out of CD samples and 3 out of 12 UC
samples separated away from a core group (circled) of healthy samples (Figure 3-4A).
This sub-grouping was also seen in hierarchical clustering (Figure 3-4B).
The separation between the IBD subset and control subset in this study is not as
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visually distinct as in the Frank et al. study (78), however the percentage of CD patients
in our IBD subset is quite higher than in their study (86% compared to 35%).
Additionally, the majority of the IBD subset individuals were CD positive (12 out of 14),
whereas 5 out of 11 were UC samples. These results connect Figure 3-1A by showing in
both cases CD is more separable from UC and healthy.
Further strengthening this IBD/healthy separation, two categories of the clinical
data followed this trend. First, pathology scores of >3 (bold italic) were layered on top of
this PCA plot to see if degree of pathological inflammation correlated with the
separation. Indeed, 6 out of 9 (67%) pathologically inflamed samples were in the IBD
subset, i.e., not within the healthy circle. Second, AID scores of 2 or 3 (on a scale of 0
[remission] to 3 [severe]) were also layered on this plot and labeled with an asterisk. All
but 1 of these samples were in the IBD subset. Other clinical factors that were examined
but showed no correlation with the PCA distribution were anatomical location, disease
involvement location (ileal, ileocolonic, colonic, etc.), and BMI. To a less extent, disease
progression scores also followed the same trend as AID and pathology (data not shown).
In order to verify that these numerical factors that we visually observed were truly
important in the PCA separations, we employed partial least-squared regression (PLSR).
PLSR, in this case, not only determined if the relationship between these three scores was
robust, it also determined for which OTUs the variance (MRSEP score) was minimized
by these scores. PLSR could not be applied to the 10 sub-group analysis in the previous
section because it requires numerical (rather than categorical variables) and could not be
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applied to any other categorical variable in the clinical data, but could only be applied to
these 3 numerical variables in this analysis. This was acceptable because visual
inspection showed the most promise for these three variables (AID, pathology, and
progression scores). The PLSR analysis indicated that 3 of the 37 bacterial families
queried were associated with the separation based on these clinical scores (Figure 3-4 C E).
We further verified and tested the association of these families with these clinical
scores using random forest gene selection. This technique is widely used in microarray
analyses to assess the importance of individual genes to different variables of interest. In
this case, we implemented the random forest test by representing the OTUs as genes, and
attempted to determine which OTU had the most important contribution to these 3
variable classes. We tested these three score categories against the OTU dataset and
found that the top 9 OTUs (representing the majority of the 3 families detected by PLSR)
were the same in all 3 score categories, with one exception, the replacement of a
Firmicutes Lachnospiraceae group (FL1) with a Firmicutes Unclassified group.
The top 9 OTUs included 4 groups of Firmicutes – 2 Lachnospiraceae, 1
Mollicutes, 1 Acidominococceae, 2 groups of Bacteroides, and 2 groups of
Gammaproteobacteria (Figure 3-4 F-H). We also observed a Fusobacteria OTU in all 3
tests, a surprising finding that we did not observe in the PLSR test (Figure 3-4 F-H). The
parallel results of both the PLSR and random forest tests suggest that these 3 families and
9 OTUs are mostly responsible for the separations observed in Figure 3-4A-B. However,
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we were unable to find similar linear relationships between the principal component
scores and the OTUs as we did in the group comparisons (Figure 3-2D-F). This is most
likely due to the stochastic nature of inter-individual variability that is diminished when
averaged within the separate disease sub-groups. To visually assess and better understand
the patterns observed in these last two sections, bar graphs of major taxonomic groups (at
the phylum or order level for the Firmicutes) were made (Figure 3-5).
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Figure 3-4: PCA and hierarchical clustering of 46 libraries and the PLSR and random forest
statistical results that explain the observed separation of these 46 samples.
(A) Separation of many individual IBD samples, “IBD subset”, away from the majority of healthy samples,
“Normal subset”. Bold italics indicate a pathology score >3, * represents an AID score of 2 or 3. (B)
Similar results obtained with hierarchical clustering methods. (C-E) Top 3 families associated with the 3
clinical scores using PLSR. (F-G) Top 9 OTUs associated with each quantitative score, which were nearly
identical for each metric. BP, Bacteroides Prevotella, G1 or G2, Gammaproteobacteria 1 or 2, BB,
Bacteroides Bacteroidales, FM, Firmicutes Mollicutes, FA, Firmicutes Acidominoccocceae, FL 1 or 2,
Firmicutes Lachnospiraceae 1 or 2, F*, only Fusobacteria OTU not associated with other metrics in F-G.
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Figure 3-5: Microbial taxonomy associated with diagnosis, inflammation, IBD subset, and , disease
subtype.
(A) Microbial patterns based on large groups of samples: Diagnosis: UC/CD/Hy, Inflammation: Not/Inf,
IBD subset observed in Figure 3-4A (black circle vs. outside circle). Notably, the IBD subset (mostly CD
with 3 UC samples) shows the clearest depletion in Lachnospiraceae, and F.prausnitzii as well as the
strongest enrichment in Proteobacteria and a subset, E. coli. A similar phenomenon is observed for all CD
samples. (B) Taxonomy of the 10 sub-group categories shows the four CD sub-types are the most different
from the two healthy samples, but UC is less variable and more similar to healthy.

94

Discussion
Three types of uniqueness
In the previous section, we observed strong group differences that first separated
CD from UC and healthy and, second, differences that separated both IBD types away
from healthy (Figure 3-1AB) based on differences in the microbiota. The taxonomic
cause of these separations was associated with Firmicutes Lachnospiraceae, Bacteroides,
and Gammaproteobacteria (Figure 3-2 and Figure 3-5). Individual trends were not as
precise as group trends, but yielded similar results (Figure 3-4).
1. Unique study design
This study is unique in its use of population-based samples, which means that the
diseased individuals are an even sampling of disease phenotypes representative of the
population at-large rather than the more severe cases that end up at tertiary care centers
and that often result in surgical resections such as in Frank et al.(78). Additionally, the
control samples were taken from truly healthy volunteers rather than control subjects that
have a colonoscopy because they have a different disease than IBD but are not “healthy
controls” or, worse, control samples that have undergone surgery for other
gastrointestinal diseases. Therefore, the patterns found here that are similar but not
entirely identical to more clinically severe cohorts or patterns that match smaller,
genetically similar (twin) cohorts suggest a degree of universality in IBD microbiota
changes.
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The disadvantages of the current study are the smaller than anticipated size of the
disease groups, which was unavoidable after sequencing failed to produce enough
sequences for some samples: CD = 14, UC = 12, healthy=20 (compared to CD = 20, UC
= 20 as planned in the study design). Our cohort size is approximately 25% of the size of
the Frank et al. disease cohorts(78). However, compared to all other studies in Table 3-2,
our sequence collection of 15,000 is still considerable in size, scope and inclusion of both
UC and CD samples.
2. Disease sub-types are statistically separable.
To our knowledge, this is the first study to carry out unsupervised statistical
analyses on sub-groups of disease types. This approach showed that CD- and IBD-based
patterns existed, and that these patterns were disease-dependent – either CD or all IBD –
rather than based on anatomy or inflammation or a combination of the two (Figure 3-1).
Furthermore, the biological correlation between OTUs and sub-group differences were
similar to the OTU correlations in inter-individual differences (Figure 3-2).
3. Three quantitative clinical scores correlate with microbiota differences.
Most studies to-date focused simply on the disease state of IBD or CD and UC,
and some have included disease location information such as Willing et al.(41). But few
have taken into account quantitative measures of disease that can be used to assess intradisease group differences. This study uniquely found that three quantitative variables,
pathology score, AID, and disease progression correlate with specific taxonomic groups
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suggesting that closer attention to these metrics might help resolve previous
inconsistencies (Figure 3-4).
In the broader context: Are there now universal CD or IBD trends?
Dozens of reports in the last decade have sought to determine the relationship and
possible pathogenesis between the gut microbiota and IBD as extensively reviewed in
MacFarlane et al.(40). Yet, despite these intensive efforts, these reports often resulted in
conflicting conclusions, which divided the field into “camps” of researchers supporting
their favorite potential pathogen or commensal dysbiosis pattern. This iterative process is
the nature of science, but it emphasizes the need for independent replication of
experimental results by different laboratories and investigators. Several studies over the
last three years stand out in the field because of their advanced use of culture-independent
methodologies and unsupervised analytical tools, which allows for a more objective
perspective and, therefore, more objective conclusions.
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Table 3-2: Similar 16S rDNA sequencing studies and their respective conclusions for comparison to
the present study.
Column 1, reference to similar 16S rDNA IBD sequencing studies. Column 2, number of samples from
different IBD sub-types and healthy controls (note in Frank, 2007 these are actually non-IBD but not
healthy controls). Column3, total number of high-quality sequences generated in the study, Column 4-6
summarize the observed microbial changes in these studies for 3 major taxonomic groups commonly
observed to be altered: Firmicutes (mainly Lachnospiraceae), Bacteroides and Gammaproteobacteria.

For simplicity and clarity, we will compare the results presented here to recent
articles that are similar in method and scope to our own study (Table 3-2) and test our
conclusions against the conclusions generated in these articles. Many studies were
excluded which are excellent in their own right, because they were more focused on
finding pathogenic/causative agents of disease, an approach which has not been
verifiable, and, furthermore, which is not best addressed with these type of sequence data.
The four studies we will focus on are listed in Table 3-2, although several additional
studies(41, 91, 126) with smaller, focused questions are also relevant.
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This study did not embark on a completely novel research question, but rather
sought to advance the field of IBD clinical microbiology by placing our findings in the
context of others, replicating previous reports, finding new avenues of inquiry, and
calling into question previously reported conclusions with low support. The following
sections interpret our results relative to these other studies and lay the groundwork for
areas that should be more closely examined and assessed in the clinic.
Verified “IBD subset” concept. Similar to findings in Frank et al.(78), we found
that a large group of mainly CD and some UC individuals formed an IBD subset, distinct
from a control subset. Although we did not observe absolute disease separation or
complete exclusion of all healthy controls, this finding promotes the idea that IBD is a
spectrum of phenotypes and biological causes and it negates the idea that IBD is caused
by a pathogen, because an incomplete disease/microbe pattern would not fulfill Koch’s
postulates.
Verified taxonomic correlations. Also similar to results from both Frank et
al.(78), Gophna et al.(127), Mangin et al.(128) and Willing et al.(41) we determined a
taxonomic correlation with the IBD/control subset separation. Broadly this compositional
change is a proportional decreases in Lachnospiraceae and increase in Bacteroides, and a
coincident increase in Enterobacteria (also labeled Gammaproteobacteria in other
studies). The explanation of why these taxonomic groups might change is probably
manifold.
The decrease in the Lachnospiraceae could represent a decrease in the protective
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anti-inflammatory commensal bacteria, Faecalibacterium prausnitzii, which is the
dominant member of this group. F. prausnitzii has recently gained notice recently
because of dramatic depletions in post-surgical IBD treatments that directly correlated
with relapse rates. The change in the Bacteroides is not well-characterized, but could be
either compensatory relative to the co-dominant Firmicutes group (119) or related to
changes in mucus levels (42).
The increase in Enterobacteria is a subject of much investigation and speculation.
There are two leading and potentially complementary hypotheses. First, it could be due to
increases in the abundance of adherent invasive Escherichia coli (AIEC) strains, a
phenomenon that has not been universally verified, but is an intriguing idea (91, 112,
116, 117). From a more ecological perspective, the increase could also be caused by a
generic (non-IBD specific) post-inflammatory dysbiosis that allows for population
blooms in facultative anaerobes perhaps due to the altered oxidation state of the inflamed
epithelium. These post-inflammatory Enterobacteria increases have been observed in
mouse models of both chemically-induced and pathogen-induced inflammation (54, 129).
Furthermore, these two ideas are not necessarily mutually exclusive.
Ileal CD involvement’s effect on the microbiota unverified: Dissimilar to
Willing et al., the majority of Crohn’s patients in our study had ileal involvement. The
two individuals (102 and 91) that did not have ileal involvement did not group with the
healthy group as seen in Willing et al. Rather these two Crohn’s individuals were also
outside of the control circle and dispersed amongst the ileal/ileocolon Crohn’s subset.
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The role of ileal CD has been intriguing because of differential production of human
alpha defensins, which are small antimicrobial peptides secreted by Paneth cells in the
ileum as described by Wehkamp et al.(130-132). However, this change in antimicrobial
peptide production was only present in Nod2 mutants. Nod2 genotyping is not currently
available for this cohort, although it is interesting to speculate that the uniqueness of an
ileal Crohn’s microbial signature is Nod2-dependent rather than anataomy-dependent as
Willing et al. suggested.

Conclusions
IBD is a complex disease with multi-factorial associations including host genetics and
environment as well as changes in the associated microbiota. While the microbiota has
been a tantalizing target of investigation for some time, it has not been sufficiently
characterized such that bacterial population imbalances are predictive. Our study outlines
two new findings: 1. Disease sub-types are perfectly separable with PCA analysis and 2.
Quantitative clinical variables help sub-divide IBD patients. We also showed that, like
previous studies, an IBD subset, rather than an entire disease group, was found and had
similar taxonomic associations as previously reported. Finally, we were unable to verify
an ileal involvement signature in this cohort. These findings give further support to the
disrupted IBD microbiota hypothesis and present population patterns that might
ultimately prove to be diagnostic and possibly become future targets for therapeutic
intervention.
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Abstract
Comparative analysis of small-subunit ribosomal RNA (ss-rRNA) gene sequences forms
the basis for much of what we know about the phylogenetic diversity of both cultured and
uncultured microorganisms. As sequencing costs continue to decline and throughput
increases, sequences of ss-rRNA genes are being obtained at an ever-increasing rate. This
increasing flow of data has opened many new windows into microbial diversity and
evolution, and at the same time has created significant methodological challenges. Those
processes that commonly require time-consuming human intervention, such as the
preparation of multiple sequence alignments, cannot keep up with the flood of incoming
data. Fully automated methods of analysis are needed. Notably, existing automated
methods avoid one or more steps that, though computationally costly or difficult, we
consider to be important. In particular, we regard both the building of multiple sequence
alignments and the performance of high quality phylogenetic analysis to be necessary.
We describe here our fully-automated ss-rRNA taxonomy and alignment pipeline
(STAP). It generates both high-quality multiple sequence alignments and phylogenetic
trees, and thus can be used for multiple purposes including phylogenetically-based
taxonomic assignments and analysis of species diversity in environmental samples. The
pipeline combines publicly-available packages (PHYML, BLASTN and CLUSTALW)
with our automatic alignment, masking, and tree-parsing programs. Most importantly,
this automated process yields results comparable to those achievable by manual analysis,
yet offers speed and capacity that are unattainable by manual efforts.
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Background
ss-RNA gene sequence analysis as a tool for microbial systematics and ecology
Phylogenetic analysis of rRNA gene sequences (particularly ss-rRNA, i.e., the
small subunit rRNA) has led to important advances in microbiology, such as the
discovery of a third branch on the tree of life (the archaea) (133) and the realization that
the microbes that can be grown in pure culture represent but a small fraction, in terms of
both phylogenetic types and total numbers of cells of the microbes, found in nature (134).
The power of ss-rRNA for phylogenetic analysis can be attributed to many factors,
including its presence in all cellular organisms, its favorable patterns of sequence
conservation that enable study of both recent and ancient evolutionary events, and the
ease with which this gene can be cloned and sequenced from new organisms (65). The
sequencing of ss-rRNA genes from new species is greatly facilitated by the presence of
highly conserved regions at several positions along the gene (135). The conservation of
these regions allows one to design and use broadly targeted oligonucleotide primers that
work on a wide diversity of species for both sequencing and amplification by the
polymerase chain reaction (PCR). In fact, it is now standard procedure to sequence the ssrRNA gene when a new microbe has been isolated (136, 137).
The ss-rRNA gene has become a key target for environmental microbiology
studies largely because through the use of broadly targeted primers, one can use PCR to
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amplify in a single reaction the ss-rRNA genes from a wide diversity of organisms
present in an environmental sample (138, 139). The amplified products can then be
characterized in multiple ways such as through restriction digestion (140, 141),
denaturing gradient gel electrophoresis (142), hybridization to arrays (143), or
sequencing. As sequencing continues to decrease in cost and difficulty, we believe it will
become the preferred option and thus we focus on sequence analysis here.
Once DNA sequences of environmental ss-rRNA genes are in hand, multiple
types of analyses can be used to characterize the organisms and communities from which
they were obtained. For example phylogenetic analysis of the sequences can reveal what
types of microbial organisms are present in a sample. In addition, very closely related ssrRNA sequences can be grouped together into phylotypes or operational taxonomic units
(OTUs), groupings that often serve as a provisional surrogate for “species.” From these
groupings one can then estimate the total number of species (i.e., the species richness)
and their relative abundance (144).
Limitations of ss-RNA gene sequence analysis
As powerful as it is as a tool for phylogenetic and environmental analysis, it is
important to point out that analyses based on ss-rRNA are not without limitations. For
example, there is significant variation between species in the number of copies of the ssrRNA gene present in the genome. This makes it challenging to use the number of
sequences one obtains for particular phylotypes in an environment to estimate the relative
abundance of those phylotypes (145). Another limitation lies in the use of PCR
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amplification. Though very broadly targeted PCR primers are frequently referred to as
“universal” in that they are supposed to amplify all members of a major taxonomic group
(e.g., all bacteria, or all archaea), even the best designed ones are not as universal as the
moniker implies (146). All primer sets tend to preferentially amplify genes from some
evolutionary group preferentially over others making both quantification and even
presence/absence information sometimes not representative of the community. A third
limitation of ss-rRNA in general (for both cultured and uncultured organisms) is that
phylogenetic trees of ss-rRNA genes do not always accurately reflect the complete
history of an organism (147, 148). This inaccuracy can be due to many factors including
artifacts (e.g., bad alignments), biased data sets (e.g., convergent evolution or highly
variable rates of evolution between taxa), or lateral gene transfer (which could cause even
a perfectly inferred rRNA tree to be different from the general phylogeny of the
organism). Thus it is always desirable to include protein phylogenetic markers in addition
to ss-rRNAs in any microbial diversity study.
In terms of sequence-based characterization of communities, metagenomic
methods, which involve the random sequencing of all the DNA or RNA from
environmental samples (70, 73), have been seen as a potential replacement for rRNAbased studies. Metagenomics is indeed very powerful in that it circumvents some of the
limitations of PCR methods and, in the process, generates sequence data for many other
genes from organisms present in a community. Thus metagenomics cannot only
characterize the types of organisms present, but can also be used to predict the diverse
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activities which can be carried out by the community (149). Metagenomics has even led
to the discovery of novel lineages of organisms completely missed by rRNA PCR (150).
Although some view metagenomic analysis as a replacement for PCR based
rRNA studies, we see it as a complementary approach. The power of metagenomics
comes from its broad sampling of all the DNA present in a community. However, this
approach works best for characterizing abundant organisms. rRNA-PCR, because it
targets only a single gene, allows one to better sample the less abundant organisms in a
community. In addition, the same technological advances that underlie the increased use
of metagenomic methods have also made it possible to obtain ss-rRNA sequences more
cheaply and in greater numbers than ever before (151). We think it is important to note
that metagenomic sequencing does produce ss-rRNA sequences which can be analyzed in
much the same way as PCR-generated ss-rRNAs. This serves as an important cross check
for both approaches. Whether the source of the sequences is rRNA-PCR or metagenomic
sequencing, one of the great advantages of focusing analyses on ss-rRNA sequences
studies is the ever-expanding database of ss-rRNA sequences from cultured organisms
and environmental samples (84, 125, 152, 153).
Goals of ss-RNA gene sequence analysis
Overall, the number of ss-rRNA sequences being determined with PCR and
metagenomics from environmental samples is increasing exponentially. Analysis of this
rapidly accumulating wealth of ss-rRNA sequences has raised a significant challenge –
how to balance the desire for high quality methods with the need for automation to keep
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up with the sequence onslaught. To understand what methods are needed for ss-rRNA
sequence analysis, we believe it is important to focus on the some of the key results that
are the goal of many studies. These include: (1) delineation of OTUs present in a set of
sequences, (2) assignment of sequences (or a representative of each OTU) to taxonomic
groups, (3) generation and use of phylogenetic trees of all or some sequences, frequently
including previously determined sequences as well.
With a small number of sequences, there is a simple path to generating relatively
high quality outputs for each of the above three desired results. First, one generates a
multiple sequence alignment including both the new sequences and those from a
ribosomal RNA collection. From the alignment one can identify OTUs (desired result #1)
and build phylogenetic trees (desired result #3). These trees might be used to search for
phylogenetic groups found only in certain environments or to perform community to
community comparisons using methods such as UniFrac (154). In addition, from the trees
one can then assign sequences to taxonomic groups (desired result #2) by looking at the
taxonomy of nearby sequences in the tree. Though each researcher or group might have a
preferred approach to each of these steps, the general outline (multiple sequence
alignment first, then phylogenetic and sequence analysis second) is highly similar for
those who have desired high quality analyses of a small number of sequences.
A variety of software tools are available for researchers to carry out multiple
sequence alignments and phylogenetic analyses of rRNA genes. Perhaps the most widely
used is the software package ARB (155), which allows users to carry out a wide diversity
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of rRNA-based analyses and also to share compatible resources between labs. Despite its
power, there are several challenges to using ARB for massive collections of ss-RNA
sequences including that alignments need to be manually created within ARB and that
taxonomic assignments require visual inspection of trees and manual input from users.
For example, two workers analyzing a dataset of 11,831 sequences, spent ~5 months
manually aligning and annotating their ss-RNA dataset in the ARB software package
(Elies Bik, personal communication)(5).
The need for automation, and limitations of existing automated methods
The curation of alignments and the building of phylogenetic trees by manual
methods is labor intensive and time-consuming, and, importantly, the results are often
subjective and depend heavily on the skill and expertise of the user. Notably, many
microbial ecologists using these tools are not formally trained in phylogenetics or
comparative sequence analysis. Furthermore, as more and more sequences have and will
become available, manual analysis is increasingly unfeasible.
Over the last 5–10 years multiple automated tools have been developed to aid in
the analysis of ss-rRNA sequences. In fact, methods are available to produce each of the
desired results outlined above. However, there are limitations to most of these tools in
that they tend to avoid using multiple sequence alignments or true phylogenetic analyses
as part of their approach. Most likely this is done in order to obtain speed or because
automation of multiple alignment and phylogeny was deemed unfeasible. However, this
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we believe can compromise the value of the results.
For example, the delineation of OTUs has also been automated via tools that do
not make use of alignments or phylogenetic trees (e.g., Greengenes). This is usually done
by carrying out pairwise comparisons of sequences and then clustering of sequences that
have better than some cutoff threshold of similarity with each other). This approach can
be powerful (and reasonably efficient) but it too has limitations. In particular, since
multiple sequence alignments are not used, one cannot carry out standard phylogenetic
analyses. In addition, without multiple sequence alignments one might end up comparing
and contrasting different regions of a sequence depending on what it is paired with.
The limitations of avoiding multiple sequence alignments and phylogenetic
analysis are readily apparent in tools to classify sequences. For example, the Ribosomal
Database Project's Classifier program (156) focuses on composition characteristics of
each sequence (e.g., oligonucleotide frequency) and assigns taxonomy based upon
clustering genes by their composition. Though this is fast and completely automatable, it
can be misled in cases where distantly related sequences have converged on similar
composition, something known to be a major problem in ss-rRNA sequences (157). Other
taxonomy assignment systems focus primarily on the similarity of sequences. The
simplest of these is to use BLASTN to search a sequence database (e.g., Genbank) and to
then use information about the top match to assign some sort of taxonomy information to
new sequences. Such similarity-based approaches are analogous to using top blast
matches to predict the functions of genes and have similar limitations. Though fast, such
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approaches are not ideal because the most similar sequence may not in fact be the most
closely related sequence due to the vagaries of evolution such as unequal rates of change
in different lineages or convergent evolution (158-161).
Despite the clear advantages of using multiple sequence alignments and
phylogenetic analyses for many aspects of ss-rRNA analyses, there are only a few
examples of attempts to generate these outputs in a highly or completely automated
manner. The most comprehensive tool we are aware of is the BIBI software package
(162), which takes new sequences, identifies similar sequences in a database using
BLASTN and then generates a new multiple sequence alignment and then produces
phylogenetic trees from the alignment. Users can then view the trees to make taxonomic
assignments based upon phylogenetic position of query sequences relative to known
ones. Though BIBI is quantum leap more advanced than most similarity based available
classification tools it does have some limitations. For example, the generation of new
alignments for each sequence is both computational costly, and does not take advantage
of available curated alignments that make use of ss-RNA secondary structure to guide the
primary sequence alignment. Perhaps most importantly however is that the tool is not
fully automated. In addition, it does not generate multiple sequence alignments for all
sequences in a dataset which would be necessary for doing many analyses.
Automated methods for analyzing rRNA sequences are also available at the web
sites for multiple rRNA centric databases, such as Greengenes and the Ribosomal
Database Project (RDPII). Though these and other web sites offer diverse powerful tools,
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they do have some limitations. For example, not all provide multiple sequence alignments
as output and few use phylogenetic approaches for taxonomy assignments or other
analyses. More importantly, all provide only web-based interfaces and their integrated
software, (e.g., alignment and taxonomy assignment), cannot be locally installed by the
user. Therefore, the user cannot take advantage of the speed and computing power of
parallel processing such as is available on linux clusters, or locally alter and potentially
tailor these programs to their individual computing needs (Table 1).
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Table 4-1: Comparison of STAP's computational abilities relative to existing commonly-used ss-RNA analysis tools.

Given the limited automated tools that are available for researchers have had to
choose between two non-ideal options: manually generating and/or curating alignments
(an expensive and slow process which can handle only a limited number of sequences) or
using the non-phylogenetic and non-alignment based methods that can be automated
more readily.
We describe here the development of a fully-automated, high-throughput method
that meets many of the key requirements of ss-rRNA sequence analysis. First, this
method generates high quality multiple sequence alignments that can be used for
phylogenetic reconstructions as well as for diversity measures such as the identification
of OTUs. Secondly, the method generates a phylogenetic tree for each query sequence
and assigns that sequence to a taxonomic group based upon its position in the tree relative
to other known sequences. The alignments and phylogenetic tree outputs of this program
can be used for input into a variety of other software tools such as DOTUR (for
identifying OTUs) and UNIFRAC (for phylogenetic based community comparisons)
(154, 163). We refer to this method as STAP: a Small Subunit rRNA Taxonomy and
Alignment Pipeline.
A key advantage of STAP is that it is the only fully automated method available
that can be locally installed by the user and is independent of a web-based interface. One
benefit of this is that it allows the use of parallel processing (when implemented on linux
clusters, STAP has the capacity to process large numbers of ss-rRNA sequences).
Another advantage of STAP is that it is open-source and amenable to improvement or
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alternate applications and can be adapted into workflow software. In this paper we
describe the STAP software, its testing, and provide examples of some of the ways it can
be used in ss-rRNA analyses.

Methods
Building the database
The database currently used by STAP is populated by data retrieved from two ssrRNA sequence databases: bacterial and archaeal sequences from Greengenes (125), and
eukaryotic sequences from RDP II (152). In preparing the database, our goal was to
create a compact set of well-annotated sequences representing every major phylogenetic
group in all three domains. Some multiple sequence alignments and taxonomies derived
from that data set are also included in the database, as detailed below.
Preparation of BLASTN-ready sequences.
Bacterial and archaeal ss-rRNA sequences, including some environmental
sequences assigned to these domains, were extracted as a multiple sequence alignment
from the Greengenes database (125). Likewise, eukaryotic 18S rRNA sequences and
related environmental sequences were extracted as a multiple sequence alignment from
the RDP II database (152).
For more efficient downstream processing, steps were taken to eliminate the
sequence redundancy existing in the imported data. All sequences were searched against
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each other using BLASTN. A Lek clustering algorithm (164) was then used to cluster
sequences that showed greater than 99% identity over at least 80% of their length—
criteria which typically grouped sequences at the species level. In each cluster, those
sequences with more detailed taxonomic annotations were selected to represent the
cluster, and other sequences were discarded. These collections of selected BLASTNready sequences are referred to as the complete data sets, one for bacterial/archaeal
sequences and one for eukaryote sequences. A BioPerl (165) sequence index was built for
each data set for sequence and alignment retrieval.
Alignments and taxonomies.
Alignments of the bacterial and archaeal ss-rRNA sequences were downloaded
from the Greengenes database (125), while alignments of all the eukaryotic ss-rRNAs
were retrieved from the RDP II database (152). Taxonomy information was prepared in
XML format for the sequences in each set. Taxonomic identification for bacteria and
archaea is based on the P. Hugenholtz taxonomy from the Greengenes database (125),
that for eukaryotes is from the RDP II database (152). An XML data structure and
XML::DOM module were used for storing and retrieving taxonomy information.
Representative subsets.
To provide distant sequences for tree balancing and rooting, a representative
subset that included sequences from each of the major phylogenetic groups was identified
for each of the complete data sets. The archaeal/bacterial subset contained 20 archaeal
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and 195 bacterial ss-rRNA sequences; the eukaryote subset contained 136 sequences. A
BioPerl (165) sequence index was built for each subset for sequence and alignment
retrieval.
The three-domain subset.
A separate three-domain subset including sequences from all three domains of life
was prepared solely for use in assigning query sequences to a domain. The alignments
used for this purpose were retrieved from the European rRNA database (153) which
aligns bacterial and archaeal rRNA sequences with eukaryote sequences. Twenty
archaeal, 186 bacterial, and 134 eukaryotic sequences previously selected for the
representative subsets were included. The alignments were manually curated and
trimmed prior to use with STAP and are available as part of the STAP package.
Processing ss-rRNA query sequences
Using STAP, individual query sequences are analyzed by a three-step process,
with each step employing both sequence alignment and phylogenetic analysis. The first
step assigns the sequence to a domain, the second makes a provisional, approximate
assignment to a taxonomic group, and the third refines the analysis to assign the sequence
to a lower-level taxonomic group.
STAP automates three principle tasks that are required by those three steps: the
selection of pertinent homologous sequences for use in the analysis; building, masking,
and trimming multiple sequence alignments; building and analyzing phylogenetic trees.
117

See Figure 4-1 for a flow chart of the STAP pipeline.

Figure 4-1: A flow chart of the STAP pipeline.

Step 1: Assigning sequences to a domain
In the first step, the query sequence is compared to the three-domain subset
described above in order to assign the sequence to a domain. This step can be omitted if
the domain affiliation is known. The domain assignment made at this step determines
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which database will be used for subsequent analyses, an important consideration since
alignments were built separately for the eukaryotic sequence database and the bacterial
and archaeal sequence database.
A query sequence is aligned to the three-domain subset using the CLUSTALW
profile alignment method (166). Next, a maximum likelihood tree is built from the
alignment by PHYML (substitution model: HKY; Transition/transversion ratio:4.0;
Proportion of invariable sites: program estimated; Number of substitution rate categories:
1; Gamma distribution parameter:1.0; Starting tree: BIONJ distance-based tree; No
starting tree optimization) (167). A tree parser perl script then identifies the nodes that
separate the domains, and also the node that specifies the position of the query sequence
on the tree (Figure 4-2). Based on these relative positions, a domain is assigned to the
query sequence.
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Figure 4-2: Domain assignment

In Step 1, STAP assigns a domain to each query sequence based on its position in
a maximum likelihood tree of representative ss-rRNA sequences. Because the tree
illustrated here is not rooted, domain assignment would not be accurate and reliable
(sequence similarity based methods cannot make an accurate assignment in this case
either). However the figure illustrates an important role of the tree-based domain
assignment step, namely automatic identification of deep-branching environmental ssrRNAs.
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Step 2: Assigning sequences to subgroups within a domain
Selecting a related data set.
In theory, one could locate a query sequence within a domain by performing a
phylogenetic analysis of all sequences in that domain. However, the number of sequences
within each domain is too large to use, even for high-throughput phylogenetic analysis.
Therefore, we developed the following method to first identify a subset of related
sequences which could then be used for more detailed phylogenetic analysis.
First, BLASTN is used to search the query sequence against the complete
sequence data set for that domain. Matches are ranked by E-value and the top 50 are
selected for further analysis. Since it is known that the closest relatives of a sequence are
not always included in the top BLASTN matches, we also include 10 lower scoring hits
by selecting every 100th record in the BLASTN rankings (i.e., the 150th hit, the 250th,
the 350th, etc.) (158). To further balance the analysis and ensure that possible close
relatives are not missed, we also search the query sequence against the corresponding
representative subset and retrieve the top 10 matches. Thus, a related data set containing
70 sequences is prepared for use in subsequent analyses.
Alignment, masking, and trimming.
The alignments for the 70 sequences in the related data set are extracted from the
STAP database, and the query sequence is aligned to them using the CLUSTALW profile
alignment algorithm (166) as described above for domain assignment. By adapting the
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profile alignment algorithm, the alignments from the STAP database remain intact, while
gaps are inserted and nucleotides are trimmed for the query sequence according to the
profile defined by the previous alignments from the databases. Thus the accuracy and
quality of the alignment generated at this step depends heavily on the quality of the
Bacterial/Archaeal ss-rRNA alignments from the Greengenes project or the Eukaryotic
ss-rRNA alignments from the RDPII project.
Phylogenetic analysis using multiple sequence alignments rests on the assumption
that the residues (nucleotides or amino acids) at the same position in every sequence in
the alignment are homologous. Thus, columns in the alignment for which “positional
homology” cannot be robustly determined must be excluded from subsequent analyses.
This process of evaluating homology and eliminating questionable columns, known as
masking, typically requires time-consuming, skillful, human intervention. We designed
an automated masking method for ss-rRNA alignments, thus eliminating this bottleneck
in high-throughput processing.
First, an alignment score is calculated for each aligned column by a method
similar to that used in the CLUSTALX package (168). Specifically, an R-dimensional
sequence space representing all the possible nucleotide character states is defined. Then
for each aligned column, the nucleotide populating that column in each of the aligned
sequences is assigned a score in each of the R dimensions (Sr) according to the IUB
matrix (168). The consensus “nucleotide” for each column (X) also has R dimensions,
with the score for each dimension (Xr) calculated as the average of the scores for that
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column in that dimension (average of Sr). Thus the score of the consensus nucleotide is a
mathematical expression describing the average “nucleotide” in that column for that
alignment.
Additional calculations are made which provide a measure of the sequence
diversity in the alignment. The distance between nucleotide i in the column and the
consensus nucleotide X is defined as Di and is calculated by:

The alignment quality score Q is calculated for each column using the following equation
where Daverage is the average of the nucleotide distances Di, m is the total number of
sequences in the alignment, and n is the number of nucleotides in that column:

Highly diverse columns embedded in highly conserved regions are thought not to be the
result of poor alignments. To prevent such potentially informative columns from being
masked and trimmed, the alignment score of column i is adjusted to its neighbors in a 7nucleotide sliding window according to the equation:

Automated trimming requires an alignment quality cutoff score to be specified, i.e., a
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way to identify when an alignment is significantly better than random. We used the
following strategy to determine the alignment quality score that would result from
random alignments of similar nucleotide composition. For bacterial and archaeal ssrRNAs, 195 representative ss-rRNA sequences were searched against the STAP database
using BLASTN. Alignments were retrieved for each of the representative sequences as
described above. For each alignment, columns with more than 80% gaps were eliminated
and the average nucleotide composition of the remaining columns from all the alignments
was calculated. Since the alignments for STAP analysis typically contained 70 sequences,
2000 random columns were generated for an alignment of 70 sequences of that average
nucleotide composition and each column was assigned a quality score. The calculated
average scores and standard deviations indicate what scores could be expected for purely
random alignments. The results for alignments containing varying numbers of sequences
are shown in Figure 3-3. A similar procedure carried out for eukaryote ss-rRNA yielded
comparable results (data not shown). Based on the data shown in Figure 3-3, a cutoff of
31 was selected as a “better than random” quality score. Only columns with a quality
score of 31 or higher are retained when masking bacterial, archaeal, and eukaryotic ssrRNA alignments for automated trimming.
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Figure 4-3: Determination of quality score cutoff for automated alignment trimming.

The average quality score for all columns for alignments of randomly-generated
sequences is plotted against the number of sequences in the alignment (see Methods).
Standard deviations are indicated by gray shading.
Phylogenetic analysis.
A phylogenetic tree is constructed for the masked and trimmed alignments
provided by the previous step. By default, STAP generates maximum likelihood trees
using the PHYML (167) program (substitution model: HKY; Transition/transversion
ratio:4.0; Proportion of invariable sites: program estimated; Number of substitution rate
categories: 1; Gamma distribution parameter:1.0; Starting tree: BIONJ distance-based
tree; Optimize the topology, the branch lengths and rate parameters of the starting
neighbor-join tree optimization).
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STAP processes the tree file using a PERL module to mid-point root the tree.
During processing, all nodes in the tree are captured by the module and the relationships
among them are stored in a two-dimensional matrix. The module walks from the query
sequence to the root, recording the nodes as well as the taxonomic identification of the
leaves en route in a tab-delimited text file.
STAP then attempts to assign the query sequence to a taxonomic group based on
its closest neighbors in the tree. STAP will look at the first six neighbors searching for a
sequence that has been assigned to a taxonomic group in our ss-rRNA database.
Step 3: Refining the alignments and taxonomic assignments
Selecting a data set.
Starting with the initial taxonomic assignment generated in Step 2, STAP
identifies the taxonomic group one level above that assignment. (The user has the option
to specify using the taxonomic group two or more levels up, instead.) STAP builds a mini
database containing all sequences from this group and then applies the procedures used in
Step 2 to create a subset of sequences from this mini database. In this instance, however,
the subset of sequences selected for further analysis is made up of 62 sequences: the top
50 matches, plus ten lower-scoring hits selected at 100 record intervals, plus two
sequences selected from other taxonomic groups to serve as outgroups for tree rooting.
Alignment, masking, trimming, and analysis.
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These procedures are carried out as in Step 2 with one difference: the tree is rooted using
the outgroups identified based on the preliminary taxonomic assignment, as described
above.
STAP ss-rRNA aligner
The STAP ss-rRNA aligner takes one ss-rRNA sequence as the input and outputs
a gapped sequence that aligned to the user's chosen alignment database. The user has to
chose one database, and the STAP aligner first searches the query sequences against the
user's chosen database (bacteria/archaea or eukaryotes) by BLASTN. Alignments of the
top 20 hits are extracted from the corresponding alignment dataset. A mask is generated
to document positions of the all-gapped columns in the extracted alignment and the allgapped columns are subsequently trimmed to produce an alignment profile. The query
sequence is aligned on top of the profile by the CLUSTALW profile alignment algorithm.
Only the aligned query sequence is kept, and gaps are inserted back to the aligned query
sequences according to the all-gap mask. All the sequences aligned to the same database
are concatenated into one file; the user can use a perl script provided in the STAP
package to remove all-gapped columns to get the final alignment.
Comparison of BLASTN and STAP taxonomic assignments
To check the accuracy of taxonomic assignments made by STAP, we compared
STAP assignments with those derived from the top BLASTN match—a commonly used
high-throughput method. To this end, we selected the bacterial sequences in the complete
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STAP database which had more than six levels of taxonomic annotation. An “all vs. all”
BLASTN search was performed for the selected sequences. A Lek clustering algorithm
(164) was then used to cluster sequences that showed greater than 95% identity over at
least 80% of their length. This left 823 sequences.
The selected sequences were then each processed against all ss-rRNA sequences
by two methods: by using STAP with the default maximum likelihood tree option
selected, and by using BLASTN. Since STAP will search as many as six close neighbors
in the tree seeking a sequence with a high-quality taxonomic assignment, the parsing by
BLASTN was likewise directed to examine up to six neighbor sequences to identify one
with a quality taxonomic annotation. The taxonomy assignments obtained by the two
methods were compared to the original Hugenholtz annotation (125). Trees built by the
pipeline also served as references to validate the taxonomic assignments.

Results and Discussion
The automated tasks
The STAP pipeline automates three principle tasks: the selection of pertinent
homologous sequences for analysis; the building, masking, and trimming of multiple
sequence alignments; and the building and analyzing of phylogenetic trees.
Automated selection of homologous sequences.
One of the challenges facing any phylogenetic study based on ss-rRNA sequences
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is the enormous and ever-growing number of available sequences. Though it is
theoretically possible to build a tree using all of those sequences, it is simply
computationally too costly to do so for high-throughput processing. This is particularly
true for STAP since it is designed to analyze each new ss-rRNA sequence individually. If
an environmental sample contained 10,000 rRNA sequences, building trees with
homologs for each of the 10,000 would be excessively costly. We note that this issue
arises for virtually any method of phylogenetic analysis when many homologs are
available, not just for automated methods.
Therefore, we sought to design a method that would select a group of homologous
sequences that would be sufficient for accurate taxonomic identification of each new ssrRNA sequence, yet be computationally lean. We estimated that for analyses of
environmental samples containing tens of thousands of ss-rRNAs each, we would be
limited to using only 50–100 sequences in the building of each tree. Given this constraint,
procedures were required that could reduce the redundancy in the database and that
could, for each new ss-rRNA sequence, select a subset of 50–100 sequences capable of
yielding an accurate taxonomic identification.
To eliminate redundancy in the database, we designed a simple clustering method
to identify sets of very closely related sequences (see Methods). Only the best annotated
sequence from each set was used for construction of the STAP “complete” data sets.
Only 42% of the bacterial and archaeal ss-rRNAs in the July 2006 release of the
Greengenes Project database met this criterion for importation into the STAP data sets.
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To select a suitable subset of homologous sequences for the phylogenetic
analysis, we included not only the best BLASTN matches found in the complete STAP
database, but also selected a set of lower scoring sequences. In addition, we selected the
best matches from a search against the representative data set, thus ensuring that several
different major lineages would be included in the analysis.
Automated generation of multiple sequence alignments.
After homologous sequences have been selected, building a sequence alignment is
the next critical step. Ideally, ss-rRNA sequence alignments would use the conserved
secondary structure to guide the primary sequence alignment. For sequences which lack
close relatives in the database, the use of a structurally-based alignment method is even
more important. Unfortunately, such structurally-based alignment algorithms are too
expensive computationally for this type of high-throughput analysis, which was built
prior to the development of Infernal (169). Therefore, we did the next best thing, i.e., we
used the pre-existing, curated alignments of large numbers of ss-rRNA sequences in the
Greengenes database. To align query sequences to these pre-existing alignments, we used
the CLUSTALW profile alignment algorithm. This algorithm has been shown to work
quite well when the database contains at least a few moderately close relatives of the
query sequence.
Phylogenetic analysis methods treat each alignment column separately and
assume that any given column has a common evolutionary history for all sequences in the
alignment. Therefore, any ambiguous regions in the alignment should be excluded from
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subsequent analyses. This process of identifying and removing questionable columns,
referred to as masking and trimming, typically requires tedious manual intervention.
STAP includes an automated masking and trimming method which is based not only on
the degree of conservation of individual columns, but on the conservation of neighboring
columns, as well (see Methods). The masked alignments produced by STAP's automated
process agreed well with those produced by our manual curation (data not shown).
Automated phylogenetic tree construction and parsing.
The tree-building program that STAP adapts is PHYML (167), which implements
a maximum-likelihood algorithm. Accurate taxonomic assignments require that the
phylogenetic trees be rooted. STAP uses the midpoint method of rooting when making
the initial taxonomic assignment to a subgroup (Step 2, above), and uses outgroups for
rooting the final tree (Step 3, above).
For analysis of the resultant trees, we developed a PERL program to evaluate each
tree automatically without compromising the benefits of manual analysis. The program
scans through a tree to capture all the nodes, and then walks from the query sequence to
the root. Along the way it records the nodes and taxonomic information for the leaves
encountered in a tab-delimited text file.
Speed and Throughput
Balancing speed and accuracy.
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STAP incorporates a three-step process designed to balance processing speed with
phylogenetic accuracy. Step 1 assigns a sequence to a domain of life, thus specifying
which database will be used for further analyses. Step 2 makes an initial approximate
taxonomic identification of the query sequence within that domain. Step 3 does a finescale phylogenetic analysis within the taxonomic group identified in Step 2. Since the
assignments made in Step 2 are sometimes inaccurate at the low taxonomic level (e.g.
genus level), by default the analysis in Step 3 starts with all the sequences from the
taxonomic group at the next higher level. Notably, the tree built and analyzed in Step 3 is
rooted using outgroups identified in Step 2.
Processing time.
A key feature of STAP is its speed. When running on a Fedora Core 5 linux
machine with a 3.73 GHz Dual Core IntelXeon processor and 2GB RAM, it takes STAP
an average of 1 minute and 35.4 seconds to assign taxonomy to a query sequence by the
maximum likelihood tree-building method if the domain information is provided by the
user. Thus, a single machine can process up to 500 sequences in a few hours. For samples
containing thousands of sequences, a linux cluster is recommended. A small cluster of 20
nodes can process 1000 environmental ss-rRNA sequences in less than 2 hours. On
clusters with more than a hundred nodes, which are becoming more common, STAP can
process thousands of sequences in a matter of minutes.
Reliability
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STAP versus BLASTN.
Many researchers have turned to BLASTN searches as a means of rapidly
classifying the flood of new ss-rRNA sequences, despite the large body of literature
showing that BLASTN searches are not a robust way to identify the closest relatives in a
sequence database (158, 159). Phylogenetic methods, such as those employed by STAP,
are generally considered far superior for that purpose as these methods can take the
variation in evolutionary rates and other vagaries of evolution into account. In addition, it
is important to point out that STAP also produces high-quality multiple sequence
alignments which can be used for a variety of other analyses including studies of species
richness and relative abundances.
We compared the taxonomic assignments made by STAP and those made by
BLASTN with the Hugenholtz annotation for the 823 bacterial ss-rRNA sequences from
the complete STAP database which had more than six levels of taxonomic annotation.
Based on this criterion, STAP outperforms BLASTN at all taxonomic levels (Figure 4-4).
At higher taxonomic levels, there is little difference in reliability between the two
methods. However, although domain-level assignments by BLASTN are as reliable as
those by STAP, STAP also uses the domain assignment step to search for novel, deeply
branching ss-rRNA sequences (see below) which would not be detected by BLASTN.
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Figure 4-4: Comparison of reliability of BLASTN and STAP taxonomic assignments.
The number below each taxonomic level indicates the number of bacterial sequences in the analysis that
were annotated at that level (see Results and Discussion).

At lower taxonomic levels, the differences in reliability are greater. For example,
of the 808 sequences with Hugenholtz annotations at the order level, STAP's assignments
agreed with the Hugenholtz assignment for 783 sequences, while BLASTN matched in
only 770 cases—i.e., a 1.6% difference between the STAP and BLASTN results at the
order level. Similar comparisons demonstrated reliability differences of 1.8% at the
family level and 2.6% at the genus level (Figure 4-4). At all levels, the STAP
assignments were more consistent with the original ss-rRNA annotations than were those
made by BLASTN. Further analysis of the phylogenetic trees confirmed STAP's greater
accuracy in assigning taxonomic identifications at all levels (Table 4-1).
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Table 4-2: Discrepancies between taxonomic assignments made by BLASTN and STAP.

Though the differences obtained here seem modest, it should be noted that
because we divide the comparisons into six categories, the total difference is 10.3%. We
believe that the differences are not only significant, but also underestimated since the
criterion used was biased in favor of BLASTN. The comparisons were based on
sequences with high-quality annotations, which most frequently come from densely
sampled taxonomic groups. BLASTN tends to perform well on such groups and to yield
less accurate assignments for under-represented groups. As more sequences become
available and are annotated, the under-represented groups will become better represented
and thus BLASTN will come to perform better than it does currently. Nevertheless, there
will likely always be an advantage to phylogenetic methods since these analyses can
embody evolutionary processes as well as interpret the resultant sequences. Furthermore,
whereas BLASTN simply compares the query sequence with a group of sequences, treebased methods compare every sequence with all the others and take all the relationships
into consideration.
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The few cases where BLASTN gave more accurate results than STAP appear to
be the result of inaccurate annotation of those sequences, which happened to be the
nearest-neighbor sequences in the STAP analysis. However, since STAP outputs the
phylogenetic trees, erroneous assignments caused by individual database annotation
errors can be easily captured and corrected. Such errors could be prevented by improved
database annotation.
We have tested STAP against BLASTN for sequence datasets obtained from
various environmental samples and found that the differences are highly sampledependent: microbial ss-rRNA taxonomy assignments from human intestine reveal no
difference between STAP and BLASTN, whereas deep-sea coral bacterial communities
display a 4.8% difference (170), and sludge communities exhibit a difference of 8.3%
(171). Thus the advantage of STAP over BLASTN varies for different communities, and
STAP has a clear edge over BLASTN in under-studied and complex communities
because of its phylogenetic methodology.
Neither STAP nor BLASTN perform well when the query sequence is very
distant from all known ss-rRNAs. In these cases, alignments will be poor and
phylogenetic analyses may be prone to long-branch attraction. Potential solutions for
these situations include the use of improved automated alignments based on secondary
structure, manual curation of alignments for selected distantly-related sequences, and
more adequate representation of all phylogenetic groups in the sequence databases.
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STAP produces alignments for massive sequence inputs
Many microbial ecologists need to align all the ss-rRNA gene sequences in one or
more communities to each other for further analysis such as tree building for a whole
community. Many currently available resources such as RDPII and Greengenes Project
provide such service through their web servers (84, 125), while ARB software requires
manual curation for alignment building (Table 4-1) (155). And, notably, Greengenes'
aligner NAST's alignment output is compatible for uploading into the ARB software, so
it is commonly used for many ARB analyses (5, 172). A similar option is available in
STAP via a profile-based ss-rRNA aligner.
We have tested the STAP aligner using a variety of data sets and the output is
comparable to that produced by the Greengenes' web-based aligner and to alignments
made manually in ARB. For example, we carried out a comparison of alignments
produced for data from the human intestinal microbiota (5). In the published study of this
data an alignment was generated manually within ARB. We took the sequences from this
study and ran them through the Greengenes aligner as well as STAP. To compare these
three alignments, we selected 50 sequences representing the phylogenetic diversity of the
intestinal microbial community, extracted the alignments of these 50 sequences from the
larger alignments, and then used these alignments to generate phylogenetic trees (using a
maximum likelihood method available on the CIPRES web-portal:
http://8ball.sdsc.edu:8889/cipres-web). The resulting phylogenetic trees from each
alignment were overall quite similar to each other although there are some small
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differences that suggest that the STAP alignment is as good and sometimes slightly better
than the others. For example, to assess the accuracy of the trees based on the alignments,
we compared the taxonomic assignments for each sequence with the structure of the
phylogenetic tree. It is important to note that the taxonomy assignments are likely
reasonably accurate as they are based on comparison to the entire ribosomal RNA
databases while the trees are based on analyzing only the 50 sub-sampled sequences.
Thus one might expect some taxonomic groups to be non monophyletic in the trees
simply due to sampling artifacts. This is the case for both the manually aligned dataset
(Figure 4-5A) where sequences assigned to the Bacteroidetes branch within a clade of
Proteobacterial sequences and the Greengenes' NAST alignment tree (Figure 4-5B)
where a sequence assigned to cyanobacteria groups within the Firmicutes clade.
However, all taxonomic groups are monophyletic in the STAP alignment based tree
(Figure 4-5C), suggesting that a high quality alignment might make up for poor species
sampling. Similar comparison of the STAP aligner and Greengenes's NAST aligner on
other ss-rRNA datasets also indicates that overall these two programs produce
comparable alignments.
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Figure 4-5: Three phylogenetic trees of 50 representative human gut microbiomes sequences based
on three different alignment methods.
A. manual alignment B. Greengenes alignment C. STAP aligner.

Most microbial ecologists also want to know the identity (taxonomy) of the
sequences in their ssRNA datasets. A researcher commonly has to switch back and forth
between several sites and several methods to perform both tasks. The STAP ss-rRNA
aligner and taxonomy assigner eliminates this inconvenience. STAP uses exactly the
same phylogenetic approach to do both of these tasks (align and assign taxonomy) and
integrates both into the same package. Both methods align the query sequence to a highly
curated database and through phylogenetic iterations, produce either a gapped sequence
alignment in fasta format (materials and methods) or the taxonomy associated with the
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query sequence's closest neighbor in the phylogenetic tree. The user can easily
concatenate and merge both of these outputs for all of the sequences into one file.
Notably, all the sequences will be aligned with each other because they have been aligned
to sequences of the same length in the same database. STAP can take advantage of
parallel linux computing to align individual sequences simultaneously, thus thousands of
sequences can be aligned and assigned taxonomy in a matter of minutes, rather than the
slow process involved with web servers.
Identifying deeply branching ss-rRNA sequences
Although domain assignments by BLASTN are as accurate as those by STAP,
using STAP's phylogenetic analysis for that step provides an added benefit—the ability to
search for novel, deeply-branching ss-rRNAs. For this search, STAP builds a tree for the
query sequence together with 340 representative sequences from the bacterial, archaeal,
and eukaryotic domains. If the query sequence is found to branch near the node
separating the three domains (as illustrated in Figure 4-2), there is a possibility that the
query is from a novel, deeply-branching lineage and could be flagged for further
investigation.

Conclusions
We built STAP, a Small Subunit rRNA Taxonomy and Alignment Pipeline, as a
tool to automatically generate and analyze high quality multiple sequence alignments and
phylogenetic trees from massive amounts of ss-rRNA sequence data. It makes use of the
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publicly-available CLUSTALW, PHYML, and BLASTN packages, and automates the
manual steps involved: gathering homologous sequences; building and masking multiple
sequence alignments; and building and parsing phylogenetic trees. The pipeline is fast,
robust and easy to implement, yet yields results for ss-rRNA sequences that are
comparable to those achievable with manual phylogenetic analysis. Our comparative
studies confirmed that tree-based methods are superior to approaches that rely on
sequence similarity for inferring phylogenetic relationships.
STAP depends on the publicly-available ss-rRNA databases which are dominated
by prokaryotic collections. The eukaryote functionality included in STAP provides
structural completion and will need further development in the future. Likewise, STAP's
accuracy depends heavily on alignment quality and annotation accuracy. An improved
alignment algorithm combined with more accurate taxonomic annotation in the source
databases is the key to improved STAP performance. Another future direction is to
incorporate statistical analysis, such as the likelihood ratio test for taxonomy assignments
(173).
Availability
The STAP package includes the database and programs. Programs in the package
include the scripts and modules described in the paper, as well as a profile based ss-rRNA
alignment script to build alignments for large dataset. The STAP package is accessible
from: http://bobcat.genomecenter.ucdavis.edu/STAP/download.html .
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Abstract
For more than two decades microbiologists have used the 16S small-subunit ribosomal
RNA gene (16S rRNA) as a phylogenetic marker for bacteria and archaea. The field of
microbial ecology has matured from small, proof-of-principle experiments in novel
environments to large-scale, massive collections of sequence data paired with dozens of
corresponding collection and metadata variables. As complexity, size and tool sets
increase, the need for automation of the core processes of 16S rDNA sequence analysis
also increases. In the preceding chapter we introduced STAP, an alignment and taxonomy
tool for 16S rDNA. Here we go a step further and present WATERS, a workflow for the
alignment, taxonomy, and ecology of ribosomal sequences that includes STAP and other
key 16S analysis software tools. WATERS uses an interactive Kepler scientific workflow
system, which enables automation of these tools, increases efficiency and data
standardization, and allows the microbial ecologist to minimize the dozens of tedious
bioinformatics steps, file conversions, and software operations in order to focus more
attention on the detailed analyses of the results files automatically generated by
WATERS. The design of WATERS is modular and evolvable in hopes that the larger
microbial ecology field will continue to add to and further develop the library of actors
(software tools) within WATERS, thus creating a large repository of tools available for
increasingly complex microbial ecology questions.
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Background
Microbial communities abound in nature and are crucial for the success of a huge
diversity of ecosystems. There is no end in sight to the number of biological questions
that can be asked about microbial diversity on earth. From animal and human guts to
open ocean surfaces and deep hydrothermal vents, to anaerobic mud swamps or boiling
thermal pools, to the tops of the rainforest canopy and the frozen Anatarctic tundra, the
composition of microbial communities is a source of natural history and intellectual
curiosity (65). Microbial communities are also mediators of insight into global warming
processes (174, 175), agricultural success (176), pathogenicity (40, 129), and even human
obesity (44, 46).
As discussed in the introduction section, within the last three decades there has
been an overhaul of how environmental microbiology is done and, in parallel, a huge
decline in the cost of DNA sequencing, especially within the last decade. Arguably the
biggest piece of this microbial revolution has been the use of a phylogenetic marker gene,
16S rRNA, as a nametag for microbial “species” which is then used to quantify and
compare entire microbial communities in any environment. As sequencing became
cheaper and as more microbial communities were studied, 16S rDNA datasets became
more complex. Studies increased in both size and dimension to address more difficult and
intricate questions. How then did these changes in dataset size and complexity affect the
quotidian realities of data analysis? How is the microbial community data converted from
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reads off a sequencing machine to bar graphs, network diagrams, and biological
conclusions?
To analyze 16S rDNA datasets, microbial ecologists rely on methods borrowed
from ecology, evolutionary biology and bioinformatics. The over-arching goal is to figure
out what microbes are present in the environment of interest and what are their relative
proportions. These questions are addressed by aligning the rDNA sequences in a dataset
to each other, clustering the sequences together based on similarity, removing redundant
sequences above a certain percent identity cutoff, identifying the taxonomy of these
organisms (one phylogenetic-based method is discussed in Chapter 3), building a
phylogenetic tree of the sequences to see the overall diversity of the community and
compare it to the larger bacterial or archaeal tree of life, and, finally, by applying a wide
variety of statistics and visualization software to interpret and represent these data.
Motivations
In order to standardize and streamline the 16S rDNA process sought to build an
automated, user-friendly workflow system we called WATERS, which stands for
Workflow for the Alignment, Taxonomy, and Ecology of Ribosomal Sequences (Figure
5-1A-B). The key motivation in building WATERS was to minimize the technical,
bioinformatic challenges that arise between DNA sequence, phylogenetic tree, and
statistical analysis. These steps are not trivial and they cost a great deal of time
investment prior to the biological interpretation and integration that proceeds from these
steps. In the earlier days of 16S rDNA analysis, simply knowing who was there and what
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was biologically novel was sufficient, but current efforts have become significantly more
advanced and require comparison of dozens of factors and variables with datasets of
thousands of sequences. The success and improvement of this field calls for automation
and standardization of these common bioinformatic steps and approaches.
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Figure 5-1 Screenshot of the WATERS workflow in Kepler (A) and schema of WATERS (B).
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By minimizing the technical difficulty of 16S rDNA analysis through the use of
WATERS, we democratize the analysis of these datasets, by allowing individuals with
minimal bioinformatic skills to use the best software currently available with low
technical investment. Ultimately, this allows the microbiologist to invest their time in
asking advanced biological questions rather than troubleshooting the installation, usage
and file formatting of 10 or more complex pieces of software.
This allows biologists to get to the heart of their questions. After determining the
identity and proportions of a community with WATERS a user can ask more
sophisticated questions such as “How similar is a set of sequences from environment 1 to
a set from environment 2 or environment 30?” Or, how does the phylogeny of one
community compare to another, both in terms of the absolute and relative proportions of
a community by using UniFrac with files automatically generated by WATERS?
Alternatively, in large, diverse datasets, the question can focus on the total diversity of
one community relative to the other or the implicit variation between one community
from one place or one time point to the next by analyzing the ecological statistics
automatically generated by WATERS.
The second, complimentary motivation to build WATERS was to standardize the
16S rDNA analysis method. In principle, standardization of these bioinformatic steps
should increase reproducibility and transparency. Although isolated reports have called
for community-wide standardization of part of the 16S rDNA analysis process (177),
most microbial ecologists cobble together software tools from different websites and
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individual software downloads. In short, there is not a “one stop shop” for 16S rDNA
analysis.
Related 16S rDNA analysis tools
After initiating and completing the development of WATERS, the authors became
aware of a new command-line program, Mothur, (unpublished data,
http://schloss.micro.umass.edu/mothur/Main_Page) which attempts to do something very
similar to WATERS (Table 5-1). While Mothur is very similar in concept to WATERS
its use of the command-line interface can be intimidating to many biologists.
Nevertheless, this new complimentary approach is exciting and suggests the community
is eager for new tools for 16S rDNA analysis. In the long-term, it is conceivable that
many or all of Mothur’s modules could be added as actors into the Kepler workflow
system.
Three large websites are specifically dedicated to the purpose of 16S rDNA
microbial ecology, Greengenes (125), RDP-II (152), and Silva (178). Each website has
many, but not all, of the tools required for a high quality community analysis.
Additionally, they all depend on web services, which inherently limit autonomy, speed
and the amount of data that can be processed. Furthermore, these websites cannot return
data in advanced formats to be used in programs like Unifrac (154), Cytoscape (88) or
heat map visualization. They also do not report ecological calculations like diversity
metrics, rarefaction analysis or rank-abundance curves, even though these are still
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considered fairly basic first-pass tools to analyze a community.
Recently a new pipeline, email-based tool for short bar-coded 454
pyrosequencing datasets became available within RDP (unpublished,
http://pyro.cme.msu.edu/). The idea and concept are also similar to WATERS, but the
input data is limited to 454 reads (100-250 bp) rather than full-length reads as WATERS
is designed for. It is included in the table for comparison purposes, but is not designed for
the same type of data. Table 5-1 compares WATERS to the available 16S rRNA gene
analysis web services as well as stand-alone programs that serve similar functions.
In summary, WATERS provides the community with all of the necessary 16S
rDNA tools in one stand-alone software package, which can be installed locally and
scalable to very large datasets. This type of platform is not currently available, and,
therefore, represents a new, useful, user-friendly tool for 16S rDNA analysis
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Table 5-1: Comparison of WATERS' tools to existing web services and stand-alone software tools.

Methods
Kepler workflows
In recent years, the concept of automating repetitive, complex informatics tasks
has gained popularity and practice in many scientific communities (179), although it has
been widely used and implemented in the public sector for business and corporate use.
This automation process is termed “scientific workflow” and can be created in several
different systems. Because of prior experience, we chose to implement WATERS in the
Kepler scientific workflow system. The Kepler workflow system offers several
advantages for use in the scientific community (179).
First, it is open-source3 and freely available, which is ideal for academic
development. Second, is is independently extensible, which means that developers can
make major changes to the Kepler system as required for their particular workflow. To
our knowledge, no other workflow system as easily allows the developer to make major
changes for their workflow and optionally contribute those changes back to the shared
source code repository. Also, the 'director' concept in Kepler is one aspect of the system
that allows the developer to make very rapid changes to how the workflow system
handles data and schedules actor invocations. Other workflow systems are more brittle

3

Open source is an approach to the design, development, and distribution of software, offering practical
accessibility to a software's source code.
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because they typically have one way of running a workflow, and changes to this way of
doing things generally would break existing workflows. In Kepler the director can be
easily customized for individual project needs, which was useful in developing WATERS
and would be potentially useful in the future as new software is added to the WATERS
library. Additionally, there is a very active Kepler community developing actors, the
individual units within a workflow that perform specific operations on the data, for many
fields in the natural sciences. These actors now make up a large library or repository of
usable and interchangeable actors. Finally, Kepler is written in the Java computer
language, which allows it to be platform-independent and removes the need to create
different installation versions of the same workflow.
Beyond the computer science benefits of Kepler, it has a history of success in
other scientific communities including, importantly, the phylogenetic and ecology
communities (180), which have similar needs and functions as our 16S rDNA analysis. In
fact, the RaxML actor that builds phylogenetic trees within WATERS already existed
prior to the development of our workflow, demonstrating the reusability phenomenon of
a workflow system.
Finally, Kepler has a built-in database that allows calculations to be cached and
stored internally rather than re-calculated anew every time. For instance, in analysis of
16S rDNA datasets, new data often become available sporadically as sequencing centers
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complete batch jobs. The addition of new data requires re-analysis of the entire dataset,
but, by using the cache, previous calculations, such as alignments, chimera detection, and
taxonomy assignment can be retrieved and do not need to be re-calculated, therefore,
increasing the efficiency of adding in new data. Or, alternatively, if new metadata
parameters become available or are altered, the entire workflow can be re-run on the
existing cached data and all new results files can be generated without the need for any
re-calculation.
WATERS implementation
WATERS is implemented as a workflow in the Kepler workflow system. Kepler
is allows the creation of executable workflows consisting of a number of interconnected
actors (also written in Java) that perform individual tasks. A number of custom-made
actors were written to perform required microbial ecology functions. Some, like the
Mallard and OTUhunter actors, directly invoke Java code. Others, like the STAP and
Infernal actors, invoke external programs automatically, which means the workflow runs
these programs and waits for the results to be produced and re-incorporate them into the
data stream seamlessly. An additional feature is that some actors allow the execution of
the heavy computing processes (e.g., OTUHunter or STAP) on a computing cluster, and
also intelligently re-use existing results as possible to minimize computation.
The WATERS workflow is made up of 23 actors, each of which is a Java class
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that implements an actor interface. This interface allows the system to communicate with
the actor, directing it to take certain actions. Within Kepler, a computational model called
COMAD (Collection-oriented modeling and design) was used. In this model, there is a
pipeline, along which a stream of structured data flows. Each actor in the pipeline can
add or remove data, and can choose (with XPath-like syntax4) which data it wishes to
process. Kepler is easily extensible, and actors can be added by writing additional Java
classes that conform to the actor API.
Tools needed for 16S rDNA analyses
Libraries and Metadata
Because most sequencing centers nowadays return to their users, assembled
quality-controlled sequences, we decided not to invest our efforts in the early qualitycontrol and contig assembly steps. Instead the workflow begins by assuming that the user
has a collection of libraries generated from individual samples. There are no minimums
or maximums to either the size of the libraries or the number of samples. The other
“setup” step is the construction of a metadata text file in which the user can assign
different variables (as many as needed) to each library.
Alignment

4

XPath, the XML Path Language, is a query language for selecting nodes from an XML document. It can
be used to efficiently and simply address, or point to, certain parts or pieces of the code.
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For the first step, sequence alignment, two options are available. The default is
the newly-released Infernal (169). Infernal has an advantage over previous alignment
methods because it takes into account the secondary structure of the 16S rRNA molecule
and is also extremely fast. Because it is able to discern homologous positions of
secondary structure it can more easily and accurately determine group-specific insertions,
which it subsequently removes. Infernal is also very efficient and analyzes a single
sequence at a time, so it can take advantage of parallel processing, for example, on linux
clusters.
Additionally, the STAP aligner is available, which is part of the larger STAP
packages (discussed in Chapter 3) (80). The STAP aligner does not take into account
secondary structure, but it is also fast and the same aligner that the taxonomy assignment
STAP software employs (see below). This alternate aligner gives the user flexibility and
allows for comparisons between the two programs.
Chimera removal
During the PCR amplification process, occasionally, two non-identical singlestranded pieces of DNA can anneal together at regions of high sequence identity. The
DNA polymerase can amplify this hybrid piece of DNA, called a “chimera”, and the
result will be PCR amplification of an artificial chimeric piece of DNA. Because these
chimeras are artificially unique, they can skew the interpretation of the real data and
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should be removed from the libraries before further analysis. The bioinformatic detection
of chimeras is still quite limited and few programs are available. The Mallard program
(181) based on the Pintail algorithm (182) is a widely-used program for chimera removal
and, in comparison testing, seemed to be the most stringent. However, to implement
Mallard in WATERS we had to remove the Graphical User Interface (GUI) and optimize
the efficiency of the software, but the underlying algorithm remained unchanged. An
additional Chimera checking program, Bellerophon, was considered because it employs a
different chimera detection methodology (183) and could theoretically complement
Mallard. But, unfortunately, it is not yet available as a stand-alone package. Chimera
detection algorithms continue to be optimized and improved and the consensus in the
field is that there is not a perfect algorithm yet. Presumably, this actor could be upgraded
and replaced as newer software becomes available.
Determining OTUs
A key step to remove redundancy and determine the total number of times a
microbe is present in a library is the clustering of very similar sequences together. By
clustering highly similar sequences, operational taxonomic units (OTUs) are determined.
OTUs are akin to molecular microbial species definitions and are commonly based on
97% or 99% sequence identity levels. By clustering similar sequences together and
subsequently picking a representative sequence of that cluster, a count of the number of
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sequences in the cluster yields a relative proportion of the OTU out of the total collection
of sequences. Furthermore, the rest of the sequences that are not representing the OTU
can be excluded from further analysis because they are included in the total size of the
OTU, although the count of the size of the OTU retains the fact that the sequence was
observed.
For clustering in WATERS, we employed a new piece of software, OTU-Hunter,
that uses a re-implementation of the Markov clustering (MCL) algorithm to group
sequences together. Briefly, OTU-Hunter first calculates an all-by-all similarity matrix
(using the Kimura 2-Parameter) from the alignment of the sequences in all libraries. It
then simulates random walks via the MCL algorithm on the graph represented by the
similarity matrix and measures the flow until the algorithm ends in a nearly idempotent
matrix (that means the flow has stabilized and there is no change anymore). The resulting
matrix will be interpreted as the clusters and the sequence in a cluster over which the
most flow went is chosen as a representative of that cluster. If there is more than one
sequence with the same amount of flow within a cluster one of them will be chosen
arbitrarily as the representative.
Taxonomy assignment
Taxonomy assignments are made for each of the representative sequences chosen
by OTUHunter. The STAP software, as described in Chapter 3, is used for taxonomy
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assignments and can be run locally or, in parallel processing on a linux cluster. The use of
STAP in this program also offers users the opportunity to use STAP as a GUI without the
other actors that are available in WATERS, which is not available in the original STAP
program, which must be used on the command line.
Phylogenetic trees
Phylogenetic trees of the OTU representatives can be calculated using either the
neighbor-joining program, Quicktree (184), or the maximum-likelihood program, RaxML
(185). RaxML was an actor previously constructed for phylogenetic workflows and can
either be run locally or submitted to the CIPRES5 cluster and run on their web server
(186).
Results files delivered to the user
Ecology statistics
One of the first questions a microbiologist would have about their community of
interest is how many organisms do I have here? And how different is one sample from
another? To answer this question, the Chao1 diversity index is automatically calculated,
which is a statistic borrowed from ecology that estimates the total number of species in a
collection by taking into account the total size of the sample and the number of times a

5

CIPRES is a large-scale Cyberinfrastructure for Phylogenetic Research. More information can be found at
www.phylo.org

161

sequence was seen at least twice. This is a measure of “richness”, i.e., total number of
estimated organisms. A Shannon-Weiner index is also calculated for every library or
metadata variable, which is a measure of “evenness”. The Shannon-Weiner index
includes a measure of richness but also takes into account the relative proportion of the
organisms in the collection, to convey how evenly distributed the organisms are
throughout the sample.
Two other global ecological tools are returned: the calculation and display of
rarefaction curves and rank-abundance curves. In WATERS, these curves are displayed
both as a graphical pop-up image, a saved post-script image file and a text file that
contains the x,y coordinates of the graphs (Figure 5-2AB). The rarefaction curve displays
the increase in the number of OTUs as more sequences are added to the collection. The
slope of the rarefaction curve indicates how well sampled a library or an environmental
(metadata) variable was. For example, as the rarefaction curve begins to asymptote along
the x-axis, very few new OTUs are being added as new sequences are added. Conversely,
if the slop of the rarefaction curve is y=x, then every new sequence adds a new OTU.
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Figure 5-2 Sample results produced by WATERS:
Screenshots of pop-up windows (A-B) generated lived during a WATERS run. Rarefaction curves (A)
display library coverage as new sequence (x) vs. new OTU (y) and rank-abundance (B) curves display the
size distribution of the OTUs from largest to smallest. (C) Phylogenetic tree. SBT data (Chapt. 2) were
used to generate these sample figures.
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Library comparisons
Perhaps one of the most useful files produced by WATERS is the OTU table. The
OTU table writes out the OTU representatives, taxonomic description of these sequence
IDs and the total size of the OTU on a per library and/or per metadata variable basis. This
file can be manipulated in many practical ways to get an overall picture of how libraries
compare. For example, by dividing each OTU by the total number of OTUs in a library a
relative proportion of the OTU can be determined and is already formatted for
visualization with heat-mapping software, e.g., TreeView. These relative or raw OTU
values or even a presence/absence view of the OTUs (simply made in Excel by changing
all numbers greater than 0 to a 1) are perfectly formatted for use with many different
statistical tests such as PCA or hierarchical clustering (discussed in Chapter 1-2). Finally,
the OTU table can be used to sum up taxonomy groups at any taxonomic level to produce
taxonomy bar graph such as Figure 3-5AB.
Two additional sets of results are produced which are pre-formatted for use in
specific software programs that allow the user to globally compare libraries. First, are the
files required for phylogenetic library comparisons in Unifrac (154), namely a
phylogenetic tree and an “environment” file. Second, files formatted for use in a networkviewing program, Cytoscape (88). For both Unifrac and Cytoscape files, results are
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generated for every similarity cutoff used in OTUHunter (the default is 97% and 99%),
and they are also generated for every metadata variable comparison that the user includes.
Removed data
To assist in troubleshooting and quality control, WATERS returns to the user
three fasta files of sequences that were removed at various steps in the workflow. A
short_sequences.fas file is created that contains all sequences that were removed because
they did not meet the length requirements (default is 500 bp). A chimeras.fas file is
created that contains sequences that were determined to be likely chimeras and removed
by Mallard. And a bad_infernal.fas file is created that contains sequences that were
unalignable by Infernal.

Results and Discussion:
WATERS results are biologically meaningful
16S rDNA data in Chapter 1-2
WATERS was employed successfully on the nine SBT libraries discussed in
Chapters 2 and the 46 IBD libraries discussed in Chapter 3. These data were used to
optimize and develop WATERS at both a large (IBD data) and small (SBT data) scale of
sequence collections. The data were successfully analyzed and the results described in
these chapters were derived from results files delivered by WATERS. Based on a trial165

and-error approach, the results from these analyses were used to set the default
parameters in WATERS.
The benefits of automation
The automation of 16S rRNA analysis through a workflow system offers several
advantages. First and most obviously, WATERS dramatically increases the speed and
efficiency of these analyses. WATERS saves time, effort, and energy, which allows the
user to spend their time more productively rather than on highly repetitive bioinformatic
tasks. WATERS also increases accountability and reproducibility. The workflow
produces log and trace files that declare exactly what operations and calculations have
been performed. It is rather like an automatic lab notebook that records details that often
go unpublished and undescribed. In the future, if the log file is published and the actors in
the workflow are named, it should be very easy for the data to be re-analyzed and the
results to be reproduced by another user.
As discussed at the beginning of the chapter, the use of a workflow increases the
size of a workable dataset, and, in parallel should greatly decreases user-mediated error.
Our own experience of performing large-scale analysis with self-written perl scripts
strung together with shell commands has taught us that unintentional bioinformatics are
actually quite common and very easily perpetuated throughout an entire dataset. By
handing over the bookkeeping to Kepler and concentrating our efforts on the results and
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interpretation, we minimize the impact of human errors, particularly those borne out of
minimal expertise or minimal software familiarity. Ultimately, this allows for larger,
more complex analysis and comparisons, which should enhance the broader field of
microbial ecology.
Flexibility
Change the actors
While the workflow contains specific default settings, there are several ways the
user can change, alter, or re-construct the workflow according to personal preferences or
for comparison purposes. The first category is to add, substitute, or remove actors. For
example, there are two types of alignment methods, STAP and Infernal, Infernal is the
default but can be removed and swapped out with the STAP aligner. Or, alternatively, the
aligner can be disabled entirely if the user wishes to use their own alignment format, such
as Greengenes, or has manually aligned the sequences. The phylogenetic tree methods
can also be switched out. While it is hard to imagine the necessity, any actor can be
deleted or moved to a new place, especially downstream of OTUHunter. As long as a
black arrow connects one actor to another actor (and ultimately to the final trace writer),
the workflow will run, thus allowing a great deal of user autonomy and flexibility.
Change parameters
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The second category of flexibility is to change the parameter within a specific
actor. For example, Mallard, OTUHunter, and STAP each come with default parameters,
but can be changed by double-clicking on the actor and altering the parameters. Mallard
can be made to be more or less stringent in detecting chimeras, OTUHunter can calculate
OTUs at different percent identity cutoffs, and STAP can search for taxonomy
information in bacterial, archaeal, prokaryotic or eukaryotic domains of life.
Additionally, there is a default sequence length cutoff at the beginning of the workflow
that can be changed from the default setting of 500 bp minimum. Four actors can be run
locally or on a linux cluster if available, STAP aligner and taxonomy assigner,
OTUHunter, and Infernal. To turn on the cluster, a radio button is checked and the user’s
account information for the cluster is entered if necessary.
Change metadata
The third and most flexible way to produce new results is through the user-written
metadata file. The metadata file is optional, but allows the user to describe the libraries
analyzed in any combination of variables of interest. For example, in analyzing the IBD
dataset described in Chapter 2, there were many variables of interest including the
presence/absence of inflammation, the anatomical location from which the biopsy was
taken, the disease category of the patient, etc. Each of these variables was a column of
data and the library was assigned a classification for each variable. Ultimately, each
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variable column is used to create new Unifrac, Cytsoscape and OTU table files/text. The
metadata file is particularly flexible when new variables of interest develop as a result of
the original analysis. Because of the caching feature in Kepler, no new calculations are
made, the data are just re-parsed on a new metadata variable.
Future directions
As new sequencing methods continue to be developed and become exponentially
cheaper, we note that WATERS could be easily adapted for the data delivered by “next
generation” sequencing technologies. Specifically, short bar-coded sequences of the
variable regions from pyrosequencing require a great deal of pre-screening and qualitycontrol. In order to adapt WATERS to pyrosequencing reads, new actors that performed
these functions would need to be implemented. Furthermore, OTUHunter is currently the
rate-limiting computation within the workflow and would either need to be optimized or
replaced for datasets that exceeded roughly 50,000 sequences or more as pyrosequencing
datasets would surely do.
Fortunately, though, besides additional screening and clustering, many of the
downstream actors in WATERS would continue to be useful, and, in fact, if widely
adapted, would allow for easier comparisons between methods or between datasets made
with two different technologies. The beauty of the workflow system is modularity.
WATERS grants an opportunity to expand, adapt, and change without disrupting the

169

functional parts that already exist.

Conclusions
We present here a new, automated, workflow system to analyze 16S rDNA clone
libraries. The system is robust, flexible, evolvable, modular, and reproducible. WATERS
should increase community-wide accountability and data management as well as allow
new, less-experienced users to perform analyses at a very high technical level that might
otherwise be too informatically overwhelming. WATERS increases efficiency and saves
time, ultimately allowing the user to concentrate their efforts on more biologicallyengaging questions about microbial communities rather than on repetitive bioinformatics
tasks. In short, microbial ecologists do not need to be constrained by their bioinformatics
abilities in order to ask penetrating comparative microbial ecology questions if they
employ WATERS.
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Chapter 6.
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Conclusion

How far will the “superorganism” concept go?
People often use the colloquial expressions “I have a gut feeling...” or “My gut
instinct is…” without considering why we say these things or what the physical sensation
of being connected to our guts is. The gut is the most immune cell-rich tissue in our
bodies and is constantly sampling the outside world through our gut tissue. Recent
research suggests that the connections along the gut-brain axis are much more extensive
than previously realized and that part of this connection is influenced by our microbiota
(187, 188). One of the most fascinating reports I encountered during graduate school
presented evidence that Mycobacterium vaccae, a relative of the pathogenic tuberculosiscausing Mycobacterium tuberculosis, possesses anti-depressive properties that operate
via serotonergic uptake in a mechanism similar to common anti-depressive drugs such as
Zoloft (189). M. vaccae is very abundant in soils, forests and densely shaded areas and
wilderness settings. The authors speculate that inoculation with M. vaccae could be
connected to the “feel good” sensations associated with gardening, hiking and simply
being “out in nature”.
This field of gut microbiota-brain connection is still very much in its infancy and
much remains to be seen what will result from these efforts. But, much like the larger
field of gut microbial ecology ten years ago, this gut-microbe-brain has only recently
made a transition from viewing microbes exclusively as pathogens to viewing them as an
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unknown source of unknown but widely varied effects. The existence of this new subfield of human microbiology illustrates why I chose to enter this field of study. Every
month these last four years it seemed that new, surprising connections were being made
between human physiology and the commensal microbiota. The field seemed and still is
wide open and full of scientific questions that were tangible, important, and fascinating.
In the following paragraphs I will explain how the four previous data chapters answered
small but important questions within my field of study and where they leave off and open
new questions.
In the small bowel transplant study described in Chapter 2 we characterize bacterial
diversity in the human ileum after transplantation of the small bowel. During our
analysis, we found a very striking finding: inverted proportions of gut bacteria. Multiple
published reports have so far indicated that all humans and, in fact all mammals, have an
intestinal microbial ecosystem dominated by Bacteroides and Clostridia species. We
show that in many of the post-transplant samples the Bacteroides and Clostridia are
barely present and the normally rare community members, Lactobacilli and
Enterobacteria, completely dominate the community.
This finding of an inverted bacterial community and other results we report, makes
this study both novel and of broad interest to multiple fields. First, in terms of novelty,
we explore an extremely unique and perturbed environment, the transplanted human
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small bowel, and present the first microbial survey of this community. In regard to
ecology in general, we offer a novel example of a resilient “alternative stable state”
within a microbial ecosystem. The investigation of alternative stable states is common in
studies of “macro”-organism ecology (i.e., plants and animals) and has significant
implications for conservation biology. Also, our use of metabolomics to test a hypothesis
rather than generate hypotheses represents a novel methodological approach. Finally, our
study has clinical significance and possibly suggests an alteration to standard patient care
protocols. This is based on our finding that a widely used clinical procedure, an
ileostomy, completely changes the patients’ commensal microbiota and increases the risk
of post-ileostomy closure sepsis.
In the population-based IBD microbiota study described in Chapter 4, we detected
microbial patterns with Crohn’s disease, a sub-type of IBD, but did not detect very strong
microbial associations with UC. There is an ever-broadening literature base that
continues to search for microbial population patterns in IBD. And each study adds
something new to the milieu. Our study was unique in several ways. It included a wide
variety of associated clinical data some of which was quantitative such as pathology and
disease progression scores, which allowed us to associate these indices with specific
OTUs that were enriched or depleted in IBD. It is currently the 2nd largest reported
sequence-based study and provides a good comparison to the largest sequence-based
study of Frank et al. (78) because the cohort we examined was much less clinically severe
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as well as population-based rather than surgical specimens gathered from quaternary care
centers. That our findings are very similar to the Frank et al. study in the enrichments of
Gammaproteobacteria and depletions of Lachnospiraceae in spite of the unique study
designs provides strong support for the robustness of these microbial patterns. The
remaining and open question that must be addressed next is whether or not these
microbial patterns are causative or symptomatic of IBD. Several of the studies funded by
the HMP in June 2009 will focus on large IBD microbiota comparisons with much more
statistical power to begin to assess these relationships with better resolution than has
previously been possible. Hopefully, some of these studies will be able to monitor IBD
microbial populations through time to understand the innate fluctuations in these
populations and whether they associate with disease relapse or new inflammatory events.
In Chapter 3, we presented STAP, an automated Small Subunit Taxonomy and
Alignment Pipeline. The software developed for this study is novel in its combined use of
automation and phylogenetics to infer taxonomy of 16S rDNA sequences. By providing
new tools to the microbial ecology community we are able to increase the standardization
and reproducibility of 16S rDNA analysis. Contextually, the STAP software was
important because it highlighted the advantages of taxonomy assignment with
phylogenies rather than with BLAST. The comparisons of various datasets such as those
derived from coral (170) and the human gut (5) showed that both the alignment and
taxonomy steps are as good as, or sometimes better, than the widely accepted and used
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manual methods for these steps.
In Chapter 5, we present an automated, user-friendly, stand-alone workflow system
for the key steps in 16S rDNA analysis with additional visualization and ecological tools
built in within the Kepler workflow system. This workflow framework for analyzing
large datasets that have many inherent repetitive steps represents a forward progress for
the field of microbial ecology. Within WATERS we have included the STAP software as
well which moves STAP from being only available as a command line program to being
accessible within a GUI as well. With the expansion of 16S rDNA dataset size due to
increasingly cheap sequencing and with the funding of large HMP studies, it is clear that
the microbial ecology community will require new tools and methods for automation and
standardization. WATERS provides a new tool and framework and begins to demonstrate
to the community that these bioinformatics steps need not be tedious, repetitive and
difficult, that there are new methods available to increase throughput and efficiency.
The common theme of this dissertation is that microbial communities abound and are
abundant within the human body. By developing and improving methods to study these
communities we improve our ability to ask new questions and to further explore the
frontiers of human microbial ecology. The interactions of these communities with the
human host create a “superorganism” that we are only just beginning to understand.
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References
Appendices
APPENDIX 1: Clinical information and raw qPCR data for SBT cohort: For each
sample analyzed, all available clinical metadata and raw bacterial data is shown. Clinical
metadata was derived from available in-patient and out-patient medical records including
antibiotics, immunosuppressants, dietary information, bowel healthy, weight gain,
pathology reports of time-matched biopsies, and any noteworthy clinical events. Not all
information for every time point was available because of unreported data in the medical
records. Abbreviations: Antibiotics: B=bactrim, Z=zosyn, V=vancomycin, A=amikacin,
M=meropenum, I=imipenum,C=ciprofloxacin, U=unasyn, Met=metronidazole,
Amp=ampicilin, Cef=cefazolin, Naf=Nafacillin, Immunosuppressants:
M=methylprednisone, P=prograf, R=rapamune.
In the graphs, Y-axis is log scale. X-axis represents the 8 time bins in chronological order
(above). The layout of the patients 1-17 is the same as in Figure 2 in the main body of the
paper.
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by sight and sound (ornithology); performed general camp counselor duties.
PUBLICATIONS
Norais C, Hawkins M, Hartman AL, Eisen JA, Myllykallio H, Allers, T. (2007) Genetic
and physical mapping of DNA replication origins in Haloferax volcanii. PLoS Genet.
doi:10.1371/journal.pgen.0030077.eor
Wu D, Hartman A, Ward N, Eisen JA (2008) An Automated Phylogenetic Tree-Based
Small Subunit rRNA Taxonomy and Alignment Pipeline (STAP). PLoS ONE 3(7):
e2566. doi:10.1371/journal.pone.0002566
In press
Hartman AL, DM Lough, O. Fiehn, T. Fishbein, M. Zasloff, J.A. Eisen, (2009)
Proceedings of the National Academy of Sciences. Human gut microbiome adopts an
alternative state following small bowel transplantation.
Submitted
Hartman AL, Badger J, Madupu R, Khouri H, Lowe T, Maupin-Furlow J, Pohlschroder
M, Allers T, Daniels C, Eisen JA. (2009) The genome sequence of Haloferax volcanii:
comparative, historical, and novel perspectives on a model archaea.
In preparation
Hartman AL, Eckburg, PB, Bik, E, Bernstein, CN, Relman, DA, (2009) Changes in
diversity and microbial composition unique to Crohn’s disease, but not Ulcerative Colitis
or Healthy Individuals.
Hartman AL, Riddle, S, McPhillips, T, Ludaescher, B, Eisen, JA, (2009) WATERS: a
Workflow for the Analysis, Taxonomy, Ecology of 16S Ribosomal Sequences.
PROFESSIONAL PRESENTATIONS
Oral
Invited talk, Gordon Conference on Applied and Environmental Microbiology, July 2009
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Title: Human microbiome adopts alternative state following small bowel transplantation.
UC Davis host-microbe meeting, October 2008, Tahoe City, CA
Title: Waters: An Automated Workflow to analyze 16S rRNA data
Joint Microbiology Meeting, Joint Genome Institute, March 2008, Walnut Creek, CA
Title: Exploring microbial ecology in the diseased human gut: IBD and intestinal
transplantation
Invited seminar, The Food Research Institute, December 2007, Norwich, England
Title: Microbial ecology of the diseased human gut: IBD and the intestinal transplant
West Coast Bacterial Physiology Meeting, December 2006, Asilomar, CA
Title: Re-examining %GC content hypotheses in the haloarchaea
Poster
Hartman AL, DM Lough, T Fishbein, M Zasloff, JA Eisen, American Society for
Microbiology, Beneficial Microbes Conference, October 2008, San Diego, CA, Title:
Microbial re-colonization of the transplanted human small intestine
Hartman AL, DM Lough, T Fishbein, M Zasloff, JA Eisen, International Symposium on
Microbial Ecology, Cairns, Australia, August 2008
Title: Microbial population dynamics following human small bowel transplantation.
Hartman AL, PB Eckburg, EM Bik, CN Bernstein, DA Relman, Bay Area Microbial
Pathogenesis Symposium, March 2008, San Francisco, CA
Title: The dysbiosis of microbial populations in Crohn’s disease and ulcerative colitis
Hartman AL, PB Eckburg, EM Bik, CN Bernstein, DA Relman, UC Davis host-microbe
meeting, October 2007, Tahoe City, CA
Title: Microbial population imbalances in IBD
Hartman AL, PB Eckburg, EM Bik, CN Bernstein, DA Relman, Hopkins Biology
CMDB Departmental Retreat, October 2007, MD
Title: Microbial population imbalances in IBD
Hartman AL, PB Eckburg, EM Bik, CN Bernstein, DA Relman, Stanford University
Microbiology Departmental Retreat, October 2007, Santa Cruz, CA
Title: Microbial population imbalances in IBD
Hartman AL, PB Eckburg, EM Bik, CN Bernstein, DA Relman, Gordon Conference on
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Applied and Environmental Microbiology, July 2007, South Hadley, MA, Title: The role
of the microbiota in Inflammatory Bowel Disease
Hartman AL, PB Eckburg, EM Bik, CN Bernstein, DA Relman, UC Berkeley
Microbiology Symposium, March 2007
Title: Preliminary analyses of the microbial ecology of inflammatory bowel disease.
Hartman AL, Badger J, Madupu R, Khouri H, Lowe T, Maupin-Furlow J, Pohlschroder
M, Allers T, Daniels C, Eisen JA International Conference on Microbial Genomics,
September 2006, Arrowhead, CA
Title: The genome sequence of Haloferax volcanii, lessons from a model archaeaon
Competitive Travel Awards
International Symposium on Microbial Ecology, Cairns, Australia, August 2008; Student
Travel Award, $1500
American Society for Microbiology Beneficial Microbes Conference, San Diego, CA,
October 2008; $500 Travel award
International Conference on Microbial Genomics, September 2006, Student Travel
Award, $750
Graduate Resource Organization, $450, Johns Hopkins University, May 2007
International Conference on Microbial Genomics, September 2006, Student Travel
Award, $750
INTERDISCIPLINARY COLLABORATIONS
Seminar organizer
2007-current, student-led Work-in-Progress seminar series
UC Davis Medical Microbiology & Immunology Department
Project leader
2007-current, collaboration between University of Manitoba and Stanford
University, Winnipeg, Manitoba and Palo Alto, CA
Facilitating and coordinating a multi-institutional collaboration on the role of
microbes in human inflammatory bowel disease
Project leader
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2005-2009, Georgetown University Medical Center, Washington, DC
Led and organized a clinical collaboration to study bacteria colonizing the
gastrointestinal tract following intestinal transplantation.
COMPUTER SKILLS
• Unix-based bioinformatics
• Perl language programming
• SQL database query language
• R statistical language and software
• Matlab statistical language and software
• Kepler workflow technology
MENTORING ACTIVITIES
• Collin Ellis, PhD student in the Nutritional Biology department, 2008-current
• Clare Xu, UC Davis Biotechnology major, Undergraduate student, 2007-2009
• Jennifer Beyer, Davis Senior High School student, 2007
PROFESSIONAL MEMBERSHIPS
• American Society for Microbiology
• International Society for Microbial Ecology
• Beta Beta Beta Biological Society; Biology honor society
EXTRACURRICULAR INTERESTS
• Language skills: fluent Spanish and intermediate German
• German class, Davis Adult School, weekly, 2007-current
• 10th grade Religious Education Instructor, 2006-2009, Davis, CA
• Avid snow skier, hiker, and bicyclist
• Baltimore Beach Volleyball League, 2004-2006, Baltimore, MD
• Johns Hopkins Intramural Championships: Volleyball 2005, Softball 2006
• Treasure Coast Volleyball Club, 2003-04, 16 & under women’s volleyball
Coach
• Davidson Outdoors, WAFA-Certified Trip Leader, 1999-2002, Davidson, NC
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