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ABSTRACT 

DYSBIOSIS IN INFLAMMATORY BOWEL DISEASE 

Masoumeh Sikaroodi, Ph.D. 

George Mason University, 2013 

Dissertation Director: Dr. Patrick M. Gillevet 

 

The endogenous microbiota of gastrointestinal tract play an important role in 

maintenance of human health and development of disease. Some critical functions of the 

commensal flora for the host include regulation of fat storage, stimulation of intestinal 

angiogenesis, and regulation of epithelial homeostasis. Although intestinal microbial 

flora outnumber human cells by an order of magnitude, this complex community is not 

well characterized, and its diversity in health and disease is poorly defined. The main 

reasons for this shortcoming are inter-individual differences, sampling difficulties, 

insensitivity and limitations of methodology, and the fact that only about 30% of the 

microorganisms can be cultured. However, recent advances in molecular techniques have 

helped to characterize human gut flora in normal and diseased states. 

Inflammatory bowel disease (IBD) is a group of chronic disorders that cause 

inflammation in the intestines. This group of disorders comprise life impairing and 

relapsing illnesses that have no cure, affect close to 1.4 million Americans, and cost 
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billions of dollars/year to health care systems.  There is no known single cause for IBDs, 

and they are increasing in incidence, especially in Western countries. Multiple studies 

have implicated bacteria in the etiology and pathogenesis of IBDs. 

We have taken a Systems Biology approach to identify patterns of dysbiosis in 

IBDs. Our goals were: 1) to confirm the correlation between bacterial communities 

residing in the gastrointestinal tract and the occurrence of the disease in IBD patients, and 

2) to determine if changes in the bacterial community (dysbiosis) cause the disease or if 

the dysbiosis occurs after the start of inflammatory process. Our main observations are 

that the mucosal biofilm is more correlated with disease etiology than stool. Our study 

also demonstrates that knowledge discovery approach could drive the development of 

new testable hypotheses that can be validated experimentally in the future. 
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INTRODUCTION   

Inflammatory Bowel Disease 

Inflammatory Bowel Disease is a group of chronic disorders generally 

characterized by inflammation in the intestines, although any part of the digestive tract, 

including the mouth, esophagus, stomach, duodenum, appendix, or anus may be affected 

(Hendrickson, Gokhale et al. 2002; NDDIC 2006). The inflammation lasts a long time 

and usually recurs multiple times. Crohn’s disease (CD) and Ulcerative Colitis (UC) are 

the two most severe forms of IBD (Figures 1 and 2). Both CD and UC are chronic, life 

impairing diseases characterized by recurrent episodes of symptoms (active state) with 

relatively normal health (inactive state) in between. There are significantly more reported 

cases in Western Europe and North America than in other parts of the world. Up to 1 

million Americans are estimated to have inflammatory bowel disease (Stenson 1999; 

Sepehri, Kotlowski et al. 2007).  

IBDs occur among both sexes and all age groups, but are most frequently 

diagnosed in young people (Stenson 1999; Hendrickson, Gokhale et al. 2002). The exact 

etiology for IBDs is unknown although it is thought that the bacteria of the lower gut 

promote inflammation due to inappropriate activation of the mucosal immune system 

(Hendrickson, Gokhale et al. 2002; Podolsky 2002; Bouma and Strober 2003; Mangin, 

Bonnet et al. 2004; Marteau, Lepage et al. 2004; Sepehri, Kotlowski et al. 2007). There is 

also evidence of a genetic link (Hendrickson, Gokhale et al. 2002; Podolsky 2002; 

Bouma and Strober 2003) since IBDs frequently show up in family groups and 20% of 



2 
 

patients have a relative with some kind of IBD (http://digestive.niddk.nih.gov/ 2006). An 

ethnic link is also implicated in that processed foods may contribute to the development 

of the disease (Hoffman 1995). 

The symptoms may vary in different forms of IBDs, but the most common 

symptoms are abdominal pain, diarrhea, rectal bleeding (which may lead to anemia), 

weight loss, fever, fatigue and lethargy (anglefire.com 1998; NDDIC 2006). Children 

who suffer from CD may also show stunted growth (Hendrickson, Gokhale et al. 2002; 

Hendrickson, Gokhale et al. 2002; NDDIC 2006). The intestinal complications of IBDs 

may include bowel obstruction, bowel perforation, abscesses and fistulas (Hendrickson, 

Gokhale et al. 2002; http://digestive.niddk.nih.gov/ 2006). The list of non-intestinal 

conditions associated with IBD includes arthritis, eye and skin problems, chronic liver 

conditions (rare), and open sores called fissure. The IBD patients are also at increased 

risk for cancer (Hendrickson, Gokhale et al. 2002; Guarner and Malagelada 2003; Geier, 

Butler et al. 2007). 

IBDs are diagnosed by examining the patient’s medical history and a combination 

of blood and stool tests, X-rays, sigmoidoscopy, and colonoscopic biopsy. To date, there 

is no cure for IBDs. Cortisone or other steroids, anti-inflammatory drugs, immune system 

suppressors and antibiotics have been shown to control the disease (Hendrickson, 

Gokhale et al. 2002; Podolsky 2002; NDDIC 2006). A balanced diet and nutrition 

supplements may also help the patients. Surgery to remove the affected part of intestine 

may be suggested, but it does not cure the disease since the inflammation returns to 

adjacent parts of the colon in form of pouchitis (Hendrickson, Gokhale et al. 2002; 
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Podolsky 2002; http://digestive.niddk.nih.gov/ 2006) which is the inflammation of the 

pouch after colectomy and ileal pouch–anal anastomosis (IPAA). 

 

Crohn's Disease 

Crohn's Disease (CD) is a chronic inflammatory bowel disease (IBD) with 

unknown origin (idiopathic). It was named after Burrill B. Crohn, an American physician, 

who described the disease in his landmark paper written in 1932 (anglefire.com 1998). 

CD usually affects the lower part of the small intestine, called the ileum, but it can also 

affect any other part of the digestive tract from mouth to anus (NDDIC 2006). In CD the 

intestinal inflammation can cause severe abdominal pain, diarrhea, nausea, fever, chills, 

weakness, anorexia, and weight loss. It affects both men and women equally, mostly 

starting in their teens or early twenties. The children with Crohn’s disease often suffer 

from retarded physical growth (Hendrickson, Gokhale et al. 2002; NDDIC 2006). 

 Crohn’s disease is difficult to diagnose because its symptoms are similar to other 

IBDs such as Ulcerative Colitis (UC). UC causes ulcers and inflammation in the top layer 

of the lining (mucosa) of the large intestine whereas in CD inflammation extends deep 

into the lining of the affected organ, usually small intestine (Martin and Rhodes 2000; 

Hendrickson, Gokhale et al. 2002). For both diseases, the diagnosis is based on clinical 

signs, blood tests, x-rays and endoscopy. IBD occurs worldwide, although it is more 

common in some regions such as United States, United Kingdom and Scandinavia. 

Currently about 1.4 million Americans are affected by IBDs and 4 to 10 / 100,000 
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persons are newly affected per year (Hendrickson, Gokhale et al. 2002). About 20% of 

the IBD patients have a blood relative with some kind of IBD (NDDIC 2006).  

 The cause of CD is unknown. The most popular theory is that the disease is the 

result of body’s immune system’s reaction to microflora of the intestinal lumen.  CD 

patients have abnormalities in their immune system, but it’s not clear if this is a cause or 

result of the disease (Hendrickson, Gokhale et al. 2002; Podolsky 2002; Bouma and 

Strober 2003; Mangin, Bonnet et al. 2004; Marteau, Lepage et al. 2004). 

 Crohn’s disease may cause complications that can lead to surgery. The most 

common complication is blockage of the intestine that is the result of the thickening of 

the intestinal wall with swelling and scar tissue, narrowing the luminal passage. CD may 

also cause sores, or ulcers, that tunnel through the affected area into surrounding tissues 

such as the bladder, vagina, or skin. The areas around the anus and rectum are often 

involved. These tunnels, called fistulas, are a common complication and often become 

infected. Sometimes fistulas can be treated with medicine, but in some cases they may 

require surgery (NDDIC 2006).  

There are also some nutritional complications such as deficiency of proteins, 

calories and vitamins that result from CD. These may be because of inadequate intake or 

malabsorption (NDDIC 2006). Other complications include arthritis, skin problems, 

inflammation in the eyes or mouth, kidney stones, gallstones, or other diseases of the 

liver and biliary system. Recent data suggest that CD patients are also prone to small and 

large colon cancer (Hendrickson, Gokhale et al. 2002; Guarner and Malagelada 2003; 

Geier, Butler et al. 2007). 
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 There is no cure for CD. Available treatments may only help to control the 

disease. The treatment for CD depends on the severity of the complications and the 

location of the disease (Hendrickson, Gokhale et al. 2002). The goal of the treatment is to 

control the inflammation, to relieve the symptoms such as abdominal pain, diarrhea, and 

rectal bleeding, and to correct the nutritional deficiencies. In general, because of the 

cyclic nature of remission and activation of the disease, it is hard to tell if the treatment 

has helped, and thus CD patients need long-term medical care and are frequently 

hospitalized. As the role of intestinal microbiota in health and disease has been 

established, fecal transplantation from healthy donors is being implemented as a 

therapy(Khoruts and Sadowsky 2011). This method has its own advantages and 

disadvantages (risks) and needs to be optimized before can be widely used. 

 

 

 

 

 

 

  
Figure 1: A schematic diagram of Crohn's Disease. 
Image courtesy of www.childrenshospital.vanderbilt.org 
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Ulcerative Colitis 

Unlike CD that can involve any site within the gastrointestinal tract, UC involves 

inflammation of the inner lining of the colon and rectum. The rectum is involved in more 

than 95% of cases (Hendrickson, Gokhale et al. 2002). Therefore, rectal bleeding and 

bloody diarrhea are definite symptoms of untreated UC. About half of the people 

diagnosed with UC have mild symptoms. Others suffer frequent fevers, bloody diarrhea, 

nausea, and severe abdominal cramps (Hoffman 1995). UC may also cause problems 

such as arthritis, inflammation of the eye, liver disease, and osteoporosis. Why these 

problems occur outside the colon is not known but they can be complications of the 

disease or the result of treatments especially with corticosteroids (Hendrickson, Gokhale 

et al. 2002; Medicinenet.com 2007). UC occurs more frequently in Caucasians and 

females are 30% more likely to be affected than males (Kirsner and Shorter 1988). UC 

can occur at any age, but most people are diagnosed with UC in their 20s and 30s. The 

disease is more common among European origin and Jewish people, and 20% of people 

with UC have a close relative with the disease. 

Ulcerative colitis can be categorized based on the site of occurrence and the 

specific signs and symptoms of the disease:  (1) Proctitis involves only the rectum is 

usually accompanied by diarrhea, bloody stool, pain in the rectal area, and a sense of 

urgency to empty the bowel, (2) Proctosigmoiditis usually affects the rectum and the 

sigmoid colon is accompanied by moderate pain on the left side of the abdomen, (3) Left-

sided colitis usually affects the sigmoid colon and descending colon and usually presents 

with severe left-sided pain (4) Pancolitis involves inflammation of the entire colon and is 
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accompanied by severe abdominal pain, and (5) Fulminant colitis is a rare but severe 

form of pancolitis. These patients are extremely ill with severe abdominal pain, 

dehydration, bleeding diarrhea, and even shock. They are at risk of developing colon 

rupture (perforation) and toxic megacolon (dilatation of the colon due to severe 

inflammation). Patients with fulminant colitis and toxic megacolon are hospitalized and 

unless they respond to treatment promptly, surgical removal of the diseased colon is 

necessary to prevent colon rupture.  

This classification system aids physicians in management of the disease. Some of 

the symptoms can be treated with local agents introduced through the anus, including 

steroid-based or other enemas and foams, but pancolitis must be treated with oral 

medication so that active ingredients can reach all of the affected portions of the colon 

(Well-Connected 2005). 

 

 

 

 

 

 

  
Figure 2: A schematic diagram of Ulcerative Colitis. 
Image courtesy of www.childrenshospital.vanderbilt.org 
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Figure 3: A schematic diagram of gastrointestinal tract.  
Image courtesy of Pearson Education, Inc. 
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OVERVIEW OF THE HUMAN MICROBIOME 

The Human Gastrointestinal Tract and the Gut Microbiota 

 
The human gastrointestinal tract (GIT) is the second largest surface area in human 

body and it is estimated to be 240-400 m2, which is comparable to the size of a tennis 

court (Figure 3) (Bengmark 1998). This nine-meter long tube is the interface between 

outside world and internal human environment, and approximately 60 tons of food passes 

through this organ during a life time (Hawrelak and Myers 2004). While food is essential 

and extremely important for human well being, it poses a threat by exposing the human 

body to various microorganisms, their products, perhaps dietary antigens, and other 

macromolecules. The intestinal mucosa plays a crucial role in absorbing the nutrients and 

eliminating the harmful microorganisms and macromolecules. This is mainly done by the 

normal microflora that coexists with the host in this environment. The human body is 

estimated to contain as much as 1014 bacterial cells, which is an order of magnitude more 

than human cells (Sekirov, Russell et al. 2010). Some researchers even consider it as 

another “organ” which is similar to the liver in weight (1-1.5 kg) as well as number of 

biochemical reactions (Hawrelak and Myers 2004).  

Virtually all the surfaces of human body (i.e.; skin, genitourinary tract, 

gastrointestinal tract, respiratory tract) that are exposed to external environment are 

colonized by microbes, but the gastrointestinal tract is the most heavily colonized organ 
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and the colon itself contains an estimated of 70% of the microbial contents of the human 

body. This is probably due to the nutrient rich environment of the gastrointestinal tract 

(Sekirov, Russell et al. 2010).  

The abundance of bacterial cells varies in different parts of the intestinal tract; it 

ranges from 101-103 bacteria per gram of contents in stomach to 1011-1012 per gram in the 

colon (Eckburg, Bik et al. 2005; Sekirov, Russell et al. 2010). Fifty genera and between 

500 to1000 bacterial species are estimated to be present in the gut micoflora (Hawrelak 

and Myers 2004; Eckburg, Bik et al. 2005; Sekirov, Russell et al. 2010). Most gut 

microbiota are strict anaerobes, and the gastrointestinal tract is dominated by two 

bacterial phyla, Bacteroidetes and Firmicutes. The minor components of gut bacteria 

include Actinobacteria, Proteobacteria, Fusobacteria, Verrucomicrobia, and 

Cyanobacteria phyla (Eckburg, Bik et al. 2005). Different sites in the gut are not 

radically different in microbial populations, but some bacterial groups may be enriched at 

different sites. Frank et al in an in-depth molecular survey of microbiology within the 

human small intestine reported that members of the class Bacillus (predominantly the 

Lactobacillales clade) were significantly more abundant in the small intestine than in the 

colon. In contrast, different members of the Bacteroidetes and the family 

Lachnospiraceae were less abundant in the small intestine. Also, the small-intestine 

samples contained less overall phylogenetic diversity of Bacteroidetes and Firmicutes 

than large intestine (Frank, St Amand et al. 2007).  

The human associated microbiota plays many critical roles in the body. If it is 

drastically altered, the host health can be compromised. The gastrointestinal tract 
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microflora is involved in stimulation of the immune system, digestion and nutrient 

absorption, enhancement of gastrointestinal tract motility and function, synthesis of 

vitamins K and group B, inhibition of pathogens, metabolism of plant compounds/drugs, 

and production of short chain fatty acids (SCFAs) and polyamines (Hawrelak and Myers 

2004). Many factors can harm the members of the gastrointestinal tract microflora, such 

as antibiotic use, psychological and physical stress, and dietary changes. Antibiotic use or 

misuse is the most common cause of changes in gastrointestinal tract microflora 

(Hawrelak and Myers 2004).  

 

Microbiota in Healthy Individuals  

 The indigenous human microbiota was first investigated more than 300 years ago 

after invention of the microscope (Relman 2012). To understand the symbiotic 

relationship between gut microbiota and their host we need to characterize the microbiota 

in healthy individuals and how they change in a disease state. However, with the inter- 

and intra-individual variations and the complexity of gut microbiota in a population 

defining a healthy state can be complicated. Culture based studies suggest a core 

microbiota for typical healthy adults, since even low abundance taxa from most people 

might be easily isolated in a culture (e.g., facultative anaerobes such as E.coli) 

(Lozupone, Stombaugh et al. 2012). The culture-independent studies however show a 

highly diverse microbiota with about 1000 phylotypes that vary in their abundance 

between individuals and across populations. 
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With the advent of molecular techniques in last two decades, there have been 

various studies to determine the microbiome of healthy individuals. Most studies have 

shown that Bacteroidetes and Firmicutes are the major and Actinobacteria, 

Proteobacteria and Verrucomicrobia are the minor components of a healthy gut 

microbiota, while Methanobrevibacter smithii is the main archaea identified in gut 

microbiome (Eckburg, Bik et al. 2005). At the species level Faecalibacterium prausnitzii, 

Roseburia intestinalis, and Bacteroides uniformis have been identified as a core set (Qin, 

Li et al. 2010), but even these bacteria can represent less than 0.5% of the microbes in 

some individuals (Turnbaugh, Hamady et al. 2009). Therefore, the concept of a core set 

microbiota may not hold true if we combine different data sets from different ages and 

countries (Lozupone, Stombaugh et al. 2012) . One should keep in mind that there are 

some 1011-1012 cells per gram of contents in the colon (Eckburg, Bik et al. 2005; Sekirov, 

Russell et al. 2010) and taxa present at 0.1 % relative abundance (10-3) are still present at 

a concentration of 109 cells per grams which is a very large number of cells. Thus, the 

impact or functionality of the rare microbiome is still unknown as it has been beyond the 

depth of coverage used in most current studies (Lozupone and Knight 2008). 

The National Institute of health initiated the human microbiome project (HMP) in 

2007 to characterize “the second human genome”. In the study performed by Methé et al 

(Methe 2012) as part of HMP, 242 healthy individuals in US were sampled at 15-18 body 

sites, 3 times over a 22 month period and 11,174 samples were collected. Sequences of 

16s rRNA as well as shotgun metagenome DNA sequences from this research are 

available in public databases. Most of the common microbial taxa and their genes were 
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identified for the 242 healthy humans in this research (Methe 2012). Another HMP 

research group, Huttenhower et al (Huttenhower and et. al. 2012) worked with this data 

set and had some interesting observations. In this study each individual’s microbial 

community is unique and seems to be stable (relative to the whole population) over time. 

Another observation was that no taxa were universally present among all body habitats 

and individuals at this sequencing depth, although several clades were prevalent. Each 

body habitat in every subject was characterized by a few signature taxa that represent the 

prevalent members of the community. Less abundant taxa were also highly personalized, 

both among individuals and body habitats.  

Another concept is the functional diversity of the microbiome. Identifying the 

microbial composition of a healthy gut does not necessarily lead to understanding the 

function of this microbial community (Lozupone, Stombaugh et al. 2012). Now with 

large number of sequences available in public databases and bioinformatics tools we can 

predict the functions of the identified genes involved in specific metabolic pathways. 

Working with messenger RNA, proteins, and metabolites give us more accurate 

functional identification. Interestingly, despite the highly diverse composition of gut 

microbiota between individuals the functional profiles are very similar (Qin, Li et al. 

2010). The HMP also confirmed previous studies that relative abundance of genes 

associated with certain pathways varied less between samples from same habitats than the 

relative abundance of taxa, suggesting functional redundancy between community 

members (Relman 2012).  
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Gut Microbiota in Twin Pairs 

Studies show that both host genetics and environmental factors are involved in 

inflammatory bowel diseases (Turnbaugh, Hamady et al. 2009; Lepage, Häsler et al. 

2011). Inter-individual variations have made it difficult to correlate “a” specific or “a 

group” of specific bacteria to gastrointestinal disorders (Willing, Dicksved et al. 2010). 

Study of monozygotic and dizygotic twins and/or parent-offspring pairs may provide an 

insight into this problem (Turnbaugh, Hamady et al. 2009). Indeed, twins concordant or 

discordant for obesity, IBD, and healthy twins have been studied by a few research 

groups in recent years (Turnbaugh, Ley et al. 2006; Turnbaugh, Ley et al. 2007; 

Turnbaugh, Hamady et al. 2009; Turnbaugh, Quince et al. 2010; Willing, Dicksved et al. 

2010; Lee, Sung et al. 2011; Lepage, Häsler et al. 2011; Ridaura, Faith et al. 2013; Smith, 

Yatsunenko et al. 2013). Turnbaugh et al. studied 154 individuals including 31 

monozygotic and 23 dizygotic twins, and 46 of their mothers to assess the influence of 

genotype and environmental exposure on their microbiome in relation to obesity 

(Turnbaugh, Hamady et al. 2009). The study conclude that “the human gut microbiome is 

shared among family members, but that each person’s gut microbial community varies in 

the specific bacterial lineages present with a comparable degree of co-variation between 

adult monozygotic and dizygotic twins” (Turnbaugh, Hamady et al. 2009). In other 

words, no core set of abundant species-level phylotype was detected. This study of 

discordant (obese and lean) twin pairs showed that the identical or monozygotic twin 

pairs respond to overfeeding by gaining weight more reproducibly than dizygotic twin 

pairs. In a later study (Turnbaugh, Quince et al. 2010) by the same group, deep sequenced 
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samples from a monozygotic twin pair were compared to 281 shallow sequenced fecal 

samples (variable region 2 of 16S rRNA) of 54 twin pairs and their mothers. The 

conclusion was that despite the large interpersonal variations in the gut microbiota 

composition and the absence of a core set of abundantly shared phylotypes, the common 

phylotypes can be obtained from small number of individuals with deep sequencing 

(Turnbaugh, Quince et al. 2010). Although a surprising number of phylotypes were 

shared between body habitats and across unrelated individuals, only 17% of genus level 

assemblies from deep sequencing of fecal DNA were shared between the monozygotic 

twins in the study (Turnbaugh, Quince et al. 2010). 

Another study of 38 twin pairs concordant or discordant for IBDs (15 UC and 23 

CD) and two healthy monozygotic twins as controls concluded that the relative amounts 

of bacterial populations was correlated with IBD phenotypes (Willing, Dicksved et al. 

2010). The similarity was high for mucosal biopsy samples from concordant twin pairs, 

but not with the discordant twin pairs, especially if one of the twins had ileal CD (iCD). 

The fecal samples from healthy twin pairs in this study were similar at genus level, but 

not at the finer phylogenetic level. Another study of healthy adult twins living in two 

geographic locations (US and South Korea) also confirmed that the inter- and intra-

individual variations in microbiota composition might be masked by phenotypic 

differences (such as obesity) (Lee, Sung et al. 2011).  

In a study of patients with ulcerative colitis, a group in Germany sampled the 

sigmoid colon of 62 volunteers including 11 healthy dizygotic twins, 7 healthy 

monozygotic twins, 8 discordant monozygotic twins, and 10 healthy unrelated volunteers 
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as control (Lepage, Häsler et al. 2011).  The similarity of microbial composition was 

significantly higher in monozygotic than dizygotic twins and unrelated individuals. Also, 

the healthy siblings of UC discordant twin pairs had lower bacterial haplotype richness 

than the healthy volunteers, and that was comparable to their UC affected siblings 

(Lepage, Häsler et al. 2011).  

 

In a recent extensive study of Kwashiorkor malnutrition in 317 twin pairs (Smith, 

Yatsunenko et al. 2013) the researchers did not find significant association between 

concordance for acute malnutrition and zygosity. In this study the pathogenic role of 

microbiota was tested by transplanting the fecal microbial communities from discordant 

twin pairs into gnotobiotic mice to assess if the donor phenotypes could be transmitted 

through their microbiomes. The study showed that the gut microbiota from two of three 

pairs of discordant twins transmitted the malnutrition phenotype and manifested the 

weight loss (Smith, Yatsunenko et al. 2013). The same group also transplanted the fecal 

microbiota from lean and obese twin pairs into germ-free mice and showed that the total 

body mass increased in the obese test group, but it changed when they caged them with 

lean subjects (Ridaura, Faith et al. 2013). These cage effects need to be carefully 

monitored as the microbiome of control mice caged in different cages actually diverge 

due to random genetic drift even though they were housed in the same facility 

(Gootenberg and Turnbaugh 2011; McCafferty, Muhlbauer et al. 2013). Thus, one could 

observe differences between mice in different cages that could be erroneously attributed 

to different treatments. 
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Gastrointestinal Tract Microbiota and Cancer 

Inflammation could be a risk factor for the development of cancer (Parkin 2006), 

and the changes in gut microbiota that cause inflammation have been linked to colorectal 

cancer (Rowland 2009; Marchesi, Dutilh et al. 2011; Sobhani, Tap et al. 2011; Arif Khan, 

Shrivastava et al. 2012). Although the mechanism is not totally clear, recent studies have 

shown that gut bacteria may promote colorectal cancer by production of DNA-damaging 

radicals, production of genotoxins, and induction of cell proliferation through T-helper 

cells (Marchesi, Dutilh et al. 2011).  

In a recent study, Marcheshi et al (Marchesi, Dutilh et al. 2011) compared 

samples from malignant mucosal tissue and adjacent non-malignant tissue of 6 colorectal 

cancer patients by rRNA sequencing and found that 5 out of samples showed dramatic 

differences between the microbial communities. More Bacteroidetes and less Firmicutes 

were reported in tumors vs matching non-malignant tissue samples for the same patients. 

There was no over-representation of pathogenic bacteria (Enterobacteria group) in 

malignant tissue and the pathogenic bacteria might be associated with early stages of 

cancer and not with malignancy. The overrepresented bacteria in malignant tissue were 

members of Coriobacteridae, Roseburia, Fusobacterium, and Feacalibacterium, which 

are considered gut commensal bacteria, and the authors concluded that these bacteria 

replace the pathogenic strains at later stages of the malignancy because of the changes in 

tumor microenvironment (Marchesi, Dutilh et al. 2011). 

In another study sequences from patients with colon or rectal cancer were 

compared to normal individuals and 18 bacterial genera with more than 1% abundance 
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were identified for 75% of the sequences (Sobhani, Tap et al. 2011). Thirteen of 18 

bacterial genera corresponded to the human microbiota phylogenetic core based on a 

study by Tap et al. (Tap, Mondot et al. 2009), but the normal individuals vs cancer 

patients could be distinguished by 7 genera (Sobhani, Tap et al. 2011). Also the 

Bacteroidetes/Prevotella population was higher in cancer patients as determined using 

quantitative PCR. In this study the control group were people with normal colonoscopy 

and not exactly healthy as they had been referred for a colonoscopy. 

Although most reports do not link the development of colorectal cancer to a single 

bacterial species, recent studies indicated that Fusobacterium has been associated with 

advanced stages of this cancer (Castellarin, Warren et al. 2012; Kostic, Gevers et al. 

2012; McCoy, Arau´ jo-Pe´ rez et al. 2013; Wu, Yang et al. 2013). In a more recent study 

of 115 subjects (48 cancer cases and 67 controls), McCoy et al. showed that the 

abundance of Fusobacterium was higher in adenoma cases than in controls and there was 

a positive correlation between some cytokines (IL-10 and TNF-α), and Fusobacterium 

abundance (McCoy, Arau´ jo-Pe´ rez et al. 2013). In contrast to Sobhani et al. (Sobhani, 

Tap et al. 2011) discussed earlier, this study reported a reduced abundance for 

Bacteroidetes in colorectal cancer tissue samples versus controls.  

These results suggest that the intestinal microbiota may play an important role in 

etiology of colorectal cancers. It is clear that gut microbiota are capable of metabolic 

activities that could have either carcinogenic or anti-carcinogenic effects. The modulation 

of intestinal bacteria and their activities through probiotics and prebiotics may have an 

impact on cancer treatment or cancer prevention. 
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Effect of Diet on Gastrointestinal Microbiota 

One of the main factors contributing to the diversity of human gut microbiota and 

its taxonomic composition is diet and the dietary habits (De Filippo, Cavalieri et al. 2010; 

Karasov, Martinez del Rio et al. 2011). Diet can influence the microbiota in two ways: 1) 

by including viable microorganisms that, because of their resistance to digestion (i.e., the 

effects of gastric acid, digestive enzymes, bile acids, etc.), reach the colon, colonize it, 

grow and become metabolically active, and 2) by including nondigestible substrates that 

resist human digestion which then stimulate the growth and metabolism of resident 

bacteria in the colon. The former are called probiotics while the latter are colonic foods, 

which, if they have the additional characteristic of selectively promoting growth of 

specific bacteria, may be known as prebiotics. 

It has been challenging to conduct controlled large-scale trials in humans to study 

the impact of diet on gut microbiota, so most of these studies have been done on germ 

free animals especially humanized mice (Ley, Bäckhed et al. 2005; Turnbaugh, Ley et al. 

2006; Turnbaugh, Hamady et al. 2009; Turnbaugh, Ridaura et al. 2009; Wikoff, Anfora et 

al. 2009; Arora, Anastasovska et al. 2012; Power, O'Toole et al. 2013; Ridaura, Faith et 

al. 2013). Various studies on gnotobiotic mice have shown that inoculation of human 

microbiota into germ free mice followed a successful colonization and stability of 

donor’s microbiota in recipient mice (Turnbaugh, Ley et al. 2006), although the relative 

abundance of each taxa was then altered to resemble more closely to the microbiota of 

the recipient (Rawls, Mahowald et al. 2006; Gootenberg and Turnbaugh 2011).  
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Also, a study on the effects of diet on human gut microbiome in humanized 

gnotobiotic mice by Turnbaugh et al. showed a change in diet “from a low-fat, plant 

polysaccharide–rich diet to a high-fat, high-sugar (Western) diet in mice colonized by 

human fecal micobiota shifted the structure of the microbiota within a single day, 

changed the representation of metabolic pathways in the microbiome and altered 

microbiome gene expression” (Turnbaugh, Ridaura et al. 2009).  

In another study comparing the effect of diet on Europe and rural African children 

by using high-throughput 16S rDNA sequencing and biochemical analyses, De Filippo et 

al. (De Filippo, Cavalieri et al. 2010) found significant enrichment in Bacteroidetes and 

depletion in Firmicutes in African children who had a diet high in fiber content that was 

similar to early humans. Bacteria from the genus Prevotella and Xylanibacter, which 

contain a set of bacterial genes for cellulose and xylan hydrolysis, were abundant in 

African children while completely missing from European children (De Filippo, Cavalieri 

et al. 2010). Also, Shigella and Escherichia (family Enterobacteriaceae) were 

significantly underrepresented in rural African compared to European children. Gut 

microbiota were hypothesized to have coevolved with the polysaccharide-rich diet of 

rural African individuals to maximize the energy intake from fibers while also protecting 

them from inflammations and colonic diseases (De Filippo, Cavalieri et al. 2010).  

In an extensive study of fecal microbiota of 60 mammalian species including 

human, Ley et al. (Ley, Hamady et al. 2008) indicated that bacterial communities co-

diversified with their hosts and the host diet and phylogeny both influences the bacterial 

diversity. Bacterial diversity was lowest in carnivores and highest in herbivores (Ley, 
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Hamady et al. 2008). Different bacterial species can be genetically different in utilizing 

various substrates, therefore the composition of gut flora changes in response to diet 

(Power, O'Toole et al. 2013). Certain bacterial species especially in phylum 

Bacteroidetes have a large number of genes encoding carbohydrate-active enzymes 

which allows them to switch between different energy sources based on availability, but 

some are more specialized and may play an important role in degradation of complex 

substrates (Flint, Scott et al. 2012).  

 

Probiotics and Prebiotics 

The term “Probiotic” is accredited to Lilly and Stilwell who used it in 1965 for 

microorganisms that have effects on other microorganism: “Substances secreted by one 

microorganism that stimulate another microorganism” (Lilly and Stillwell 1965). 

However, Ellie Metchnikoff introduced the concept in 1907 and suggested that it is 

possible to modify the gut flora by replacing the harmful microbes with beneficial ones 

(Metchnikoff 1907; Anukam and Reid 2007). In fact he was a strong proponent of using 

Kefir (fermented milk) to prevent aging, drank it all his life, and lived to be 71 years old. 

Probiotics are live bacteria that benefit host health by adding to food (usually 

dairy products) or taking as freeze-dried supplements (Cummings and Choon Kong 

2004). They are usually members of a healthy gut microflora and their addition can help a 

disturbed microbiota to change to its healthy state (Salminen, Nurmi et al. 2005). The 

bacteria that are commonly used as probiotics belong to the genera Lactobacillus and 

Bifidobacteria and are part of the natural intestinal microbiota. The Lactobacillus genus 
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has long history of safe use in dairy products. The strains that have been studied for 

probiotic benefit include L. reuteri, L. fermentum, L. casei, L. rhamnosus, L. acidophilus, 

L. brevis, L. johnsonii, L. gasseri, and L. plantarum (Reid 1999; Vaughan, Mollet et al. 

1999; Gibson and Rastall 2004; Anukam and Reid 2007). The Bifidobacteria strains 

being used are B. infantis, B. longum, and B. bifidum (Gibson and Rastall 2004). A 

general criteria for a probiotic strain is the ability to adhere to intestinal mucosa and to 

tolerate the acid and bile (Salminen, Nurmi et al. 2005). Important criteria for a probiotic 

strain is surviving stomach passage and colonizing intestine. Some of the functions that 

have been proposed for their beneficial effects include: mucus binding adhesion, collagen 

binding adhesion, auto aggregation, and peptide-induced bacteriocin production 

(Vaughan, Mollet et al. 1999). A schematic diagram illustrating how the probiotic 

bacteria might affect the microbiota is shown in Figure 4. 
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Figure 4: A schematic diagram of potential or known mechanisms whereby probiotic bacteria 
might impact on the gut microbiota.  
These mechanisms include (1) competition for dietary ingredients as growth substrates, (2) 
bioconversion of, for example, sugars into fermentation products with inhibitory properties, (3) 
production of growth substrates, for example, EPS or vitamins, for other bacteria, (4) direct 
antagonism by bacteriocins, (5) competitive exclusion for binding sites, (6) improved barrier 
function, (7) reduction of inflammation, thus altering intestinal properties for colonization and 
persistence within, and (8) stimulation of innate immune response (by unknown mechanisms). 
IEC: epithelial cells, DC: dendritic cells, T: T-cells. (Image courtesy of Custom Probiotics Inc.) 
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There have been a number of studies on the effects of probiotics on patients with 

IBDs and other inflammatory diseases, even cancer and coronary heart disease (Reid 

1999; Cui, Chen et al. 2004; Gibson and Rastall 2004; Konstantinov, Smidt et al. 2008; 

Sato, Matsumoto et al. 2008; Sokol, Pigneur et al. 2008; Rauch and Lynch 2010; Uronis, 

Arthur et al. 2011). These studies show positive results and suggest therapeutic 

effectiveness of altering the gut flora. A number of probiotic strains have been 

completely sequenced. A main point from studying the complete genomes is the 

flexibility and adaptability of these strains to human internal environment, especially the 

intestines (Salminen, Nurmi et al. 2005). 

The prebiotics concept was first introduced by Marcel Roberfroid in 1995 

(Gibson and Roberfroid 1995). They are “non-digestible food ingredients that selectively 

stimulate the growth and/or activity of some bacteria in the digestive system” in a way to 

be beneficial to host health. In contrast to probiotics effect that can be transient, 

prebiotics can modulate the colonic microbiota by increasing the number of specific 

bacteria and change the bacterial composition in the gastrointestinal tract (Cummings and 

Choon Kong 2004). In general non-digestible oligosaccharides including fructo-

oligosaccharides, inulin, galacto-oligosaccharides, and lactulose are considered 

prebiotics. These food ingredients have been shown to stimulate the growth of 

endogenous Bifidobacteria, which become predominant in human feces after a short 

feeding period. They also modulate lipid metabolism through fermentation products 

(Gibson and Roberfroid 1995). 

In Europe and Japan several prebiotic oligosaccharides are being added to the 
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commercial food. An advantage of using prebiotics vs probiotics is the concern of using 

live bacteria. Also, the stability and integrity of the prebiotic is not an issue, and the 

prebiotics can be added to various foods such as beverages, cereals, and dairy products to 

be consumed daily (Gibson and Roberfroid 1995). Foods like onion, garlic, asparagus, 

banana, artichoke, leek, and milk contain natural prebiotics and can be consumed for a 

balanced and healthy diet. Elderly, infants, people on antibiotic therapy, and people prone 

to gastrointestinal infections or chronic gastrointestinal disorders, are good candidates for 

pro- and prebiotic treatment (Gibson and Roberfroid 1995). However, various studies 

have shown that the effect of prebiotics in patients with gastrointestinal disorders may not 

be the same as healthy individuals (Whelan 2013). 

 

Role of Gastrointestinal Microbiota in Obesity 

Obesity is a worldwide epidemic and it could be the underlying cause of various 

diseases. Numerous studies suggest that gut microbiota play an important role in energy 

harvesting and pathophysiology of obesity (Backhed, Ding et al. 2004; Bäckhed, Ley et 

al. 2005; Turnbaugh, Ley et al. 2006; DiBaise, Zhang et al. 2008; Tremaroli and Backhed 

2012). Most of these studies have been done on or in conjunction with animal models and 

have successfully shown the role of microbiota in obesity (Ley, Bäckhed et al. 2005; Ley, 

Turnbaugh et al. 2006; Turnbaugh, Ley et al. 2006; DiBaise, Zhang et al. 2008; 

Turnbaugh, Hamady et al. 2009; Zhang, DiBaise et al. 2009; Ridaura, Faith et al. 2013).  

An extensive study by Bäcked et al (Backhed, Ding et al. 2004) using gnotobiotic 

mice showed that normal mice that had microbiota from birth (conventionally raised 
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mice) had more total body fat than germ-free (GF) mice. After transplanting the 

microbiota obtained from the normal mice into GF mice, there was an increase in body 

fat but not total weight without any increase in the amount of food consumed by GF 

animals. This result emphasized the important role of gut microbiota in energy harvest 

and storage from the diet (Backhed, Ding et al. 2004). In a later study the same group 

discussed the mechanisms underlying the resistance to diet-induced obesity in GF mice 

and indicated that gut microbiota can modulate the energy balance through different 

pathways (Backhed, Manchester et al. 2007). In this study genetically modified mice 

were used and confirmed their previous results (Ley, Bäckhed et al. 2005) that 

Bacteroidetes decrease by almost 50% with a corresponding increase in Firmicutes in 

genetically obese mice compared to their lean littermates. Since this change is not species 

specific and is “division-wide”, it must be based on conserved bacterial traits that are 

shared between different phylotypes (Ley, Turnbaugh et al. 2006). Bacteroidetes and 

Firmicutes are the two dominant bacteria in human gut and a change in their ratio in 

obesity has been shown in humans as well (Ley, Turnbaugh et al. 2006). Since these two 

taxa are the dominant gut bacteria and coexist in the gut indicate they should not be 

competing for resources, but due to some unknown properties the obese humans have 

more Firmicutes than Bacteroidetes. Perhaps this characteristic can be used for 

therapeutic purposes in obesity (Ley, Turnbaugh et al. 2006).  
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Role of Genetics in Inflammatory Bowel Disease 

The dynamic process of gut microbiota influence on human physiology has been 

correlated with both environment and genetic factors (Olivares, Laparra et al. 2013). 

Studies in mono- and di-zygotic twins and family members have shown the effect of host 

genotype in gut microbiota as discussed earlier. However, none of the studies specifically 

have identified the heritable components of the microbiome (Spor, Koren et al. 2011). 

The cause of the inflammatory bowel diseases is not known, but there is strong evidence 

suggesting a genetic basis for IBD. Although 80% of IBD patients may not have a family 

history of the disease, a positive family history is the greatest risk factor for IBD. The 

relatives of affected individuals have 10 times more risk for IBD, with the highest among 

the first degree relatives. An increased rate of IBD has been shown in monozygotic twins 

and among siblings compared to their spouses, suggesting the genetic factors might be 

involved more than environmental factors. There also seems to be a higher prevalence of 

IBD in Caucasians and individuals of Northern European Jewish descent (Hanauer 2006), 

which suggests the genetic factors’ involvement. However, a recent review noted that 

several factors including limited number of studies and other socio-economic factors 

might be the reason for underestimating the incidence of IBD in minority groups (Joy, 

Cross et al. 2009).  

Several studies in human subjects mainly those performed in monozygotic twins 

support the contribution of host genotype in IBD phenotype (Ferrero-Miliani, Nielsen et 

al. 2007; Rivas, Beaudoin et al. 2011; Li, Hamm et al. 2012; Olivares, Laparra et al. 

2013). One of the most consistent findings which was first published by two independent 
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groups in 2001 (Hugot, Chamaillard et al. 2001; Ogura, Bonen et al. 2001) is the 

polymorphisms in the caspase activation recruitment domain 15 (CARD15) gene which 

encodes nucleotide-binding oligomerization domain 2 (NOD2) (Joy, Cross et al. 2009; 

Olivares, Laparra et al. 2013). This gene is located on chromosome 16 and within a 

previously called Crohn’s ‘hot-spot’ also known as IBD1 gene. Several coding region 

polymorphisms on this gene are associated with increased susceptibility to IBDs (Hugot, 

Chamaillard et al. 2001; Ogura, Bonen et al. 2001). Recent studies by Li et al. and Frank 

et al. associate the IBD phenotype and NOD2 genotype with shifts in microbial 

composition in human ileal samples (Frank, Robertson et al. 2011; Li, Hamm et al. 

2012).  

Some researchers implicated the NOD2 as a bacterial sensor in inflammatory 

disorders (Crohn’s disease). NOD2 activates the innate immunity through peptidoglycan-

derived muramyl dipeptide (MDP) in bacteria (Girardin, Hugot et al. 2003; Coulombe, 

Divangahi et al. 2009). A study on Crohn’s disease model mice showed inactivation of a 

key transcription factor and reduced IL10 expression in NOD2 mutant animals (Petnicki-

Ocwieja, Hrncir et al. 2009; Philpott and Girardin 2009).  

A large Next Gen sequencing and genome-wide association study performed by 

Rivas et al. identified susceptibility loci and a number of potentially functional, rare 

variants associated with inflammatory bowel disease (Rivas, Beaudoin et al. 2011). This 

observation can be used in various experiments and predictive models. The list of these 

gene variants will help in better understanding of underlying changes in the intestines 
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during the course of the disease. It may also help to develop individualized therapy and 

perhaps identify the family members that are at risk for developing the disease. 

 

Interactions of Immune System and Gastrointestinal Microbiota  

The mammalian intestine contains trillions of microorganisms, mostly bacteria, 

and there are 100 times more microbial genes in human intestine than human genome 

(Maynard, Elson et al. 2012). The gut microbiota have co-evolved with the host in a 

symbiotic relationship, otherwise it could be a great source of antigen for our immune 

system. In fact the main function of the human microbiota whether residing in intestine or 

other parts of the body and mucosal surfaces (skin, mouth, uro-genital tract, etc.) is to 

protect us from harmful and possibly pathogenic microorganisms (Kamada, Seo et al. 

2013). There are several mechanisms through which commensal bacteria exerts this 

function, from competition for nutrients, to stimulating the host immune response via 

immunomodulatory molecules or cytokines. In other words, the gut immune response 

regulates the composition of gut microbiota and this complex relationship is necessary for 

gut homeostasis. However, when this mutualistic relationship is disrupted (dysbiosis), the 

microbiota can cause or contribute to a disease or inflammation (Kamada, Seo et al. 

2013).  

The first line of defense against a pathogen is through the innate immunity system 

of the intestinal epithelium which produces a mucus layer (Maynard, Elson et al. 2012). 

Mucus is composed of heavily glycosilated mucin proteins and it is produced by goblet 

cells and mucin production is regulated by microbial products. A healthy microbiota 
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contributes to the intestinal epithelium’s barrier function and induction of mucin 

production by goblet cells. Mice deficient for principal intestinal mucin protein (Muc2) 

develop colitis (Van der Sluis, De Koning et al. 2006). Animal studies have shown that 

germ-free mice have an attenuated mucus layer. The thickness of mucus layer of the 

epithelium is correlated to bacterial content of the intestine. It is thinner in the proximal 

small intestine (containing 103-105 organisms per gram) and is thicker in the distal small 

and large intestine (containing 1010-1012 organisms per gram). The mucus layer is 

composed of two distinct layers; the compact inner layer, which is sparsely populated by 

bacteria, and the looser outer layer, which is more densely populated by bacteria. The 

proteolytic cleavage of the Muc2 in outer layer results in its expansion and makes it more 

accessible for microbiota colonization. This is the biofilm that the microbiota establishes 

to exclude pathogens. Therefore, colonization by commensal bacteria is very important 

for host-microbiota relationship (Johansson, Larsson et al. 2011; Maynard, Elson et al. 

2012).  

In contrast, the inner mucus layer is an impermeable barrier against bacteria and 

itis a “killing field” that a few commensal bacteria or pathogens have evolved to 

penetrate. The proximal small intestine has the lowest coverage of protective mucus in 

gastrointestinal tract but it has less bacterial load and high levels of bile salts and acid, 

which have antimicrobial effects. The small intestine also has many Paneth cells at the 

base of its crypts which produce and release antimicrobial peptides, including α–

defensins unique to Paneth cells, that have been shown to control the composition of the 

microbiota (Maynard, Elson et al. 2012).  



31 
 

 Although the bacteria are not in direct contact with intestinal epithelium due to 

insulation by the mucus layer, their products can still permeate to the epithelium and 

activate epithelial cell gene expression. The epithelium secrets mucins and antimicrobial 

peptides to restrict the bacterial contact and produces cytokines and chemokines to signal 

the immune cells inside epithelium, especially in lamina propria that promotes the pro-

inflammatory innate responses. Therefore, the epithelium has to distinguish between the 

indigenous bacteria and pathogens. This is done through different pattern recognition 

receptors such as Toll-like receptors (TLRs) and nucleotide-binding oligomerization 

domain (NOD)-like receptors (NLRs) within intestinal epithelial cells. The microbe-

associated molecular patterns (MAMPs) from commensal bacteria seem to interact with 

more accessible TLRs which are expressed less in an intact epithelium. However, the 

pathogens may have virulence factors such as flagellin which expresses TLRs in the 

basolateral side of epithelial cells (TLR5) and signal as a barrier breach. Flagellin is an 

important immune-activating MAMP and an antigen in colitic mice and patients with 

Crohn’s disease (Lodes, Cong et al. 2004; Maynard, Elson et al. 2012).  

The epithelium also supports tolerance of indigenous microbiota by controlling 

the dendritic cells through the release of immunomodulatory cytokines into lamina 

propria and the expression of other factors that limit pro-inflammatory responses of 

mucosal immune cells (dendritic cells and macrophages). Intestinal macrophages also 

express lower levels of TLRs and are hyposensitive to TLR signaling by commensal 

bacteria. They are conditioned to exert an inflammatory response to pathogens that 
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deliver MAMPs to cytosolic sensors more effectively than commensal bacteria 

(Maynard, Elson et al. 2012).  

Adaptive or memory-based immunity is mainly composed of T and B 

lymphocytes. Adaptive immunity has been proposed to have evolved partly to manage 

the complex communities of beneficial microbes living with vertebrates (McFall-Ngai 

2007). The adaptive immune system recognizes and remembers both beneficial and 

harmful microbiota, maintains the beneficial ones, and assists the innate immune system 

to clear harmful bacteria. Thus it is composed of various types of immune cells that both 

repress and promote the inflammatory responses (Maynard, Elson et al. 2012).  

Adaptive immunity is typically limited to the mucosal tissues because its immune 

cells that are differentiated in Peyer’s patches or mesenteric lymph nodes (MLNs) reside 

in the mucosa. Regulatory T-cells (CD4+ Treg) are necessary for maintaining the host-

microbe mutualism and there are more regulatory T-cells in the intestines compared to 

other tissues. Treg cell deficiency results in an effector T-cell response and IBD.  This 

response is driven by reactivity against microbial antigens. Treg cells produce one of the 

main immuno-regulatory cytokines, IL-10, which is required for immune tolerance of 

intestinal bacteria. The main targets for regulatory actions of IL-10 are the myeloid cells 

of the innate immune system. IL-10 deficient mice develop spontaneous colitis through 

IL-23 and TH17 pathway. Although IL-10 is also produced by other cells, CD4+ T-cell 

IL-10 deficiency causes colitis which is as severe as in mice with total IL-10 deficiency. 

Polymorphisms in IL-10 locus have been shown in IBD patients (Maynard, Elson et al. 

2012).  
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The effector CD4+ T-cells are similar to the Treg cells as they are mainly present in 

healthy immune system in intestine and are integral to the interaction with the microbiota. 

A subset of effector T-cells, TH17, are thought to have evolved to support the mucosal 

barrier defenses and mutualism with intestinal bacteria. TH17 cells produce similar 

cytokines IL-17A, IL-17F and IL-22 as innate lymphoid cells. Studies in germ free mice 

have shown the contribution of microbiota in TH17 development. There are several 

factors that are required for TH17 differentiation and development, such as IL-6, TGFβ, 

IL-1β , IL-23, and ATP derived from commensal bacteria. Also, some specific bacteria 

(segmented filamentous bacteria) have been shown in mice to induce the TH17 cells and 

are known as a potent activator of the immune responses. In addition to effector T cells 

that express TH17, there are T cells that express IFNδ or both IL-17 and IFNδ. Although 

effector CD4+ T-cells are the last line of defense to infection, they are always engaged in 

host-microbiota relationships during homeostasis and when the normal interactions are 

disrupted (Maynard, Elson et al. 2012).  

As part of the adaptive immunity, B cells and plasma cells produce 

immunoglobulin A (IgA) in mucosal tissues including the intestine. Polymeric IgA is 

produced from B cells in lamina propria at high concentrations and then is transported via 

immunoglobulin receptors (IgR) on the intestinal epithelial cells into intestinal lumen as 

secretory IgA (sIgA). SIgA promotes the barrier function of the intestine by coating the 

commensal bacteria and soluble antigens, inhibiting their penetration into host epithelium 

and maintaining the host-microbe mutualism. IgA regulates the composition and function 
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of the gut microbiota and the microbiota regulates the production of IgA (i.e. the germ 

free mice has lower IgA producing cells) (Kamada, Seo et al. 2013).  

A schematic diagram of the gut microbiota-mediated development of intestinal 

immune system is shown in Figure 5. 

 

 

Figure 5: The gut microbiota-mediated development of intestinal immune system. 
(Kamada et al. 2013) 
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The Gastrointestinal Microbiota and Inflammatory Bowel Disease 

Intestinal microbiota play a key role in health and development of disease such as 

inflammatory bowel disease (Sekirov, Russell et al. 2010; Vanderploeg, Panaccione et al. 

2010). Previous studies investigating the gut microbiota were done mostly by culturing 

techniques and utilized stool samples. Considering that only about 30% of the bacteria in 

a complex ecosystem, such as gastrointestinal tract, can be cultured (Eckburg, Bik et al. 

2005; Duncan, Louis et al. 2007), more powerful tools were needed to identify the 

microbial community of the gastrointestinal tract and to determine the possible 

modifications during the course of IBD. Over the past two decades molecular techniques 

have been used intensively to investigate the diversity of microbiota in complex 

communities and the amount of data in that respect have been increasing exponentially. 

Culture independent and fingerprinting techniques have been used with surprising 

accurate results in the past. Zoetendal et al. used Denaturing Gradient Gel Electrophoresis 

(DGGE) with general and specific PCR primers (for Lactobacilli) to compare microbial 

population in feces and different sites of the colon for 10 individuals (Zoetendal, Ben-

amor et al. 2002). Four of these individuals had previously diagnosed with UC and six 

had no detectable disease. The predominant community in biopsy samples from all sites 

of the colon had similar profiles and the microbial communities of the fecal samples were 

different from the biopsy samples. Also, the profiles of the predominant bacterial 

community were unique for each individual and a specific amplicon could not be 

assigned to a colonic illness. Although with clustering of the profiles a difference 
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between healthy and diseased samples was noted for predominant bacterial composition, 

the size of the cohort was too small to make a statistically significant conclusion. 

One of the earliest studies analyzing the gut microflora using molecular 

techniques was done by Suau et al. A total of 284 clones were obtained from one fecal 

sample, which were then classified into 82 molecular species with 98% similarity. Of 

these 95% of the bacteria belonged to Bacteroidetes and Clostridia group. The majority 

(76%) of the rDNA sequences were novel species and did not correspond to known 

species in the public databases at the time of the study. Although this study was done on 

stool sample of one individual and did not provide any statistical significance, the main 

result matches more detailed studies (Suau, Bonnet et al. 1999). Hold et al. was one of the 

first to use human colon tissue versus fecal sample to identify the associated bacteria, 

using molecular techniques (Hold, Pryde et al. 2002). This study was done on the colon 

tissue samples from three elderly subjects, and a total of 110 clones were obtained and 

sequenced. The majority (87%) of the sequences belonged to Bacteroidetes and 

Clostridia, and only 25% were closely (>97%) related to species type strain sequences at 

the time of study. One of their most significant findings was that 21 out of 110 (19%) 

colonic 16S rDNA sequences were more than 97% similar to butyrate-producing strains 

and this number was only 1% in culture studies. 

Some of the older studies that investigated the differences in microbiota between 

IBD patients and healthy controls had contradicting results, perhaps due to differences in 

methods and the number of samples. Seksik et al. investigated the differences in the fecal 

microflora between patients with active Crohn’s (n=8) and patients in remission (n=9) 
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and healthy controls (n=16) using dot blot hybridization and Temporal Temperature 

Gradient Electrophoresis (TTGE) (Seksik, Rigottier-Gois et al. 2003). The TTGE 

analysis indicated that the biodiversity is higher in patients with CD and the dot blot 

analysis indicated that Enterobacteria were observed significantly more in CD than 

healthy controls. Also, a decrease in the relative proportions of the Bacteroidetes group 

was observed with probe hybridization. Using TTGE no specific single band was 

associated with presence of bacteria in the disease state.  

In contrast to the study described above, Ott et al. reported a reduction in diversity 

of the colonic mucosa associated bacteria in patients with active IBD (Ott 2004). The 

biopsy samples from patients with active IBD (n=57) and controls (n=46) were studied 

using 16S rDNA based methods (SSCP fingerprinting, cloning, and real time PCR). A 

total of 1,019 clones from 16S rDNA libraries were analyzed. These were comprised of 

83 non-redundant sequences, 49 of which belonged to known bacterial species. The 

diversity of the microflora in Crohn’s disease was measured by Single Strand 

Conformation Polymorphism (SSCP) and was found to be reduced by 30% compared to 

UC and 50% compared to controls. The reduction in diversity was due to loss of normal 

anaerobic bacteria, such as Bacteroides species, Eubacterium species, and Lactobacillus 

species. This observation was confirmed by direct sequencing of variable bands and by 

real time PCR. Cluster analysis of the bacterial profiles obtained from SSCP revealed a 

distinct clustering of non-inflammatory controls from a mixed cluster of patients with CD 

or UC. As found in other studies, no single pathogen could be related to IBD 
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pathogenesis and etiology and the global composition of the intestinal microflora may be 

relevant.  

In an extensive study on human intestinal microbial flora using molecular 

techniques, Eckburg et al. examined 13,355 prokaryotic ribosomal RNA gene sequences 

from mucosal samples and feces of three healthy adult subjects (Eckburg, Bik et al. 

2005). The mucosal samples were obtained during colonoscopy from six different healthy 

appearing sites of the colon. Of the 13,355 rRNA gene sequences, 11,831 sequences were 

bacterial and 1,524 were archaeal. All the archaeal sequences appeared to belong to a 

single phylotype (Methanobrevibacter smithii) using 99% similarity as the threshold 

calculated by dissimilarity matrices and DOTUR program. A total of 395 bacterial 

phylotypes were identified using the same parameters. Most of the bacterial phylotypes 

(244) were novel and 80% of these represented species that had not yet been cultivated. 

Most of bacterial phylotypes belonged to Firmicutes (n=301) and Bacteroidetes (n=65) 

phyla and these results were concordant with previous studies. Most of the Firmicute 

sequences (95%) were members of the Clostridia class, which has a role in the 

maintenance and protection of the normal colonic epithelium. Bacteroidetes phylotypes 

were varied between the subjects. B. thetaiotaomicron was found in each subject and this 

species is known to have beneficial functions such as epithelial cell maturation, 

maintenance, and nutrient absorption (Hooper and Gordon 2001). A few sequences were 

associated with the Proteobacteria, Actinobacteria, Fusobacteria, and Verrucomicrobia 

phyla. The low number of Proteobacteria (such as E.coli) was expected, since facultative 

species may represent only about 0.1% of the bacteria in the strictly anaerobic 
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environment of the colon.  This study also addressed the differences in the intestinal 

microflora between the subjects, various anatomical sites, and between mucosal samples 

and stool, using a variety of statistical methods. The greatest variability noted between 

the subjects was the difference between stool and mucosal samples. Most of the 

anatomical sites had similar mucosal clone libraries. The human colon and feces were 

concluded to have a diverse bacterial composition, most of which is novel. 

One of the earliest metagenomic studies of human distal gut microbiome was 

done by Gill et al. using whole-gene shotgun sequencing (Gill, Pop et al. 2006). This 

study used fecal samples from two healthy adults. A total of 139,521 high-quality 

sequence reads from random DNA libraries were generated and made 17,668 contigs, 

which assembled to 14,572 scaffolds. The size for resulted scaffolds ranged from 1000 to 

57,894 bp. A total of 56,292 (40% of the reads) could not be assembled into contigs, 

either because of low depth of coverage and/or low abundance of some organisms in the 

samples. A total of 50,164 open reading frames were predicted from this data set, which 

corresponds to 19,866 unique database matches. About 600 contigs (from total of both 

samples) could be assigned to members of Archaea and 13,130 could be assigned to 

members of Bacteria. 

Although the purpose of this study was mainly to explore the functional 

significance of microbial contributions in human metabolism, the bacterial diversity in 

fecal samples was also investigated by the analysis of 16S rDNA sequences from random 

shotgun libraries and libraries of cloned PCR amplified 16S rDNA. Of the total 237 

partial length bacterial 16S sequences, 132 sequences of good quality (≥ 500bp) were 
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selected for further analysis. With 97% minimum similarity, 72 bacterial phylotypes and 

only one archaeal phylotype (Methanobrevibacter smithii) were identified. Sixty (83.3%) 

of the bacterial phylotypes represented un-cultivated species, and sixteen (22.2%) 

represented novel species. The bacterial phylotypes were assigned to two divisions only; 

Firmicutes, and Actinobacteria. Analysis of 2,062 PCR amplified 16S rDNA sequences 

resulted in similar phylogenetic distribution, and there were no Bacteroidetes sequences 

identified in the random assemblies and clone libraries. However, they obtained some 

Bacteroidetes sequences using species-specific primers for amplification of 16S rRNA 

gene. The lack of Bacteroidetes species contradicts previous data. They hypothesized that 

this was due to known biases associated with fecal lysis and DNA extraction methods 

that were used in this study, or the possibility that these two individuals have less 

members of this phyla.  

The microbial composition has been speculated to be different in ulcerated versus 

healthy mucosal samples (Seksik, Lepage et al. 2005). In a study Seksik et al. searched 

for localized dysbiosis in ulcerated and non-ulcerated mucosal samples from patients 

with CD (Seksik, Lepage et al. 2005). Biopsy samples (n=75) of different anatomical 

sites of the colon were collected from 15 patients. The TTGE method was used and 

compared the profiles calculating the similarity percentages. The results showed no 

difference between ulcerated and non-ulcerated mucosa of CD patients, and although the 

biodiversity remained high in ulcerated mucosa, no particular dominant microbiota could 

be related to ulceration. 
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Lepage et al. used the same method to analyze the mucosa-associated microbiota 

in IBD patients at different sites of the digestive tract (Lepage, Seksik et al. 2005). In this 

study colonoscopy samples from 4 different sites of the colon from CD patients (n=20), 

UC patients (n=11) and controls (n=4) were used. Also fecal samples from 7 individuals 

were collected.  The TTGE method for 16S rDNA was used to evaluate dominant species 

diversity of the gut. The results confirmed that the dominant species differ between the 

mucosa-associated and fecal microbiota. Regardless of the clinical status the bacteria 

from different sites of the colon were similar. 

More studies have been done comparing inflamed and non-inflamed mucosal 

tissue samples using cloning and sequencing techniques. Gophna et al. investigated the 

differences between tissue associated intestinal microflora of patients with CD (n=6) and 

UC (n=5) and healthy controls (n=5) (11). In this study the bacterial 16S rDNA was 

cloned and sequenced and 3,305 clones were obtained. There was no significant 

difference between microbial flora from inflamed and healthy tissues from same 

individual, but it was noticed that Proteobacteria and Bacteroidetes phyla were 

significantly increased in CD patients, while Clostridia group were decreased compare to 

UC and healthy individual samples. The composition of bacterial flora for CD patients 

was concluded to be significantly altered from that of healthy controls, unlike Ulcerative 

colitis (Gophna, Sommerfeld et al. 2006). However, the validity of this observation is still 

unclear to date. 

In a more recent but similar study, Walker et al. compared the mucosal biopsies of 

inflamed and non-inflamed intestinal tissue from 6 CD, 6 UC patients, and 5 healthy 
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control samples (Walker, Sanderson et al. 2011). High-throughput clone library analysis 

and deep sequencing, which produced about 10,000 near full-length bacterial 16S rRNA 

sequences, was employed in this study. Significant differences in microbial community 

structure were noted between inflamed and non-inflamed tissue, but this was varied 

between individuals while no bacterial signature was associated with inflammation. 

Confirming previous results, the reduced diversity in disease samples, decrease in 

Firmicutes, and the increase in abundance of Bacteroidetes as well as an increase in 

abundance of Enterobacteriaceae in CD patients, was noted. 

One of the most intensive studies at the time was done by Frank et al. (Frank, St 

Amand et al. 2007). The results of a similar rRNA sequencing of gastrointestinal biopsy 

samples obtained from UC and CD patients, as well as non-IBD controls (mostly 

individuals being treated for GI cancer) was reported. The samples (n=190) were from 

different intestinal sites with different disease states. A total of 15,172 SSU rRNA genes 

were cloned and sequenced after a broad range PCR with bacterial primers. Following 

identification and molecular-phylogenetic sequence analysis, regardless of disease state 

or anatomical site of the sample, the majority of the sequences were associated with four 

bacterial phyla; Firmicutes (49%), Bacteroidetes (23%), Proteobacteria (21%), and 

Actinobacteria (5%). Samples from the small intestine were enriched in sequences of the 

Bacillus subgroup of Firmicutes (mostly Streptococcaceae) and contained fewer 

sequences of Bacteroidetes and Lachnospiraceae. Relative to non-IBD control colon 

samples, UC and CD colonic samples contained fewer sequences belong to Bacteroidetes 

and Lachnospiraceae subgroup of Firmicutes, and more representatives of 
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Proteobacteria and the Bacillus subgroup of Firmicutes. Relative to non-IBD samples for 

the small intestine, Proteobacteria sequences were more abundant and Bacillus 

sequences less abundant in UC and CD samples. Bacteroidetes sequences were 

unaffected by disease status for small intestine samples. In conclusion statistically 

significant differences between the microbiota of CD, UC patients, and non-IBD controls 

were reported. The results also confirmed the previous reports of compositional shifts 

(dysbiosis) in IBD-associated GI microbial communities and failed to identify any 

specific species to be an active etiologic agent for IBD (Frank, St Amand et al. 2007). 

A novel method was proposed by De Hertogh et al. using a combination of laser 

capture microdissection (LCM) and 16S rRNA sequencing in samples from CD patients 

that were genotyped for SNPs on CARD15 gene (De Hertogh, Lemmens et al. 2012). The 

idea was to assess spatiotemporal alterations in the composition of the bowel microbiota 

in CD patients by targeting the specific tissue compartments or microscopic lesions. In 

this study Crohn’s patients (n=4), disease controls with no chronic inflammation (n=6), 

and healthy controls (n=3) were examined. The results were interpreted as successful and 

concluded the changes in mucosa associated microbiota with the presence of mucosal 

defects which remained abnormal even after healing. Although the method seems 

attractive, the technical difficulties that were described in detail in the paper (e.g. various 

contaminants, human DNA mix) suggest that the method needs to be significantly 

optimized before being used in routine research. 

In recent years most studies take advantage of pyrosequencing techniques 

(Ronaghi, Karamohamed et al. 1996; Ronaghi, Uhlen et al. 1998; Ronaghi 2001). Some 
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of these studies focused on IBD in animals, IBD in children, and animal models of IBD 

with successful results (Craven, Egan et al. 2012; Papa, Docktor et al. 2012; Suchodolski, 

Dowd et al. 2012).  

In a study of 40 twin pairs concordant or discordant for CD or UC by Willing et al 

using pyrosequencing, the microbial profiles were shown to vary with IBD phenotype. 

The twin pairs were chosen to control the inter-individual variations. The microbial 

composition for CD patients were different from healthy controls and the microbial 

profiles for UC were more similar with healthy controls as has been previously shown. 

Also, the microbial profiles for CD patients with ileal involvement were different than the 

ones with colonic CD. The ileal CD samples had more Enterobacteriaceae and 

Ruminococcus gnavus and less Faecalibacteriaum and Roseburia. The conclusion of the 

experiment was that bacterial abundance is different in different disease phenotypes 

(Willing, Dicksved et al. 2010). 

With the advancements in Next Gen sequencing techniques producing hundreds 

of thousands sequences in a short time at a relatively low cost, the amount of data 

deposited in public databases is growing very fast. Originally, an identification of 

bacteria and changes in the bacterial community was the main goal of these types of 

research. However, components of the communities may not differ as much in various 

conditions or disease states and the differences might be related to the functional 

capabilities of the microbial communities (Langille, Zaneveld et al. 2013).  

A recent study by a group from Harvard examined the functional roles of the 

organisms in inflammatory bowel disease samples (Morgan, Tickle et al. 2012). The 
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microbial communities of intestinal biopsies and stool samples from 231 IBD patients 

(121 CD, 75 UC) and healthy controls (n=27) were analyzed by 16S rRNA 

pyrosequencing, and it was followed by shotgun metagenomics for a subset of samples. 

The gene composition and pathways were assessed based on 16S data compared to 

reference genomes and correlated these data with other environmental meta data (age, 

tobacco use, treatment). Although the shifts in bacterial composition during disease was 

confirmed as found in previous studies, this dysbiosis is not simply a compositional 

change in the gut microbiota, but also involves shifts in many fundamental metabolic 

functions that may have impact on the host. Only 9 changes in bacterial clades associated 

with UC were found, but 21 statistically significant differences were found in functional 

pathways, and this was similar for CD samples. Another interesting point of studying the 

functions is that we may be able to relate the investigation results in animal models to 

humans by comparing the function rather than composition. Segmented filamentous 

bacteria (SFB) in rodents are a good example they mentioned in this study. SFB have not 

been observed in humans, but play an important role in CD associated inflammation in 

rodents. A functional trend similar to SFB has been observed in human with IBD 

(Morgan, Tickle et al. 2012). 

 

Summary 

There is evidence that the molecular methods such as fingerprinting and 

sequencing provide better tools for identification of bacteria and explore the diversity of 

microbiota in complex ecosystems, such as gastrointestinal tract (Tannock 1999). 
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Although we notice some conflict among the different studies the major results mostly 

agree that: 

• Bacterial diversity in mucosal samples differs from lumen or stool. 

• Different anatomical sites from an individual have similar bacterial diversity. 

• The main phyla are the same within the human population. 

• The minor groups may vary between individuals. 

• There is a shift (dysbiosis) in bacterial community of disease samples compared 

to controls. 
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HYPOTHESES 

 
Although we are taking a Knowledge Discovery approach to elucidate the 

Systems Biology of IBDs, we can formulate the following predictive hypotheses and 

aims as a guideline for the statistical analysis of the data. 

 

Hypothesis 1:  We will see a shift in the microbial community (Dysbiosis) in 

Inflammatory Bowel Disease. 

 

Null Hypothesis 1:  We will not see any statistically significant difference in the 

composition of the microbial community between controls and IBD samples. 

 

Specific Aims 1:  We will characterize the microbial community in Healthy Controls and 

Inflammatory Bowel Disease (IBD) samples using NextGen Sequencing.  We use 

phylogentic (Qiime), and Multivariate statistical methods to analyze healthy controls and 

diseased samples. 

 

Hypothesis 2: We will see a shift in the predicted functions of the microbial 

community in Inflammatory Bowel Disease. 
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Null Hypothesis 2:  We will not see any statistically significant difference in the functions 

of the microbial community between healthy controls and IBD samples. 

 

Specific Aims 2:  We will predict the functions of the microbial community in Healthy 

Controls and Inflammatory Bowel Disease (IBD) samples using PICRUSt and Qiime.  

We will then use multivariate statistical methods to determine dysfunction in the disease 

states. 

 

Hypothesis 3: A Systems Biology approach will identify the key taxa that shift 

interactions in IBDs. 

 

Null Hypothesis 3: Systems Biology analysis will not identify any changes in the 

microbial community that are correlated to IBDs. 

 

Specific Aims 3: We will use a Systems Biology approach using Correlation Difference 

analysis to identify the interactions of the key taxa that may elucidate possible 

mechanism for the induction of inflammatory responses in IBDs. This may help to 

understand the difference between healthy controls and IBD samples. 
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MOLECULAR METHODS 

Sample Description   

A total of 471 samples were collected at Rush University Medical Center in 

Chicago from 128 subjects with Crohn’s disease, Ulcerative colitis, and healthy 

volunteers as controls. Different mucosal biopsy samples from various sites of the gut as 

well as lumen or stool samples were collected from most participants in the study. A 

detailed sample distribution is available in Appendix I. Not all the healthy volunteers 

were totally “healthy” at endoscopy and some had diverticulosis or polyps. After initial 

screening the samples by LH-PCR fingerprinting, 265 samples were selected for 

sequencing with MTPS method. Some samples were not considered for final systems 

biology analysis after MTPS was done. Specifically the samples with diverticulosis were 

omitted from final analysis. A list of all 471 samples is available in Appendix I and it is 

summarized in table 1.  

 

Table 1: A summary list of all 471 samples collected for current study. 
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DNA Extraction 

DNA was extracted from samples using FastDNA spin kit for Soil (MP 

Biomedicals) according to manufacturer’s protocol with slight modifications. The soil kit 

was selected for both stool and tissue samples extractions because this bead beating 

methodology extracts DNA from all microbial cells in the sample.  

 

The detailed extraction protocol is available in Appendix II. In summary the 

appropriate amount of sample is added to a bead matrix tube (containing ceramic spheres, 

silica spheres, and glass bead) and is lysed in presence of sodium phosphate buffer and a 

detergent solution (MT buffer) in a bead beater. The proteins are precipitated and the 

DNA is bound to a binding matrix and washed with a mix of salt and ethanol solution. 

After drying the ethanol the DNA is eluted in appropriate volume of pre-warmed purified 

diH2O. A dilution of the DNA was made (1:5 or 1:10) depending on the sample site and 

concentration of DNA to avoid freeze-thawing the samples. The original DNA was kept 

at -20°C until the samples were processed and then at -80°C freezer for long-term 

storage. A PCR with regular 16S primers (see below) was done to test the dilution and 

optimizing the conditions for different samples. Some stool or lumen samples had to be 

diluted further to 1:100 or 1:200 after initial test PCR, and some tissue biopsy samples 

had to be repeated with no dilution to produce comparable PCR products. In general at 

least two replicates of PCR products were obtained for each sample. 
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LH-PCR Fingerprinting  

Length Heterogeneity PCR (LH-PCR) fingerprinting is a relatively simple and 

rapid method for microbial community analysis. This method takes advantage of 

differences in the size and composition of variable regions of conserved genes. The 

distribution of these fragment sizes identify operational taxonomic units (OTUs) for 

different components of the community. Specifically, we are amplifying variable regions 

of a conserved 16S rRNA, and run the product on a capillary electrophoresis instrument, 

and comparing their fingerprinting profiles (Torzilli, Sikaroodi et al. 2006; Gillevet, 

Sikaroodi et al. 2010). The bacterial 16S rRNA gene is about 1500 bases of mainly 

conserved sequence for all bacteria with 8 interspersed variable regions along the 

sequence. Figure 6 shows the secondary structure of bacterial 16S with numbers 

associated with E.coli 16S gene sequence and its variable regions. The size and/or 

composition of these OTUs may be different between different taxa, therefore it can be 

used to distinguish different communities. With this method one can only assess the 

similarity or dissimilarity between two communities but cannot identify the specific taxa 

in those communities.
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Figure 6: Secondary structure of 16S rRNA.  
Arrows indicate the location of 8 hypervariable regions correspond to Escherichia coli rRNA 
gene sequence and the approximate location of where the oligonucleotide primers 27F and 355R 
anneal to the DNA template. Image courtesy of Dr. Patrick Gillevet. 
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LH-PCR Protocol Summary 

About 10 ng of DNA was used in a standard polymerase chain reaction using 

Amplitaq Gold polymerase (Applied Biosystems). The universal 16S bacterial 27F 

(5’AGAGTTTGATCMTGGCTCAG3’) forward and 355R 

(5’ACTCCTACGGGAGGCAGC3’) reverse primers (Innis, Myambo et al. 1988; 

Caporaso 2010) were used for LH-PCR. The forward primer was labeled with Fam (6-

carboxyfluorescein). These primers amplify the first two variable regions of 16S rDNA 

gene (shown in Figure 6), which has shown to be sufficient for identifying bacterial taxa 

in a microbial community sample (Mills, Entry et al. 2006). The PCR was done in a 20 µl 

reaction volume, using 0.5 units of Taq Gold polylmerase, Taq Gold 1X buffer, 2.5mM 

Mg++ mix, 200 µM dNTPs, 0.1% BSA, and 0.5 µM of each forward and reverse primers. 

A standard reaction was performed using a GeneAmp 9700 thermocycler (Applied 

Biosystems Inc.) with 11 minutes of initial denaturation at 95°C, followed by 32 cycles 

of 30sec at 95°C, 30sec at 48°C, and 2 minutes at 72°C with added 5sec/cycle, and one 

cycle of 30 minutes at 72°C and it was hold at 4°C. The longer initial denaturation time is 

recommended by manufacturer to use with Taq Gold polymerase. This enzyme is 

attached to an antibody and needs to be activated at 95°C with a longer incubation time. 

This helps with longer reaction preparations and to avoid producing non-specific 

products. Most polymerases as well as Taq Gold add an A base to the end of PCR 

product and the longer (30 minutes) extension time ensures adding an A to all amplified 

fragments to avoid the size difference when examining the product length in fingerprints 

which might be only one base different. 
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The PCR products obtained were visualized by 1 percent agarose gel 

electrophoresis using ethidium bromide and diluted based on the product intensity, 

usually from a 1:10 to 1:30 ratio with diH2O. This dilution was added to a mix of ILS-

600 (internal lane standard from Promega Corp.) and HiDi formamide (Applied 

Biosystems Inc.) in 1:10 ratio (1 part diluted PCR product and 9 part ILS mix). The ILS-

600 and HiDi Formamide mix was made in a 1:20 ratio (1 part ILS600 and 19 parts HiDi 

Formamide). The mixture then was run on a capillary electrophoresis instrument 

(Spectrumedix 9600 for older runs or ABI 3130xl for later runs) for fingerprinting and 

the complexity of the community was compared by determining the size of the OTU 

peaks. The Genemapper v4.1 software (Applied Biosystems Inc.) was employed to 

analyze the fingerprinting results. The peak area and/or height of an OTU in a LH-PCR 

profile is proportional to the abundance of that OTU in that community. A custom PERL 

script is used to calculate the abundance of the OTUs from the Genemapper output table. 

These numbers can then be used to make bar charts and histograms and PCO analysis. 

In this study we modified the standard LH-PCR method to incorporate a quality 

control step in the MTPS process to titrate the DNA amount and to optimize the 

amplification and conditions for multitag pyrosequencing (Sikaroodi and Gillevet 2012).  

 

Multitag Pyrosequencing (MTPS) 

The pyrosequencing technique was developed in 1996 in Stockholm (Sweden) by 

Pål Nyrén and Mostafa Ronaghi at the Royal Institute of Technology (PICRUSt 2013). 

This is a DNA sequencing method based on “sequencing by synthesis”. Unlike Sanger 

http://en.wikipedia.org/wiki/P%C3%A5l_Nyr%C3%A9n
http://en.wikipedia.org/wiki/Mostafa_Ronaghi
http://en.wikipedia.org/wiki/Royal_Institute_of_Technology


55 
 

sequencing that relies on chain termination with dideoxynucleotides, this method is based 

on the detection of released pyrophosphate on nucleotide incorporation. Basically, the 

method allows sequencing of a single strand of DNA by synthesizing the complementary 

strand enzymatically, one base pair at a time, and detecting which base was actually 

incorporated into the sequence at each step (Figure 7).  

 

 

 

 

 
Figure 7: A schematic of pyrosequencing process.  
Image courtesy of Mats Carlsson. http://www.ercim.eu/publication/ 
 
 

A sequencing primer is hybridized to a single strand DNA in the process of 

preparing the DNA beads. The template DNA is immobile, and solutions of 
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dideoxynuleotide triphosphates (A, C, G, and T) are sequentially added and removed 

from the reaction in the sequencing process. The reaction is incubated with the enzymes 

DNA polymerase, ATP sulfurylase, luciferase, and apyrase, and with the substrates 

adenosine 5´ phosphosulfate (APS) and luciferin. The addition of one of the four 

deoxynucleotide triphosphates (dNTPs) initiates the process. dATPαS, which is not a 

substrate for a luciferase, is added instead of dATP. DNA polymerase incorporates the 

correct, complementary dNTPs on the DNA template. ATP sulfurylase converts PPi to 

ATP quantitatively and in the presence of adenosine 5´ phosphosulfate (APS). This ATP 

acts as fuel to the luciferase-mediated conversion of luciferin to oxyluciferin that 

generates visible light in amounts that are proportional to the amount of ATP. Light is 

produced only when the nucleotide solution complements the first base of the template 

and it is incorporated into the sequence. This incorporation releases pyrophosphate (PPi) 

stoichiometrically. The light produced is detected by a CCD (charge-coupled device) 

camera and analyzed in a program included in sequencing software. The sequence of 

solutions which produce chemiluminescent signals allows determination of the sequence 

of the template. Unincorporated nucleotides and ATP are degraded by the apyrase, and 

the reaction can restart with flow of another nucleotide (Ronaghi, Uhlen et al. 1998). 

 A limitation of this method compared to the chain termination methods is the 

length of the individual reads, which is currently about 300-500 nucleotides, shorter than 

800 nucleotides obtained with Sanger sequencing. This limitation has been addressed and 

improved with different versions of the updates (Ronaghi 2000). 
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Multitag pyrosequencing (MTPS) is a version of the method in which a different 

tag or barcode sequence is added to each sample in polymerase chain reaction by adding 

it to the forward or reverse primer to mix different samples and to be able to separate 

them after sequencing is done using a custom PERL script (Gillevet, Sikaroodi et al. 

2010). 

We designed different tags/barcodes to add to the universal forward bacterial 16S 

primers (Life Technologies Corp.) in a microtiter plate format. The bacterial primers 

were the same primers (27F and 355R) used in LH-PCR and amplified the first two 

variable regions of the 16S rDNA. We recently modified the MTPS process by adding a 

FAM (6-carboxyfluorescein) label to the reverse primer to use in the LH-PCR 

fingerprinting process (see results section). Both forward and reverse primers had the 

titanium adapters A or B (Roche Diagnostics) for use in the emulsion PCR. We used a 

standard protocol for the initial LH-PCR using Taq Gold DNA polymerase (Applied 

Biosystems Inc., Foster City, CA, USA) (Gillevet, Sikaroodi et al. 2009; Gillevet, 

Sikaroodi et al. 2010). The PCR products were visualized on a 1% agarose gel and 

diluted according to the amount of fluorescence strength of the products (1:10-1:20 

dilutions) as mentioned above. The samples were mixed with ILS600 size standard (in a 

1:20 ratio with HiDi formamide) and run on an ABI 3130XL fluorescent sequencer 

(Applied BioSystems Inc.). The fingerprinting results were analyzed using the 

Genemapper software v4.1 (Applied BioSystems Inc.) and the community profiles were 

assessed for reproducibility. The same PCR product was purified with Ampure magnetic 

beads (Agencourt) twice to ensure elimination of short products and primers. The 
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purified products were quantified using a DTX880 Multimode Fluorescent detector 

(Beckman Coulter) with excitation at 485 nm and emission at 535 nm.  

 

Emulsion PCR 

The appropriate amount of purified product was calculated and used in an 

emulsion PCR according to manufacturer’s protocol (Roche Diagnostics Corporation) 

with minor modifications. Typically, 40 cycles on a PTC-200 thermal cycler (MJ 

Research) worked better than the 50 cycles suggested in the original protocol, giving us 

better signal strength and more passed filtered reads (Sikaroodi and Gillevet 2012).The 

recovered beads from emulsion PCR was subjected to a pyrosequencing run on a Roche 

GS Junior instrument according to the original protocol (Roche Diagnostics Corporation) 

with some minor changes. Loading less than the recommended 5% of beads recovered 

from the emPCR on the plate gave more passed filter reads as well as less short quality 

reads probably due to less crosstalk among the wells (see results).
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ANALYTICAL TOOLS 

 

GALAXY Portal 

 
Galaxy is a web-based portal on the publically available Galaxy framework that 

simplifies data storage and analysis (Hawrelak and Myers 2004).The Galaxy interface 

uses the python based Cheetah web scripting language to control data and tool access.  

We have an in-house version of galaxy portal, which has our analytical pipelines that 

allow uploading of data and the selection of samples based on metadata and descriptive 

features. The data from the selected samples can be analyzed through various analytical 

pipelines using the Galaxy wrapper and the results can be downloaded to local computers 

for further analyses ( http://mbac.gmu.edu/galaxy ).  

 

RDP10 Analysis 

Ribosomal Database Project (RDP) is an online tool that “provides ribosome 

related data services to the scientific community”(Bengmark 1998).  It has several 

features including data analysis, rRNA derived phylogenetic trees, and annotated rRNA 

sequences. This tool was used in this study to classify the bacteria based on the 16S 

sequences obtained from sequencing by 454 instruments. We used this tool through 

galaxy portal and then continued the pipeline with making abundance tables and raw 

http://mbac.gmu.edu/galaxy
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tables, which then were downloaded to make charts and tables in excel and to use for 

further analysis with other programs such as Metastats.  

 

METASTATS 

Metastats is a statistical method designed to identify differentially abundant 

features in metagenomic and 16S rRNA sequence datasets (White, Nagarajan et al. 

2009). This method compares communities based on the 16S rRNA data and detects 

differentially abundant taxa in two microbial populations to assess the significance of the 

observed differences. This program utilizes the nonparametric T-test (which compares 

the mean of two groups) or Fisher’s exact test (on small samples sizes) and calculates the 

false discovery rate (FDR) or q value. The non-parametric tests are used when the data is 

not normally distributed, or they do not assume the normality of data or the homogeneity 

of variance (Robbins 2010). They compare medians rather than means using a 

permutation test and, as a result, if the data have one or two outliers, their influence is 

minimal. The Fisher exact test is a statistical test that calculates an exact probability value 

for the relationship between two categorical variables. Metatstas provide the users with a 

prioritized list of interesting features that define observed differences between two 

populations (e.g. healthy vs. sick, obese vs. lean, human vs. mouse) (White, Nagarajan et 

al. 2009).  

 

Metastats is available through our galaxy portal. The software is also available on 

the web (http://Metastats.cbcb.umd.edu/research.html). We used the web version of this 

program for most of the analysis in this study. 

http://metastats.cbcb.umd.edu/research.html
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 The input for Metastats is an abundance matrix, which presents the number of 

observations of each feature within each subject. The cell in the 1st row and the 1st 

column contains the number of times feature 1 is observed in subject 1. The matrix is 

designed so that the subjects from the 1st treatment group are in the beginning, and the 

remaining columns are subjects from the 2nd treatment group. The user provides the 

number of subjects for the first treatment group for the program to determine how to split 

the matrix. The matrix will be saved as tab-delimited text and contains labels for each 

feature and each subject. The result output file is a tab-delimited text file that contains 9 

columns: name of the feature, mean (group 1), variance (group 1), standard error (group 

1), mean (group 2), variance (group 2), standard error (group 2), p value, and q value. 

The result can be imported into an Excel spreadsheet and be sorted to easily check for the 

significant differences of features. The significant p value threshold is determined by the 

user and the default is usually 0.05. 

 

QIIME 

Quantitative Insights Into Microbial Ecology (Qiime) is an open source software 

pipeline for comparing and analyzing microbial communities (Caporaso, Kuczynski et al. 

2010). This software is designed mainly for high-throughput sequencing data (such as 

16S rRNA sequences), but also supports other types of data such as metagenomic data.  

The essential files for Qiime includes: a sequence file (.fna file) and a quality 

scores file (.qual file) generated usually by 454 sequencing instruments, and a mapping 

file (tab delimited text file) generated by the user containing all the meta data or 
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information about the samples. 

The input for this software is raw sequences from samples and a mapping file 

with information about the samples necessary to perform the data analysis. The mapping 

file should contain at minimum the sample name, the barcode sequence for each sample, 

the linker/primer sequence used to amplify each sample, and a description column. The 

mapping file can include all the metadata such as sample site (Tissue, Stool), 

health/disease status, age, gender, and all the information relating to samples that help 

analyzing and interpreting the data (drinking or smoking history, disease status, etc.).  

The mapping file should be formatted correctly and there is a script written for the 

software that is used to check the format, which makes necessary minor corrections. 

Below is the summary of the steps that Qiime performs (Qiime 2011) to process the 

data analysis: 

• Filter the DNA sequence reads for quality and assign multiplexed reads to original 

samples by nucleotide barcode or tags. 

• Pick Operational Taxonomic Units (OTUs) based on sequence similarity within 

the reads, and pick a representative sequence from each OTU. 

• Assign the OTU to a taxonomic identity using reference databases. 

• Align the OTU sequences and create a phylogenetic tree. 

• Calculate diversity metrics for each sample and compare the types of 

communities, using the taxonomic and phylogenetic assignments. 

• Generate UPGMA and PCoA plots to visualize the differences between the 

samples, and work with these graphs to generate publication quality figures. 
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UNIFRAC  

The unique fraction metric or Unifrac and Beta diversity can be measured as part 

of Qiime pipeline as well as the original web interface. Unifrac measures the differences 

between microbial communities using the phylogenetic information and multivariate 

statistical techniques. This method measures the phylogenetic distance between sets of 

taxa in a phylogenetic tree as the fraction of the branch length of the tree that leads to 

descendants from one environment or the other and determines if the communities differ 

significantly by Monte Carlo simulations (Lozupone and Knight 2005; Lozupone, 

Hamady et al. 2006). The two communities are considered different if the fraction of the 

tree length unique to one environment is greater than expected by chance. Unifrac can be 

used to compare many communities simultaneously using clustering and ordination 

techniques and to determine whether the community profiles are significantly different. It 

also measures the contributions of different factors (ie; chemistry, temperature) to 

similarities between samples by hierarchical clustering and/or principal coordinates 

analysis (PCA) (Lozupone and Knight 2005; Chen, Liu et al. 2012).  

 

Unifrac web interface uses both Unifrac significance test and the P-test to 

determine whether the communities are significantly different and compares the two 

techniques (Martin 2002; Lozupone and Knight 2005; Lozupone, Hamady et al. 2006). 

The P-test uses the number of changes from one environment to another along the branch 

in the tree to estimate the similarity between the communities. The Unifrac measures the 

fraction of branch length in the tree that is unique to one environment or the other to 

measure the similarity. The p-value for both P-test and Unifrac significant test can be 
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measured by performing random permutations of the environments. Both of these tests 

can compare all environments together or perform pairwise comparison and this will 

result in different p-values and interpretation of the results. If comparison is between all 

environments the p-value will be significant even if only one environment is different 

than others, but a pairwise comparison can determine which pair of environments are 

different than one another. When multiple comparisons are done the p-value can be 

multiplied by the number of comparisons to be corrected for Type I error (false positive) 

which is called Bonferroni correction. This is to avoid incorrectly rejecting the null 

hypothesis when it’s true and both corrected and in-corrected results are reported 

(Lozupone, Hamady et al. 2006). With this correction it may be difficult to get a 

significant p-value for trees with data from many different environments, even when they 

have very diverse communities. The number of permutations is important when multiple 

samples are compared in pairs. For example if pairwise comparison is between more than 

3 samples it should at least use 1000 permutations, to get a significant p-value (usually 

<=0.05). 

 Unifrac metric measures can be unweighted or weighted. Weighted-unifrac 

measure accounts for relative abundance of each of the taxa within the communities. This 

is appropriate when thousands of sequence reads obtained and often it might be important 

to know how many of each taxa are present in a community as well as which taxa are 

present. 

 

In summary the Unifrac interface allows us to (Lozupone and Knight 2005) : 

• Make pairwise comparisons between all environments represented in the input 
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phylogenetic tree to determine if they are significantly different. 

• Determine if community differences are concentrated within particular lineages of 

the phylogenetic tree by applying significance tests to all subclades of a tree at a 

defined threshold (distance from the tree root). 

• Compare sequences from many environments simultaneously using hierarchical 

clustering and/or principal coordinates analysis (PCA) to determine whether there 

are environmental factors (such as temperature or salinity) that group 

communities together. 

• Determine whether the environments were sampled sufficiently to support cluster 

nodes using a sequence jackknifing technique. 

• Visualize the differences between environments graphically in PCA plots and 

phylogenetic trees/ clusters that are highlighted by significance. 

 

 

PICRUST 

 PICRUSt, or Phylogenetic Investigation of Communities by Reconstruction of 

Unobserved States (pronounced “pie crust”) is a bioinformatics software package that is 

designed to predict functional content of metagenome from a marker gene such as 16S 

rRNA (Alipanahi and Frey 2013). This pipeline consists of two workflows for gene 

content inference and metagenome inference (Figure 8). The user working with 16S data 

can use pre-computed gene content information to infer gene content for unknown OTUs 

from phylogenetically related OTUs with known clusters of orthologous groups (COGs).  
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Figure 8: PICRUSt workflow. Figure courtesy of Langille et al, 2013. 
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The input for this pipeline is a fasta file and a reference file (Green genes) 

(DeSantis, Hugenholtz et al. 2006). The first step is to pick closed-reference OTUs and 

produce a biom format OTU table. Closed-reference OTU table, where the OTU 

identifiers correspond to the tips in the reference tree (Newik format) can be obtained 

from Qiime pipeline. This OTU table is normalized based on the operon copy number of 

known and predicted 16S OTUs. The normalized OTU abundances are multiplied by 

each predicted functional trait abundance and the result is a table of samples (columns) 

with functions (rows). The output is a gene table for OTUs with known and unknown 

gene composition (counts of functional genes on a per-OTU basis; biom format by 

default) (PICRUSt 2013).  The next step is to predict the metagenome for unknown 

samples. Functional predictions (clusters of orthologous groups or COGs) are done based 

on KEGG Orthology (Kyoto Encyclopedia of Genes and Genomes) and has three levels 

(Tatusov 1997; Lozupone, Hamady et al. 2006; Kanehisa, Goto et al. 2012), but any 

functional classification scheme can be used with PICRUSt. 

 To infer the gene content, PICRUSt predicts what genes are present in an 

organism that have not yet been sequenced based on the genes observed in their 

evolutionary relatives that have been sequenced. For this prediction PICRUSt uses 

existing annotations of gene content and 16S copy number from reference bacterial or 

archaeal genomes in the IMG database (Markowitz, Chen et al. 2012). 

 Since most of the sequence data for environmental samples are obtained from 

uncultivated microbial communities linking phylogeny and function or “predictive 

metagenome” provides useful insights to study these samples.  However, the systems 

depends on how well the reference genomes have been annotated and one may not detect 
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unique secondary metabolic pathways if they do not exist or have not been recognized in 

the phylogentically related OTUs. 

 

CYTOSCAPE 

 
Biological network analysis has become a central component of systems biology. 

Since such analysis provides a unique language to describe relationship between 

complex systems, it plays an important role in understanding the physiological 

functions. Cytoscape is an open source software platform for visualizing the biological 

pathways and molecular interaction networks and integrating these networks with 

annotations, gene expression profiles, and other state data (Shannon, Markiel et al. 2003). 

It was originally created at the Institute of Systems Biology in Seattle in 2002.  Although 

Cytoscape was originally designed for biological research, it is now a general platform 

for complex network analysis and visualization. Several improved versions of the 

software are available now. 

 Cytoscape can be used to analyze and visualize network graphs of any kind 

involving nodes and edges (e.g., social networks). A key aspect of this software 

architecture is the use of plugins for specialized features, which are developed by core 

developers and the user community. “For example: 

• Filter the network to select subsets of nodes and/or interactions based on the 

current data. For instance, users may select nodes involved in a threshold number 

of interactions, nodes that share a particular GO annotation, or nodes whose gene 

expression levels change significantly in one or more conditions according to p-

values loaded with the gene expression data. 
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• Find active subnetworks/pathway modules. The network is screened against gene 

expression data to identify connected sets of interactions, i.e. interaction 

subnetworks, whose genes show particularly high levels of differential 

expression. The interactions contained in each subnetwork provide hypotheses for 

the regulatory and signaling interactions in control of the observed expression 

changes. 

• Find clusters (highly interconnected regions) in any network loaded into 

Cytoscape. Depending on the type of network, clusters may mean different things. 

For instance, clusters in a protein-protein interaction network have been shown to 

be protein complexes and parts of pathways. Clusters in a protein similarity 

network represent protein families.”(Shannon, Markiel et al. 2003) 

 

Cytoscape core distribution provides a basic set of features for data integration, 

analysis, and visualization (Cytoscape Collaboration 2003).  Cytoscape supports 

molecular and systems biology, genomics, and proteomics data: 

1. Load molecular and genetic interaction data sets in many standards formats, 

2. Project and integrate global datasets and functional annotations, 

3. Establish powerful visual mappings across these data, 

4. Perform advanced analysis and modeling using Cytoscape Apps, 

5. Visualize and analyze human-curated pathway datasets such as WikiPathways, 

Reactome, and KEGG. 
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The input for Cytoscape is a calculated correlation network and an index file. First a 

data matrix such as a RDP10 output abundance table with samples (in columns) and 

features (rows) is obtained and an index file with the list of features to be compared is 

made. The data matrix table has to be split for different classes of samples (e.g.; the 

disease groups) and correlations between the samples for each class will be calculated. 

The calculated correlation network file can then be imported with the attribute file (index 

file) to be analyzed and visualized in Cytoscape. 

 



71 
 

RESULTS 

Samples Description 

A total of 471 samples were collected at Rush University Medical Center in 

Chicago from 128 subjects with Crohn’s disease or ulcerative colitis and healthy 

volunteers. The biopsies from various sites of the gut along with lumen or stool samples 

were collected.  A table with detailed sample descriptions is available in Appendix I. It 

should be noted that endoscopic findings of diverticulesis or polyps were present in some 

healthy controls. All collected samples were fingerprinted by length heterogeneity 

polymerase chain reaction (LH PCR) method to produce preliminary results. After initial 

screening of the samples by LH-PCR fingerprinting, a total of 273 samples were 

sequenced using MTPS approach. For further analysis, 250 samples were selected after 

exclusion of duplicates and some non-target diagnoses, i.e. IBS (Table 2).  

 

 
 

 
 
 
 

 

 
 

Table 2: An overview of samples selected and profiled in current study.  
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LH-PCR Fingerprinting  

Length Heterogeneity PCR (LH-PCR) fingerprinting is a rapid protocol that 

allows to screen microbial communities. LH-PCR takes advantage of the differences in 

the size and the composition of variable regions located in conserved microbial genes 

such as 16S rRNA gene.  The amplified DNA fragments that represent variable regions 

of a conserved gene such as16S rRNA, are separated by capillary electrophoresis, and the 

resulting fingerprinting profiles are compared (Torzilli, Sikaroodi et al. 2006; Gillevet, 

Sikaroodi et al. 2010). The distribution of the fragment sizes identifies operational 

taxonomic units (OTUs) that define the components of the community. In this study, the 

LH-PCR fingerprints were obtained for all 471 DNA samples and analyzed using a 

multivariate statistical program (MultiVariate Statistical Package v3.13) to visualize the 

differences between the different samples. As can be seen in figures 9-11, no clusters 

associated with any of the disease states, including CD, UC, HC and HC-polyp. The 

color-coded results of principle coordinate analysis (PCoA or PCO) using four different 

groups of patients (CD, UC, HC, HC-polyp) are shown in figure 9. Figure 10 represents 

the results of same PCO analysis with different type of the labeling, with mucosal (all 

different tissue samples labeled as mucosa), luminal, and stool samples that represent a 

variety of disease states highlighted by different colors.  No clustering was observed. In 

figure 11, different locations are highlighted by same color across different disease states. 

No visible clustering for any of the disease groups was revealed.  
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Figure 9: PCO analysis with MVSP for LH PCR data (471 samples).  
Four different disease states are depicted with different shapes and colors.  
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Figure 10: PCO analysis with MVSP for LH PCR data.  
Three different disease states depicted with different colors and different sites (as mucosa, lumen, and stool) are depicted with different 
shapes.  
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Figure 11: PCO analysis with MVSP for LH PCR data.  
Three different disease states depicted with different shapes and different sites (as mucosa, lumen, and stool) are depicted with different 
colors. 
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The LH-PCR fingerprinting analysis was repeated for a subset of samples selected 

for MTPS sequencing. Figure 12 depicts a stacked histogram of the OTUs for this sample 

subset. No specific pattern can be discerned from the histogram. The PCO analysis of the 

sequenced subset of samples color-coded for different disease groups (Figure 13) and 

different sample collection sites (Figure 14) showed no clustering. However, it should be 

noted that the OTUs could not identify the taxa but rather show the similarity or 

dissimilarity between communities when their LH-PCR profiles are compared. Therefore, 

we proceeded with the MTPS sequencing to investigate the matter further. 

 

MTPS Sequencing Analysis 
 

A total of 552,672 raw sequences were obtained for 250 samples processed using 

six runs on pyrosequencing instruments GS-FLX and GS-Junior. The raw reads were de-

multiplexed with a custom perl script followed by assigning these reads to respective 

samples. The number of reads per sample ranged from 259 to 16,993. Sixteen out of 250 

samples had more than 5000 sequence reads, while 10 out of 250 samples were 

associated with less than 500 reads each. The average number of reads was about 1700 

per sample. Using Qiime, a total of 21,579 OTUs were obtained.  

Several approaches were employed for sequence analysis in this study: (1) 

taxonomic approach using RDP10, (2) non-parametric multivariate statistical approach 

using Metastats, (3) phylogenetic approaches using Qiime and PICRUSt, and (4) network 

analysis with Cytoscape.
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Figure 12: Stacked histogram of LH-PCR data for a subset (250 samples) that was sequenced. 
Data are sorted by disease groups. No specific pattern can be seen for any group. 
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Figure 13: PCO for LH-PCR data for a subset (250 samples) that was sequenced. 
Data are colored by disease groups. No clustering can be seen for any group. 
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Figure 14: PCO for LH-PCR data for a subset (250 samples) that was sequenced. 
Data are color coded by sample sites. No clustering can be seen for any group. 
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Analysis of the Taxa using RDP10 

The Ribosomal Database Project (RDP) is a web resource of curated reference 

sequences of bacterial, archeal, and fungal rRNAs. This service also facilitates the data 

analysis by providing the tools to build rRNA-derived phylogenetic trees, as well as 

aligned and annotated rRNA sequences (Barzel and Barabasi 2013; Feizi, Marbach et al. 

2013).  

Using de-multiplexed sequences, RDP10 classifier command was executed with 

the 1% and 0.1% relative abundance cut-offs through the MBAC Galaxy portal. With 

that, abundance table and a raw number table were obtained. These tables were later used 

for Metastats analysis at six taxonomic levels of identification ranging from domains to 

genera. To compare the average diversities of the taxa at different levels, the abundance 

table was sorted according to different disease classes, and level specific pie charts were 

made. For this part of the study, the analysis was focused on first two taxonomic levels, 

Phyla and Order. 

At the level of Phyla, no major difference between groups of samples was 

noticeable (Figure 15). The major components of the communities were Firmicutes 

(ranging from 50% to 54%) and Bacteroidetes (ranging from 32% to 37%), with some 

addition of Proteobacteria (6-14%) and Actinobacteria (2-4%). At Phyla level, the only 

difference between disease groups and healthy controls was an absence of Fusobacteria 

and Cyanobacteria in controls, while both taxa were present in both CD and UC groups, 

0.2 % and 0.1 %, respectively (Table 3).
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Figure 15: Average abundances of different taxa at Phylum level for all 4 subject groups.  
There is not much noticeable difference at this taxonomic level. 
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Table 3: Average abundances of bacterial Phyla in diseased patients and controls. 
 

 
 

At the level of Orders (Figure 16), the Gamma proteobacteria were less abundant 

(about 5%) in the control subjects as compared to samples collected from diseased 

subjects (about 7 to 11%). Disease samples contained about 2% of the alpha, beta, delta, 

and epsilon proteobacteria. Alpha proteobacteria and epsilon proteobacteria were seen 

only in disease groups at very low level (less than 0.1%), while Sphingobacteria of Phyla 

Bacteroidetes was seen only once in HC with polyps and in each disease group, and in all 

cases at low abundances  (less than 0.3%). The Firmicutes Bacilli represented about 1.2% 

of the bacterial community in the controls, but were present at 5.4% abundances in both 

UC and CD samples. That was the only major difference between the groups (Table 4). 

 

Table 4: Average abundances of bacterial orders for different disease groups. 
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Figure 16: Average abundances of bacterial taxa at the Order level for all 4 subject groups. 
As seen in the picture there are some noticeable difference at this taxonomic level. 
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  The RDP10 analysis also allowed us to evaluate the representation of the rare 

taxa (Table 5). Interestingly, the rare taxa were mainly represented in disease samples. 

For example, only one of the control samples that was collected from the patient with 

polyps had Fusobacteria at an abundance of 2%, while this taxa was often present  in UC 

and CD patients. In the majority of the cases,  the rare taxa were seen in the tissue biopsy 

samples but not in the lumen or stool samples. This finding suggests that the communities 

within the mucosal biofilm could serve as better indicators of the presence of the bowel 

disease, probably due to the fact that the bacterial communities of the lumen may reflect a 

variation in diets rather than the immune or homeostatic status of the subject.  

 

Table 5: Rare taxa seen mainly in disease states. 
Also, rare taxa are seen in tissue biopsy samples vs stool. 
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The Results of Analysis with Metastats 

Metastats is a statistical method designed to identify the differentially abundant 

features in metagenomic data and sequence datasets. This tool utilizes either the Fisher’s 

exact test on datasets with small sample sizes (i.e. less than 8) or a nonparametric t-test 

on larger sample sizes. After calculation of the false discovery rate (FDR), the Metastats 

provides a ranked list of significant features and observed differences between two sets of 

samples (e.g. healthy vs disease). 

The data input for Metastats is a tab-delimited matrix of counts with samples from 

two compared groups listed in the columns and the different features in the rows. The 

data are sorted such that the first N columns represent the first set of samples and the 

remainder is the second set of samples. The output of Metastats is a tab-delimited table 

with the description (features compared), the mean of two groups compared, the variance, 

and the standard error values, a p value and a q value  (i.e. false discovery rate) for each 

comparison. The result can be imported into an excel spreadsheet and be sorted to easily 

check for the significant differences of features (White, Nagarajan et al. 2009). 

For this analysis a local RDP Bayesian analysis (version 1.2) was done on all the 

data as described before on our local Galaxy website and an abundance table with 1% 

cutoff was made with a custom perl script embedded in galaxy.  We used an abundance 

cutoff of 1% to match the depth of coverage for the average of all the samples (i.e. 1700 

reads per sample) (Gillevet, Sikaroodi et al. 2010). The abundance table was made in 

both percentages and raw data file formats (Appendix III), and the raw abundance file 

was used for Metastats analysis.  
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Separate tables were made for each of the 5 different levels of RDP10 data 

(Phylum, Class, Order, Family, and Genus). A disease class was then added to the sample 

names and data was sorted based on all three (CD, HC, UC) classes. All the controls 

(including HC and HC_Polyp) were considered as HC, because the separate analysis of 

these two classes did not show significant differences as these individual classes had low 

number of samples. Only one genus from the Firmicutes phylum, Subdoligranulum, had 

a significant q value when the two groups of healthy were compared (Appendix IV).  

To compare each pair of classes of data, the third class was deleted and the 

number of samples for the first class was counted. The tables were uploaded one by one 

to Metastats website and the p value calculations were done for 1000 permutations. The 

results were received as a compressed file by email. The results folder contained 3 files 

when it was expanded: a parameters file, all calculated data, and the detected data. The 

detected data is all the data with p values lower than the user defined threshold (the 

default is less than 0.05). The detected data table was imported into excel and sorted by p 

value and q value and then by mean for group1 and group2 and then by taxa name. We 

selected for taxa that had lower q value (< 0.05) and higher mean (> 0.005) for either 

group. The reason for choosing the latter cutoff is that the average depth of coverage for 

each sample precludes looking at rarer taxa. The result is summarized in table 6 and there 

are a few significant differences for each comparison.  

The abundances of four genera, Anaerostipes, Dorea, Hespellia, and 

Subdoligranulum (phylum Firmicutes, class Clostridiales, family Lachnospiraceae) were 

significantly different when Crohn’s samples were compared to that of Healthy controls. 

Another genus, Propionibacterium (phylum Actinobacteria, class Actinomycetales) 
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seems to be significantly different between these two groups. Also the order 

Lactobacillales (phylum Firmicutes) has a significant q value in both HC-CD and HC-

UC comparisons.  All the means for the above taxa were greater than 0.5%. 

The family Erysipelotrichaceae (phylum Firmicutes) is significantly different 

when Healthy control and CD are compared to Ulcerative colitis samples. The families 

Actinobacteria, Coriobacteriaceae has a significant q value at the phylum to family level 

and the Gamma proteobacteria are significantly different at the class level when HC-UC 

are compare. Also, at genus level Dorea and family Erysipelotrichacea (phylum 

Firmicutes) have a significant q value when HC-UC compare.  

Erysipelotrichacea (phylum Firmicutes) has a significant p and q value in CD-UC 

comparison and a species level Clostridia, Coprococcus (p = 0.003, q = 0.01) have 

significant p value between CD-UC patients (Table 6).  
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Table 6: Significant differences among all subject groups detected by Metastats. 
 

 

 

RDP10 Taxa Name mean(group1) mean(group2) pvalue qvalue
L4_HC-CD Actinomycetales_Propionibacteriaceae 0.001051216 0.008871448 0.007992008 0.045273031
L5_HC-CD Actinomycetales_Propionibacteriaceae_Propionibacterium 0.001157701 0.009511033 0.005994006 0.035680961
L2_HC-CD Firmicutes_Bacilli 0.009260172 0.054853067 0.001998002 0.005775297
L3_HC-CD Firmicutes_Bacilli_Lactobacillales 0.008641233 0.05323153 0.004995005 0.019881939
L5_HC-CD Lachnospiraceae_unknown-Anaerostipes 0 0.005814152 0.000999001 0.007319171
L5_HC-CD Lachnospiraceae_unknown-Hespellia 0.002284608 0.012692207 0.001998002 0.013345815
L5_HC-CD Lachnospiraceae_unknown-Dorea 0.060749335 0.033125305 0.001998002 0.013345815
L5_HC-CD Ruminococcaceae_Subdoligranulum 0.012961361 0.005093423 0.006993007 0.04098736
L2_HC-UC Firmicutes_Bacilli 0.009260172 0.053368638 0.000999001 0.006749112
L3_HC-UC Firmicutes_Bacilli_Lactobacillales 0.008641233 0.049570149 0.003996004 0.016989509
L3_HC-UC Actinobacteria_Coriobacteriales 0.022134397 0.005529645 0.003996004 0.016989509
L4_HC-UC Actinobacteria_Coriobacteriales_Coriobacteriaceae 0.022734197 0.00570512 0.001998002 0.016765094
L2_HC-UC Erysipelotrichi 0.040593592 0.015266314 0.001998002 0.010123668
L3_HC-UC Erysipelotrichi_Erysipelotrichales 0.040817788 0.015382617 0.002997003 0.015927665
L4_HC-UC Erysipelotrichales_Erysipelotrichaceae 0.0417905 0.015903477 0.000999001 0.010668696
L2_HC-UC Proteobacteria_Gammaproteobacteria 0.047403825 0.112797567 0.00999001 0.040494673
L5_HC-UC Clostridiales_Lachnospiraceae_Dorea 0.017272778 0.008346126 0.003996004 0.030323379
L2_CD-UC Erysipelotrichi 0.038039308 0.015266314 0.003996004 0.011699856
L3_CD-UC Erysipelotrichi_Erysipelotrichales 0.038430595 0.015382617 0.001998002 0.004873567
L4_CD-UC Erysipelotrichales_Erysipelotrichaceae 0.039318995 0.015903477 0.001998002 0.004874109
L5_CD-UC Lachnospiraceae_unknown-Coprococcus 0.018227364 0.00538511 0.003996004 0.014190399
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Quantitative Insights Into Microbial Ecology (QIIME) 

 
We used the Qiime pipeline to process the 16S rRNA data from multitag 

pyrosequencing using the Roche 454 instruments. Qiime is a freely available software 

that is designed for high-throughput sequencing data analysis of microbial communities 

(Caporaso, Kuczynski et al. 2010). It begins with multiplexed sequence reads and 

finishes with taxonomic and phylogenetic profiles and compares the microbial 

communities of the samples in the study.  

The result of the sequencing with 454 instrument was exported as a fna (fasta) file 

and qual file (quality scores) which can then be de-multiplexed using the tag (barcode) 

using the mapping file (for Qiime). The first step with Qiime pipeline is to split the data 

(split_libraries.py) based on the tags or barcodes (de-multiplexing) using a mapping file 

format which can be checked using check_id_map.py. Alternatively, we used a custom 

perl script to assign the reads to multiple samples based on their barcodes using the fna 

sequence file and a MBAC formatted tag file that contains the sample name and tag 

information. The 552,672 raw sequences obtained from pyrosequencing runs were de-

multiplexed with the custom perl script to use in Qiime. An example of a tag file table 

used for this study is available in the Appendix V. We used the Qiime program locally on 

our server. 

 

Pick Operational Taxonomic Units (OTUs): 

The next step is picking operational taxonomic units (OTUs) by making an OTU 

table in Qiime. The workflow we are running is the pick_de_novo_otus.py which calls a 

series of other scripts automatically and performs the following functions:  

http://qiime.org/scripts/pick_de_novo_otus.html
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1. Cluster the reads as OTUs (pick_otus.py) using Uclust. 

2. Pick a representative sequence from each OTU (pick_rep_set.py). 

3. Align the representative sequence set (align_seqs.py) using Pynast. 

4. Assign taxonomy to the representative sequence set (assign_taxonomy.py) using 

the RDP10 database. 

5. Filter the alignment and removing gaps or positions which are all not useful for 

phylogenetic inference (filter_alignment.py). 

6. Build a phylogenetic tree (make_phylogeny.py) using Neighbor Joining. 

7. Build an OTU table (make_otu_table.py). 

After picking the OTUs we can view the statistics (print_biom_table_summary.py) 

and check the number of sequence reads which were assigned to OTU table (Table 7 and 

Appendix VI). We obtained 21,579 OTUs with default Qiime parameters (97% 

similarity). 

 

Make OTU Heatmaps and OTU Network: 

We made OTU heatmaps (make_otu_heatmap.py) and OTU networks 

(make_otu_networks.py) to generate images of the OTU table. The result is html files 

that can be opened with any web browser. The heatmap shows raw OTU counts per 

sample which are colored based on their contribution to total OTU counts (red for high 

and blue for low contribution). However, we decided that the heatmaps were not that 

informative and did not proceed with analyzing them. Also, for network analysis we used 

Cytoscape directly as explained below. 
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Table 7: Statistics of sequences assigned to OTU table (biom table summary). 
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Summarize communities by taxonomic levels: 

We can group the OTUs by different categories and taxonomic levels 

(summarize_ taxa_through_plots.py) and make charts and tables with Qiime or in an 

excel spreadsheet. All charts done with Qiime for this study can be found in Appendix 

VII. A summary of the values at level 2 is presented in table 8. 

 

Table 8: A summary of the taxa abundance at Phylum level for different subject groups. 
 

 

 

Qiime makes the OTUs summary in 5 taxonomic levels as tables. We used these 

tables and made the charts in excel to customize the analysis by disease category and then 

sorted by taxa abundance to visualize the class differences (if any) more clearly. An 

example in shown in figure 17 which is the level 2 summary sorted by disease groups and 

taxa abundance (Bacteroidetes and Firmicutes). Visual inspection of the figure indicates 

that there is no major difference between the four different categories. The same can be 

seen with the other 3 levels in that the taxa abundance patterns look similar overall 

(Appendix VIII). 
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Figure 17: Qiime OTU level 2 chart, sorted by Bacteroidetes and Firmicutes.
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The percentage of Actinobacteria is higher in CD group while the Proteobacteria 

are more abundant in both disease groups (CD and UC) than control samples (HC and 

HC_polyp). Statistical comparison of these samples is presented in the Metastats section 

below. Another visually noticeable point in the bar charts is that a few samples in UC and 

CD categories looked different at all levels and these anomalous samples need to be 

further investigated. However, this is common observation from all our studies at the 

Microbiome Analysis Center where some samples are outliers for no apparent reason. 

 

Compute alpha diversity and generate rarefaction curves: 

Community analysis usually describes the microbial diversity either within a 

sample (alpha diversity) or between samples (beta diversity), and these are the next steps 

with Qiime analysis. We computed alpha diversity within the samples and generated 

rarefaction curves. Rarefaction allows the calculation of species richness for a given 

number of individual samples by making the rarefaction curves. This curve is a plot of 

the number of species as a function of the number of samples. 

We used the alpha_rarefaction.py script for this step that performs these functions: 

1. Generate rarefied OTU tables (multiple_rarefactions.py) 

2. Compute measures of alpha diversity for each rarefied OTU table 

(alpha_diversity.py) 

3. Collate alpha diversity results (collate_alpha.py) 

4. Generate alpha rarefaction plots (make_rarefaction_plots.py) 

http://qiime.org/scripts/multiple_rarefactions.html
http://qiime.org/scripts/alpha_diversity.html
http://qiime.org/scripts/collate_alpha.html
http://qiime.org/scripts/make_rarefaction_plots.html
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The alpha diversity results and rarefaction curves were not that informative and only one 

example of a rarefaction curve is shown in Figure 18. 

 

 

 

 
Figure 18: An example of rarefaction cuves for Diagnosis 1 category, which included alldisease 
groups. 
. 
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Compute beta diversity and generate beta diversity plots: UNIFRAC 

Beta diversity compares different communities based on their composition. The 

output of this comparison is a distance matrix calculated for each pair of the community. 

It is calculated by measuring the difference between the two environments based on a 

phylogentic tree and the branch length that is unique to one environment or the other. If 

the two environments divide early the branch length is unique to each of them and they 

have the maximum Unifrac distance, which is 1.0 (i.e 100 percent different). If the two 

environments share some descendants and there is as much unique branch length to each 

environment as the ones shared between them then the Unifrac value is 0.5 (i.e. share 

50% of the tree topology). If the two environments are identical and the same sequences 

are found in both the Unifarc value is 0. 

This distance matrix created by the UNIFRAC analysis can be visualized with a 

hierarchical clustering or a principal coordinate analysis (PCoA). The hierarchical 

clustering represents the environments based on the phylogenetic lineages they contain. 

Principal coordinate analysis clusters the sample based on the variance and projects the 

variance onto different Eigen vectors. These methods can be used to visualize if any 

environmental factor such as salinity or temperature can group communities together. 

There are many different functions that can be used for Qiime analysis. We used 

the default beta diversity metrics of weighted and unweighted-unifrac, which are 

phylogenetic measures used in most community analysis projects. 

The script used for this analysis is beta_diversity_through_plots.py, which performs the 

following steps: 
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1. Rarify OTU table (single_rarefaction.py) 

2. Make preferences file (make_prefs_file.py) 

3. Compute Beta Diversity (beta_diversity.py) 

4. Generate Principal Coordinates (principal_coordinates.py) 

5. Generate 3D PCoA plots (make_3d_plots.py) 

6. Generate 2D PCoA plots (make_2d_plots.py) 

7. Make Distance Histograms (make_distance_histograms.py) 

The resulting 2D and 3D PCoA plots were examined carefully and there was not 

much visible clustering of the samples with any of the categories. Only the stool samples 

showed clustering as shown in Figure 19. Some of the categories show some clustering in 

3 dimensions that can be seen when the image is manipulated in 3D using KiNG (Kinetic 

image, Next Generation_v2.21) software that is freely available on the web 

(http://kineimage.biochem.duke.edu).  It is also possible to select categories and see the 

presence/absence of specific component of a class. There is more detail of these results in 

the Unifrac section below. 

 

 

 

http://kineimage.biochem.duke.edu/


98 
 

 
 
 
Figure 19: Unifrac Beta diversity PCoA 2D plots.  
Only the sample site showed a cluster for stool samples (yellow circles). 
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Unifrac Measures 

Beta Significance 

For this study we ran the Qiime unifrac through a custom super-script on a server 

for all different categories in the map file (metadata) (Appendix VIII). This analysis took 

3-4 days to run on a 4 processor server with 12 GB memory. Weighted-unifrac measure 

accounts for relative abundance of each of the taxa within the communities whereas 

Unweighted-unifrac only measures the tree topology. Both weighted and unweighted-

unifrac results were obtained, but only weighted-unifrac was studied further as all the 

categories compared showed a non-significant pvalue with unweighted-unifrac.  

We combined categories by appending the disease class to all the 14 categories 

(i.e. CD-age, HC-age, UC-age, etc…) we had in metadata to see if these combined 

disease classes could be differentiated in the unifrac analysis. In doing so, we sometimes 

simplified the descriptions to make it more consistent and to contain enough samples for 

statistical analysis. An example of data not being consistent is Diagnosis 1 (Table 9). As 

noted there are 8 different descriptions for Crohn’s disease and 4 different descriptions 

for Ulcerative colitis as Diagnosis1 category. These diagnoses although important for 

treating the patient makes it difficult when comparing two communities and interpreting 

the data, especially when there is not enough samples for each group. We simplified the 

disease category as 4 general categories (Crohn’s Disease, Ulcerative Colitis, Healthy 

Controls, Healthy Controls with polyp) when added to different descriptions (e.g. site, 

age) or statuses (e.g. symptomatic/asymptomatic, active/inactive) and ran Unifrac for all 

of these classes (Appendix IX). 
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Table 9: An example of the information not being consistent in the mapping file. 
 

 

 

All the unifrac results tables are available in Appendix IX. The weighted-unifrac 

value was significant for 3 classes of samples with diagnosis 1, but when we simplified 

the diagnoses for 4 major disease classes there was no significant difference among them 

(Table 10).  We combined the simplified diagnosis (only 4 disease groups) with sample 

sites, many of the sites compared had a significant value but many of them included just 

one (e.g. UC_Rectum) or two (e.g. HC_Polyp_Stool) samples, and therefore were 

eliminated from further consideration (Table 11). When we removed these outlier 

samples from the table we see mainly that CD_Stool samples have significant difference 

(p value <=0.001) when compared to HC and UC and even some CD_lumen and tissue 

samples (Table 12). 

In conclusion, the stool and tissue samples have significant differences, although 

there are not as many stool samples for any subject group as tissue samples. There was no 

significant difference between disease and control stool nor disease and control mucosa. 
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Also there are some significant differences between lumen and stool, and this is 

surprising since the colon content is expected to be more similar to stool than mucosa.  
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Table 10: Weighted and unweighted-unifrac values for the same data, but different diagnoses assignments. 
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Table 11: Weighted-unifrac values for all disease classes with sites. 
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Table 12: Weighted-unifrac values with all disease classes and sites. 
Low number samples were not included. 
 

 
 

Table 13: Weighted-unifrac values for disease classes and sites. 
Sample sites are simplified to four major types. 
 

:  
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We also combined the sites to make 4 major categories only (colon, ileum, lumen, 

stool) and got the beta significance values (Table 13). As can be seen in Table 13 there is 

significant difference between stool and other samples. 

In conclusion, the stool and tissue samples have significant differences, although 

there are not as many stool samples for any subject group as tissue samples. There was no 

significant difference between disease and control stool nor disease and control mucosa. 

Also there are some significant differences between lumen and stool, and this is 

surprising since the colon content is expected to be more similar to stool than mucosa.  

 

Beta Diversity PCoA Plots 

The beta diversity was visualized through Qiime’s weighted and unweighted-unifrac 

PCoA 2D and 3D plots. Unweighted_unifrac_2D plots showed that the only category 

which had a specific pattern was the sample site and stool samples which seem to be 

separated from other samples (Figure 20). No other category (as listed in Qiime map file) 

showed any specific pattern, even the disease classes (data not shown). One reason might 

be that the data is not even and some of the categories have more samples than others as 

is the case for stool. There are only a few stool samples in this data set and there are more 

lumen samples than stool.  Furthermore, each subject had either stool or lumen sample.  

Also, as seen in the figures a few samples (from each disease category) position as an 

outlier in each plot. 

Weighted_Unifrac_2D plots showed a pattern for severely involved samples in 

Endoscopy, but there were only a few such samples. Also in preparation category the 

Colyte prep samples seemed to stay together compare to other prep methods. For 

sample_site and description 1 and 2, and sample_site_name categories the stool samples 
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cluster together as in unweighted-unifrac plots (Figure 21). In the sex category female 

samples are scattered, but male samples seem to be more clustered (Figure 22). 

 For class 1 (which contains the four main disease groups), the HC_Polyp samples 

are at center (Figure23). For class 5 (which includes site and status), stool_inactive 

samples had displayed clustered pattern.  
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Figure 20: 2D PCoA plot for unweighted-unifrac, sample site category. 
Light blue triangles depict stool samples.  
 
.
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Figure 21: 2D PCoA plot for weighted-unifrac, sample site category. 
Dark blue circles depict stool samples (not the blue pentagons). 
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Figure 22: 2D PCoA plot for weighted-unifrac, sex category. 
Female: red circles, Male: blue squares. 
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Figure 23: 2D PCoA plot for weighted-unifrac, class 1 category (all 4 subject groups). 
HC-Polyp are shown by green circles. 
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For Endoscopy (with and without disease class) the severely involved class 

showed some clustering, but there are not that many samples in this category. For 

Diagnosis 2 HC_Polyp and HC in general are more at center. Additionally, regular 

NSAID users, although they only a few sample, are clustered.  

In summary, there is not a clear separation of any category as one would expect, 

and it might be because there is not enough number of samples in each category 

compared. Only stool samples seem to be separated from other samples consistently. 

 

Weighted and Un-weighted_Unifrac_3D 

The 3D images can be viewed with the freely available KiNG program 

(http://kinemage.biochem.duke.edu). With this tool one can manipulate the image for 

different dimensions and data (delete or include the data) components and visualize the 

results.  

There is a clear separation in the unweighted-unifrac analysis of the lumen and 

sigmoid samples (Figure 24). Also, stool samples cluster together. Some lumen and stool 

samples overlap, but lumen samples are more scattered in general (Figures 25). In 

alcohol_history grouping, we see the “more than 1 drink/day” samples (although low in 

number) are separated from “non-users” (Figure 26). For endoscopy category most 

samples are non-involved, so it is hard to compare them to others.  

In weighted-unifrac lumen and stool samples (Figure 27) and sigmoid and stool 

samples are separated (Figure 28). There is no clear pattern in disease status 

(active/inactive) category plot (Figure 29)

http://kinemage.biochem.duke.edu/


112 
 

 

112 

 
 
Figure 24: 3D PCoA plot for unweighted-unifrac, comparing lumemn (orange) and sigmoid (purple) samples. 
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Figure 25: Unweighted-unifrac_3D_Lumen (orange) Stool (yellow) Sigmoid (purple). 
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Figure 25: 3D PCoA plot for unweighed-unifrac comparing lumen (orange), stool (yellow) and sigmoid (purple). 
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Figure 26: 3D PCoA plot for unweighted-unifrac, alcohol history category. 
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Figure 27: 3D PCoA plot for weighted-unifrac comparing Lumen (light green) and Stool (blue). 
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Figure 28: 3D PCoA plot for weighted-unifrac, comparing Sigmoid (green) and Stool (blue). 
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Figure 29: 3D PCoA plot for weighted-unifrac, comparing disease status.  
Active is depicted in red and Inactive in green. 
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With 3D images one can visualize three principle components (i.e. see more 

variance of the data), manipulate the data better, and see the result with or without 

specific categories. Although still we still came to the same general conclusions that were 

obtained with the 2D PCO plots, we were able to better visualize the separation of the 

stool samples from other samples including the lumen samples. 

 

Jackknifed beta diversity and hierarchical clustering 

We performed a jackknife analysis to measure the robustness of the results. This 

is done with Qiime by subsampling the full dataset and performing a hierarchical 

clustering with UPGMA and comparing the resulting trees.  

The Qiime script used is jackknifed_beta_diversity.py and these are the steps it 

performs: 

1. Compute the beta diversity distance matrix from the full OTU table (and tree, if 

applicable) (beta_diversity.py) 

2. Build UPGMA tree from full distance matrix; (upgma_cluster.py) 

3. Build rarefied OTU tables (multiple_rarefactions_even_depth.py.py) 

4. Compute distance matrices for rarefied OTU tables (beta_diversity.py)  

5. Build UPGMA trees from rarefied distance matrices (upgma_cluster.py) 

6. Compare rarefied UPGMA trees and determine jackknife support for tree nodes. 

(tree_compare.py and consensus_tree.py) 

7. Compute principal coordinates on each rarefied distance matrix 

(principal_coordinates.py) 
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8. Compare rarefied principal coordinates plots from each rarefied distance matrix 

(make_3d_plots.py and make_2d_plots.py) 

Trees can be viewed by any tree viewing program such as FigTree or treeview. We 

used FigTree v1.3.1 to view the trees, and the figures for weighted and unweighted 

consensus UPGMA trees are available in Appendix X and XI respectively. 

We can also visualize the bootstrapped tree using make_bootstrapped_tree.py 

script. The tree is color coded for bootstrap support values (Figure 30). Although it is 

hard to see the details in the tree figure, one can see the internal nodes that are colored.  

The red color represents nodes with 75-100% support, yellow for 50-75%, green for 25-

50%, and blue for less than 25% support. As noted in the figure most of the ancestral 

nodes are blue (i.e. not good support) and there is no clear clustering for any of the 

disease classes when zoomed in the picture (figure not shown).  

The jackknifed replicate PCoA plots can be compared to assess the degree of 

variation between replicates and in Qiime this variation can be displayed by confidence 

ellipsoids around the samples represented in a PCoA plot. However, the resulted PCoA 

plots (both 2D and 3D) for this analysis did not show any different results than Unifrac 

results and are not discussed here. Only one example of a 3D plot with confidence 

ellipsoids is shown in Figure 31.  

In conclusion the same results as rest of Qiime analysis was achieved with 

jackknife method, but with more accuracy supporting the data.
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Figure 30: A jackknife tree with bootstrap values with color coded nodes for percent support. 
Red: 75-100%, Yellow 50-75%, Green 25-50%, and Blue for less than 25% support.
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Figure 31: An example of jackknife PCoA 3D plot with confidence ellipsoids. 
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PICRUSt Analysis 

 
We used PICRUSt (Phylogenetic Investigation of Communities by 

Reconstruction of Unobserved States) to predict functional content of the metagenome of 

the bacterial communities with the16S rRNA sequences obtained from 454 instruments 

as a marker gene (Langille, Zaneveld et al. 2013). This pipeline consists of two 

workflows for gene content inference and metagenome inference. We used pre-computed 

gene content information to infer gene content for unknown OTUs from OTUs with 

known content and a phylogenetic tree relating OTUs with known and unknown gene 

content. The input for this pipeline is a fasta file (we used all the 454 data same as used in 

Qiime analysis) and a reference file (Green genes). The first step is to pick closed-

reference OTUs and produce a biom format OTU table. This OTU table was normalized 

based on the operon copy number of known and predicted 16S OTUs. The next step is to 

predict the metagenome and the normalized OTU abundances are multiplied by each 

predicted functional trait abundance and the results is a table of samples (in columns) 

with functions (in rows). Functional predictions (clusters of orthologous groups or COGs) 

are done based on KEGG Orthology (Kyoto Encyclopedia of Genes and Genomes) and 

produces results in three levels (Lozupone, Hamady et al. 2006; Lozupone, Hamady et al. 

2007). A table of the functions at each level is available in Appendix XII. The list of 

functions at level one is shown in table 14.  
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Table 14: The list of Picrust functional predictions at level one. 
 

 

 

The tables for level 2 and 3 predictions were sorted for each disease group and 

studied further (visually and statistically) for each KO group (first level assignment). Bar 

graphs of some functions at level 3 are available in Appendix XIII.  

At level 2, most graphs (total of 6 groups) do not show any specific pattern for 

any disease group by visually inspecting the figures. Although a few samples (in all 

disease groups, but more in UC) show slightly different pattern for all functional 

categories (Table 15), especially for human diseases, and that should be further studied to 

see what they might have in common (age, sex, disease status, or other specifications).  

Level 3 bar graphs contain more detail categories (total of 28 categories) and 

show more variability in the results for different samples, but still no specific pattern for 

any disease group. Again a few samples show a different pattern in each group as 

observed with level 2. In general cellular processes, human diseases, and metabolism 

categories show a lot of variability in the results but they are not correlated with any 

disease group (at least not visually).
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Table 15: The list of Picrust functional predictions at level two. 
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The Picrust results were analyzed for these categories with Metastats program and 

a few significant differences were found among the results. For example in human 

disease category the primary immunodeficiency showed significant values when CD-UC 

and HC-UC results compared. Pathways in cancer and renal cell carcinoma showed 

significant values in HC-UC results. 

There were more pathways in metabolism that showed significant values especially when 

HC and UC were compared. 

When all the combined data were tested using Metastats, no significant q value 

was detected (although p value lower than 0.05 was detected for some categories). None 

of the other categories were studied further since there was no visual difference in the bar 

charts and graphs. 

The few samples that had visually different results for most categories are listed 

in table 16. We carefully examined the metadata to see if they have any characteristics 

associated with them (i.e.; age, disease status) or if they had possibly more or less number 

of sequence reads to make them different, but there was no noticeable different in the 

associated data. 

 

 
 

Table 16: List of samples that were visually different in the histograms. 
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Correlation Network Analysis 

 
To study the correlation between the features, Cytoscape was used in this 

research. This software is an open source program that was originally designed for 

biological research, and now it is used as a general platform for complex network 

analysis and visualization (Shannon, Markiel et al. 2003).  

We prepared the data matrix tables for Cytoscape in our Galaxy portal with 

embedded custom perl scripts. The original data table used for this analysis was the 

RDP10 taxon abundance table with 1% cutoff. First we split the data into separate classes 

of samples (disease groups) and made an index from the list of features to be compared 

(different bacteria in this case). Then the correlation between all features in each class 

was calculated using a Spearman correlation with a 0.05 significance level. Spearman 

correlation is a non-parametric rank order test and is more appropriate for non-linear 

correlations and is less sensitive to outliers. A correlation difference was then calculated 

between features in each pair of classes and the data table was sorted for p values. Only 

correlation differences with p values less than 0.05 were imported into Cytoscape for 

visualization. We did correlations for all different levels of RDP10 data but only present 

the analysis done at level 4 (Family level) and level 5 (Genus level) as they were the most 

informative. Interpretation of the networks at lower levels (level 5) can be difficult due to 

great number of genera that would have to be compared.  

For level 4 data (Figures 32-34), we observed that there was more correlation 

differences between healthy controls and each disease group (HC-CD & HC-UC) than 

the correlation difference between two disease groups (UC-CD).



127 
 

 

     Figure 32: Significant Correlation Differences between Healthy Controls and Ulcerative Colitis at Family level.
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       Figure 33: Significant Correlation Differences between Healthy Controls and Crohn's Disease at Family level.
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      Figure 34: Significant Correlation Differences between Crohn's Disease and Ulcerative Colitis at Family level. 
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 There are total of 20 positive and 7 negative correlation differences between the 

healthy controls and Ulcerative colitis samples (Figure 23). There are total of 14 positive 

and 9 negative correlation differences for the taxa between the healthy controls and 

Crohn’s disease samples (Figure 24). The correlation difference between Crohn’s and 

Ulcerative colitis samples consists of 12 positive and 2 negative correlations (Figure 25).  

We tried another approach with a custom perl script to make the correlation data 

more meaningful. The new perl script can filter the data with user defined threshold for 

positive and negative correlations to make the data easier to interpret based on the 

correlation difference for features in the two classes. Basically we are measuring not just 

the positive/negative relationships, but the degree of gain/loss of positive and negative 

correlations. For example a spearman correlation that is reduced from 1 to o.6 is a loss of 

positive correlation, although 0.6 is still a positive number. We studied the level 5 data in 

Cytoscape with this approach and our threshold was 0.6, so any number between -0.6 to 

+0.6 is not significant change and these correlation difference networks were visualized 

with Cytoscape for interpretation.  

Again, at first glance we observed more correlation differences between Healthy 

and both disease states versus correlation differences between the disease states (CD-UC) 

(Figures 35-37). Another point noted is that for most taxa there is loss of positive 

correlation (shown by red) when healthy is compared to diseases. Also, many of the 

correlations between the healthy controls and the two disease classes are shared. In other 

words these positive correlations are lost in both disease states from a healthy state. There 

were total of 14 shared correlations and 12 individual correlations counted for healthy vs 

disease states.  
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      Figure 35: Significant Correlation Differences between Crohn’s Disease and Ulcerative Colitis at Genus level.
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    Figure 36: Significant Correlation Differences between Healthy Controls and Ulcerative Colitis at Genus level. 
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       Figure 37: Significant Correlation Differences between Healthy Controls and Crohn’s Disease at Genus level.
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DISCUSSION 

 

The intestinal microbiota play an important role in human health and its alteration 

is associated with development of diseases such as inflammatory bowel disease. The term 

“dysbiosis” was originally employed by Ellie Metchnikoff to describe altered bacteria in 

the gut and it has been defined by others as “...qualitative and quantitative changes in the 

intestinal flora, their metabolic activity, and their local distribution” (Hawrelak and 

Myers 2004). There have been numerous studies investigating the diversity of microbiota 

in intestinal tract and the advancements of sequencing technologies has made the 

characterization of these microbial communities faster and simpler in recent years. 

However, no specific bacteria or group of bacteria have been clearly associated with 

onset of inflammatory bowel disease.  

We proposed to investigate the “dysbiosis” of microbial communities of IBD 

subjects (both UC and CD) compared to controls (total n=84) by 16S rRNA gene 

sequencing. We utilized new analytical and bioinformatics tools to gain some insights 

into the functional aspects of altered microbial flora in disease states. 

The RDP10 analysis of the 16S rRNA sequences showed no major difference 

between different groups of samples, however, there were minor subtle differences. The 

major components of communities of all anatomical sites and disease state were 
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Firmicutes (ranging from 50% to 54%) and Bacteroidetes (ranging from 32% to 37%), 

with lower abundances of Proteobacteria (6-14%) and Actinobacteria (2-4%), and these 

results agrees with previous studies (Eckburg, Bik et al. 2005; Frank, St Amand et al. 

2007; Morgan, Tickle et al. 2012). There were differences between disease groups and 

healthy controls at phylum level. Specifically, there was an absence of Fusobacteria and 

Cyanobacteria in control subjects except for one sample collected from an individual 

with colon polyp (Fusobacteria at1.8%). Both taxa were present in some CD and UC 

groups, although they were low in abundance. Interestingly, Fusobacteria have been 

previously isolated from IBD patients and in colorectal carcinoma (Castellarin, Warren et 

al. 2012; Kostic, Gevers et al. 2012).  

In the majority of the cases, rare taxa (less than 8% abundance) were seen in the 

tissue biopsy samples but not in the lumen or stool samples. This finding suggests that the 

communities within the mucosal biofilm could better indicate the presence of the 

inflammatory bowel disease and dysbiosis in general. The bacterial communities of the 

lumen may reflect variation in diet rather than the immune status of the subject. Also, it 

should be noted that stool is dehydrated and concentrated in the rectum. The gut is a 

complex microbial habitat and the types of microbes found in the stool residing in the 

rectum may not always be indicative of the composition of the microbial communities in 

the other regions of the gastrointestinal tract. In general, the microbiota of the stool is 

more similar to the composition of the communities in the lumen content (Savage 1977). 

At the class level, the Actinobacteria are higher in CD group (up to 67%) while the 

Proteobacteria are more abundant (up to 87%) in both disease groups (CD and UC) than 
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healthy controls with or without polyps (up to 41%). Increase abundance of both these 

groups of bacteria have been previously reported in IBDs (Frank, St Amand et al. 2007). 

Additionally, we found a few minor differences among different subject groups at 

lower classification levels. At the order level, the Gamma Proteobacteria were less 

abundant (~5%) in controls as compared to samples collected from diseased subjects (~7-

11%). Gammaproteobacteira includes Enterobacteriaceae such as Escherichia coli that 

have been previously associated with IBDs. Also the Metastats analysis showed that 

Gammaproteobacteria were significantly different at the class level when HC and UC 

compared. Alpha and epsilon proteobacteria were seen only in disease groups at low 

abundance levels (0.2% and 0.05%). These classes of bacteria also include some 

pathogenic species and strains. Also, Sphingobacteria, which belongs to the phylum 

Bacteroidetes, were seen at low abundance (less than 0.4%) in one control patient with 

polyps and in each disease group, but not in healthy controls. This bacteria is an 

environmental bacilli that has recently been reported as a novel human species in a 

bacteremia case (Tronel, Plesiat et al. 2003), so it is plausible that this taxa may play a 

role in the etiology of IBDs. 

The Firmicutes Bacilli was more abundant (~5.4%) in both UC and CD samples 

than control samples (less than 1.25%), especially in the family Lactobacillales. This is 

interesting since Lactobacillus, which is used as a probiotic bacteria, belong to this group. 

However one animal study showed that different strains of Lactobacillus were isolated 

from mice with and without colitis (Pena, Li et al. 2004). This observation was also 
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verified with the Metastats analysis. Specifically, Lactobacillales from Firmicutes were 

lower in abundance in both CD and UC compared to HC with a significant p and q value.  

Four genera, Anaerostipes, Dorea, Hespellia, and Subdoligranulum (phylum 

Firmicutes, class Clostridia) had abundances that were significantly different when 

Crohn’s samples were compared to that of Healthy controls using the Metastats analysis. 

Anaerostipes, Dorea, and Hespellia belong to the Lachnospiriceae family, and 

Subdoligranulum belongs to Ruminococcaceae. The family Lachnospiraceae are butyrate 

producing bacteria and had been reported to be lower in abundance in IBDs (Frank, St 

Amand et al. 2007). Anaerostipes is a saccharolytic, acetate-utilizing, butyrate-producing 

bacterium and various species of Anaerostipes have been isolated from animals and 

human feces (Schwiertz, Hold et al. 2002). Dorea and Hespellia are saccharolytic 

bacteria that are strictly anaerobic, non-spore-forming, rod-shaped organisms and are not 

butyrate producers. Subdoligranulum, are strictly anaerobic, non-spore-forming, Gram-

negative coccus-shaped organisms that are part of normal gut flora but have been isolated 

from human clinical samples. 

The propionibacterium genera (an Actinobacteria) seem to be significantly 

different between HC and CD (higher in CD) using the Metatstats analysis. 

Propionibacterium is a Gram-positive, rod shaped genus of bacteria named for their 

unique metabolism: They are able to synthesize propionic acid by using unusual 

transcarboxylase enzymes suggesting that the disruption of SCF metabolism may be 

involved in the disease etiology. 
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The family Erysipelotrichaceae in the phylum Firmicute is significantly different 

when healthy controls and CD are compared to UC samples. Erysipelotrichaceae has 

been isolated from patients with Crohn’s disease (6 records). An Actinobacteria, 

Coriobacteriaceae has a significant p value at phylum to family level for HC-UC 

comparison and has been isolated from patients with Crohn’s disease. The genera 

Coprococcus (a Clostridia) have significant p value (p = 0.003, q = 0.01) between CD 

and UC patients. An antibody response to different strains of anaerobic gram-positive 

coccoid rods (species of Eubacterium, Peptostreptococcus, and Coprococcus) were found 

in significantly higher frequency in Crohn's disease (CD) than in Ulcerative colitis (UC) 

and in other diseased control subjects, and were absent in apparently healthy subjects 

(Bull, Matthews et al. 1986). This suggests that these taxa could be involved in the 

primary inflammatory process.  

The Beta significance analysis indicated that there was a distinct difference 

between stool and tissue samples. However, there were not as many stool samples for any 

of the subject groups in this study as tissue samples. This observed difference between 

mucosa and sool has been reported previously. There was no significant difference 

between disease and control stool nor disease and control mucosa. There were some 

significant differences between lumen and stool, and this is surprising since the lumen 

content is expected to be more similar to stool than mucosa. The subjects had either stool 

or lumen samples, but not both. 

The beta diversity analysis for unweighted_unifrac showed a specific pattern for 

the sample site and stool samples seem to be separated from other samples. No other 
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category showed any specific pattern, even the different disease classes. One reason 

might be that the data is not even and some of the categories have more samples than 

others, even for stool. There are only a few stool samples in this data set and there are 

more lumen samples than stool. As mentioned above each subject had either stool or 

lumen sample.   

The weighted-unifrac beta diversity analysis showed a pattern for severely 

involved samples with the Endoscopy class, but there were only a few such samples. Also 

in the preparation category the Colyte prep samples seemed to cluster together compare 

to other prep methods. The number of these samples was not enough to draw a 

conclusion, although it might be of importance to be considered for future studies. 

The sample site category for weighted and unweighted-unifrac analysis showed 

the stool samples cluster together. The weighted-unifrac for sex category showed that 

male samples seem to be more clustered than female samples. This would suggest that 

male samples have less variability than female samples and could very well reflect the 

fact that the microbiome is dynamic and may fluctuate during menses. Interestingly, it 

has been suggested that the vaginal microbiome changes during menses and it is not hard 

to extrapolate that observation to the gut microbiome (Hickey, Zhou et al. 2012). 

The healthy controls with polyp samples seem to be clustered at center in 

weighted-unifrac plots. Also the inactive stool (disease status) samples are clustered, but 

there were not enough samples to be significant. The regular NSAID users, although they 

are not that many, are clustered with weighted-unifrac measures suggesting that common 

drugs may have an affect on the gut microbiome. One must consider the gut microbiome 
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as another organ like the liver that processes drugs and is critical in the regulation of 

homeostasis. 

The unweighted-unifrac 3D plots (which only considers the phylogenetic 

topology and does not consider abundances in the analysis) gave a clearer picture of the 

differences between the various categories. The lumen and sigmoid samples show a clear 

separation. Again the stool samples clustered together and they had some overlap with 

lumen samples, although lumen samples were more scattered in general. We also note 

that subjects with more than 1 drink/day (although low in number) are separated from 

non-users in alcohol-history category. The effect of chronic alcohol on gut permeability 

and translocation has been suggested in the past and the disruption of the protective 

mucosal biofilm may represent an alternative mechanism for liver injury in alcoholics 

(Mutlu, Keshavarzian et al. 2009). 

The weighted-unifrac 3D plots of lumen and stool samples and sigmoid and stool 

clearly showed samples clustering. However, there is no clear pattern in disease status 

(active/inactive) category plot. The main point was the stool samples separation from 

other samples, even lumen samples, and this clustering was clearer than 2D images. 

In summary, only stool samples seem to be separated from other samples 

consistently. There is not a clear separation of any other category as one would expect, 

and it might be because there is not enough number of samples in each category 

compared.  
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Picrust 

The functional predictions for the microbial community’s metagenome from its 

16S rRNA gene profile did not show specific patterns for any disease group by visually 

inspecting the bar graphs at Picrust level 2 data. A few samples in all disease groups and 

more in UC showed slightly different pattern for all functional categories, especially for 

human diseases. We carefully examined the metadata for these samples that had visually 

different results for most categories to see whether they have any characteristics 

associated with them (i.e.; age, disease status) or if they had possibly more or less number 

of sequence reads to make them different, but there was no noticeable difference in the 

associated data.  

The Picrust level 3 data contain more detail categories (total of 28 categories) and 

show more variability in the results for different samples, but still no specific pattern for 

any disease group. Again a few samples show a different pattern in each group the same 

as level 2 data. In general cellular processes, human diseases, and metabolism categories 

show a lot of variability in the results but they were not clustered based on any disease 

category. 

A few significant differences were found using Metastats to analyze the picrust 

metagenome prediction results. For example in human disease category the primary 

immunodeficiency showed significant values when CD-UC and HC-UC results 

compared. Pathways in cancer and renal cell carcinoma showed significant values in HC-

UC results. 
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There were more pathways in metabolism that showed significant values 

especially when HC and UC were compared. When all the data combined was tested 

using Metastats, there were some significant p values for some categories, but no 

significant q-value was detected. We did not proceed with this method further for each 

functional category, since there was no visual difference with bar charts and graphs. 

 

Cytoscape 

We examined the correlation differences between different categories with 

Cytoscape for RDP10 level 4 (Family) and level 5 (Genus) data. At level 4 there is more 

correlation differences between healthy controls and each disease group (HC-CD & HC-

UC) than the correlation difference between two disease groups (UC-CD). This is 

expected as most ecological systems have multiple robust functional interactions that 

shift to more focused functional responses when they are exposed to an environmental 

perturbation. There are total of 20 positive and 7 negative correlation differences between 

the healthy controls and Ulcerative colitis samples. There are total of 14 positive and 9 

negative correlation differences for the taxa between the healthy controls and Crohn’s 

disease samples. The correlation difference between Crohn’s and Ulcerative colitis 

samples consists of 12 positive and 2 negative correlations. At the family level 

Eubacteriaceae (a Firmicute) is at the center in both HC-CD and HC-UC correlation 

differences and it shows a negative correlation with family Bacteroidaceae in both. This 

correlation was either missing from healthy controls or it was a positive correlation that 

changed to negative, which agrees with previous observations of changes in 
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Bacteroidetes and Firmicutes in IBDs. Eubacteriaceae also has a negative correlation 

with Lachnospiraceae in HC-UC comparison. These bacteria both belong to order 

Clostridiales. Members of Eubacteriaceae have been isolated in high abundance from 

IBD samples and Lachnospiraceae is a beneficial GI bacteria and their negative 

correlation can be indicative of disrupted gut homeostasis. 

Eubacteriaceae shows positive correlations with other Bactroidetes 

(Prevotellacae and Bacterodales) in correlation differences of Healthy controls and both 

disease samples. Enterobacteriaceae has a positive correlation with Microbacteriaceae 

and Bacteroidales families in both comparisons. Since these are all significant correlation 

differences compared to healthy control, they might be important in disease etiology. 

We tried another approach with a custom perl script to extract more information 

from the correlation data. The new perl script can filter the data with a user defined 

threshold for positive and negative correlations to make the data easier to interpret. 

Basically we are measuring not just the positive/negative relationships, but also the 

degree of gain/loss of positive and negative correlations. For example a spearman 

correlation that is reduced from 1 to o.6 is a loss of positive correlation, although 0.6 is 

still a positive number. We studied the level 5 data in cytoscape with this approach and 

our threshold was 0.6, so any number between -0.6 to +0.6 is not significant change, but 

it can be shown in the figures in cytoscape for interpretation.  

There are more correlation differences at level 5 (genus) between Healthy and 

both disease states, versus correlation differences between the disease states (CD-UC) as 

observed before at family level. Another interesting point is that for most taxa there is a 

http://en.wikipedia.org/wiki/Clostridiales
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loss of positive correlation when healthy is compared to diseases. This might mean that in 

an inflammatory situation, when a bacteria’s abundance increases another bacteria can 

not survive and decrease in abundance as well. They might have similar food and niche 

requirements and/or the first bacteria might produce metabolites that may affect the 

growth of the other bacteria. Also, many of the correlations between the healthy controls 

and the two disease classes are shared, which confirms that these positive correlations are 

lost in both disease states compared to healthy state. That’s a significant finding which 

was not obvious from the other phylogenetic (Unifrac) and multivariate (Metastats) 

analyses. One might be able to use these correlation differences between the HC and the 

disease classes as signatures for inflammation. 

When comparing the disease states there are more correlation differences when 

UC is compared to CD, than when CD is compared to UC. This might be an indication of 

more unique correlations between bacteria in Ulcerative colitis samples compared to 

Crohn’s disease samples.  
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CONCLUSIONS 

The human associated microbiota plays many critical roles in the body and the 

host health is compromised if it is dramatically altered. The most heavily colonized organ 

in the body is the gastrointestinal tract. Some of the important functions of the 

gastrointestinal tract microflora are stimulation of the immune system, digestion and 

nutrient absorption, synthesis of vitamins, inhibition of pathogens, metabolism of 

complex carbohydrates, production of short chain fatty acids (SCFAs), production and 

metabolism of natural xenobiotics, and the metabolism of artificial xenobiotics (i.e. 

pharmaceuticals).  

 Inflammatory bowel disease (IBD) is a group of chronic and debilitating disorders 

that cause inflammation in the intestines and numerous studies have shown that the 

normal bacteria of the lower gut promote inflammation due to inappropriate activation of 

the mucosal immune system. In current study our goal was to investigate if there is a 

“dysbiosis” in inflammatory bowel diseases (Crohn’s and Ulcerative colitis), and if it can 

be used as a signature for therapeutic purposes.  

We employed a systems biology approach in combination with NextGen 

sequencing for this study. With this analysis we confirmed the major components of the 

community as reported before (Firmicutes, Bacteroidetes, Proteobacteria, and 

Actinobacteria). The rare taxa were obtained mainly from tissue biopsy samples and not 
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lumen or stool and this suggests that stool, although easily accessible, may not be a good 

sample for diagnostics.  

A major dysbiosis signature was not found in this study, but we found some 

minor differences between subject groups that could be significant. We did not find a 

major “dysfunction” signature of the GI bacteria either, but statistical analysis showed 

some significant values for some function predictions. For example the pathways in 

primary immunodeficiency had significant value when CD-UC and HC-UC results were 

compared. Also, more pathways in metabolism showed significant values in HC-UC 

comparison. 

A more promising approach was visualizing correlation differences in network 

analysis. We noticed more correlation differences between controls and each disease 

group, than the differences between the two disease groups. Most of the differences were 

loss of positive correlations. Also, many of the correlation differences between healthy 

controls and disease classes were shared and this could be a signature of dysbiosis. At the 

family level Eubacteriaceae was at the center of the network of correlation differences in 

both HC-CD and HC-UC comparisons and it has been reported to be high in IBDs This 

result was not obtained using other multivariate statistical approaches emphasizing that 

one needs to take a Systems Biology approach to interrogate these complex dynamic 

ecosystems.  

A combination of analytical tools have been used in the current study, which 

proved to be informative and helped in interpretation of the results. Future research 

should emphasize the investigation of the functional aspects of the microbial 
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communities and the correlation differences between them rather than identifying the 

microbial components. 
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APPENDIX II 

 
DNA Extraction protocol: FastDNA Spin kit for Soil (MP Biomedicals): 
 
1. Add ~200 mg tissue or ~200µl of liquid sample to the matrix E tube.   
2. Add 978µl Sodium Phosphate Buffer and 122µl MT Buffer. 
3. Secure tubes in FastPrep instrument and process them for 30 seconds at speed 5.5 

(repeat this step once). 
4. Centrifuge the tubes at 14,000 x g (~14,000 rpm) for 15 min. 
5. Transfer the supernatant to a clean tube using pipet.  
6. Add 250µl PPS reagent and mix by inverting the tubes by hand 10 times. 
7. Centrifuge at 14,000x g for 5 min. to pellet the precipitate.  Transfer supernatant to a 

clean 2ml tube.  
8. Re-suspend Binding Matrix reagent and add 750µl (or equal volume as sample) to the 

supernatant. 
9. Place on a rotator or invert by hand for 2 minutes to allow binding of DNA to matrix.  

Place tube in a rack at room temperature for 3 minutes to allow settling of silica 
matrix. 

10. Remove 650µl of supernatant being careful to avoid disturbing the settled Binding 
Matrix and discard. Repeat once more.  

11. Re-suspend the Binding Matrix in the remaining amount of supernatant and transfer 
the mix to a Spin Filter and centrifuge the tube at 14,000xg for 1 minute. Empty the 
catch tube. 

12.  Add 500µl SEWS-M (**ETOH added) to the Spin Filter and centrifuge at 14,000xg 
for 1 minute.  Decant flow-through and replace Spin Filter in Catch tube. 

13.  Repeat step 10 and then centrifuge at 14,000xg for 2 minutes to “dry” the matrix of 
residual SEWS-M wash solution. 

14. Remove Spin Filter and place in fresh kit-supplied Catch tube.  Air dry the Spin Filter 
(let it dry with the lid open under hood) for 5 minutes at room temperature. 

15. Add 100-200µl 65°C DES water (or DNase/Pyrogen Free Water) and gently stir 
matrix on filter membrane or vortex/finger flip to re-suspend the silica for efficient 
elution of the DNA and let it be at room temperature for 2 about minutes.   

16. Centrifuge at 14,000xg for 1 minute to transfer eluted DNA to Catch tube.  DNA is 
now application-ready.  Make a dilution of DNA (dilution depends on the sample) 
and keep the original DNA at -20°C for storage. 

 
Before you start: 
* Warm some DEPC or DES at 65°C to use for DNA elution at the end. 
** Add 100ml 100% ETOH to original bottle of SEWS-M before using and label bottle 
“100ml of 100% ETOH added, the date, and your initials”. 
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APPENDIX III  

Class1 HC HC HC HC HC_Polyp HC_Polyp HC_Polyp HC_Polyp UC
RDP10 ORDER Dys100_19 Dys100_37 Dys100_4 Dys100_7 Dys101_1 Dys101_19 Dys101_37 Dys101_7 Dys102_1
Acidobacteria_Acidobacteria_Gp2_ 0 0 0 0 0 0 0 0 0
Actinobacteria_Actinobacteria_Actinomycetales 0 0 0 0.0112782 0 0 0 0.01236264 0
Actinobacteria_Actinobacteria_Bifidobacteriales 0 0 0 0 0 0 0 0 0
Actinobacteria_Actinobacteria_Coriobacteriales 0.0962963 0.05330882 0.09012132 0.17418546 0.0189099 0.01222826 0 0.01098901 0.01116071
Bacteroidetes_Bacteroidia_Bacteroidales 0.19074074 0.52389706 0.27556326 0.23934837 0.24916574 0.3892663 0.44984488 0.23076923 0.34375
Bacteroidetes_Sphingobacteria_Sphingobacteriales 0 0 0 0 0 0 0 0 0
Chloroflexi_Dehalococcoidetes_ 0 0 0 0 0 0 0 0 0
Cyanobacteria_Cyanobacteria_ 0 0 0 0 0 0 0 0 0
Firmicutes_Bacilli_Bacillales 0 0 0 0 0 0 0 0 0
Firmicutes_Bacilli_Lactobacillales 0 0 0 0.01503759 0 0 0.03981386 0.03159341 0.01674107
Firmicutes_Clostridia_Clostridiales 0.65 0.40441176 0.57365685 0.52130326 0.59399333 0.47961957 0.336091 0.60302198 0.56808036
Firmicutes_Clostridia_Thermoanaerobacterales 0 0 0 0 0 0 0 0.01098901 0
Firmicutes_Erysipelotrichi_Erysipelotrichales 0 0 0 0.01002506 0.02002225 0.01494565 0.02843847 0.02472527 0.01785714
Fusobacteria_Fusobacteria_Fusobacteriales 0 0 0 0 0 0 0 0 0
Proteobacteria_Alphaproteobacteria_Caulobacterales 0 0 0 0 0 0 0 0 0
Proteobacteria_Alphaproteobacteria_Rhizobiales 0 0 0 0 0 0 0 0 0
Proteobacteria_Alphaproteobacteria_Rickettsiales 0 0 0 0 0 0 0 0 0
Proteobacteria_Alphaproteobacteria_Sphingomonadales 0 0 0 0 0 0 0 0 0
Proteobacteria_Betaproteobacteria_Burkholderiales 0.01666667 0 0.02079723 0.01253133 0.09010011 0.07540761 0.10703206 0.05082418 0.02566964
Proteobacteria_Betaproteobacteria_Neisseriales 0 0 0 0 0 0 0 0 0
Proteobacteria_Deltaproteobacteria_Desulfovibrionales 0.01111111 0 0 0 0 0 0 0 0
Proteobacteria_Deltaproteobacteria_Desulfuromonadales 0 0 0 0 0 0 0 0 0
Proteobacteria_Epsilonproteobacteria_Campylobacterales 0 0 0 0 0 0 0 0 0
Proteobacteria_Gammaproteobacteria_Aeromonadales 0 0 0 0 0 0 0 0 0
Proteobacteria_Gammaproteobacteria_Enterobacteriales 0 0 0 0 0 0 0 0 0
Proteobacteria_Gammaproteobacteria_Oceanospirillales 0 0 0 0 0 0 0 0 0
Proteobacteria_Gammaproteobacteria_Pasteurellales 0.01111111 0 0 0 0 0 0.01085832 0 0
Proteobacteria_Gammaproteobacteria_Pseudomonadales 0 0 0 0 0 0 0 0 0
Proteobacteria_Gammaproteobacteria_Xanthomonadales 0 0 0 0 0 0 0 0 0
Spirochaetes_Spirochaetes_Spirochaetales 0 0 0 0 0 0 0 0 0
NUMBR OF READS 540 2176 577 798 899 1472 1934 728 896
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Class1 HC HC HC HC HC_Polyp HC_Polyp HC_Polyp HC_Polyp UC
RDP10 ORDER Dys100_19 Dys100_37 Dys100_4 Dys100_7 Dys101_1 Dys101_19 Dys101_37 Dys101_7 Dys102_1
Acidobacteria_Acidobacteria_Gp2_ 0 0 0 0 0 0 0 0 0
Actinobacteria_Actinobacteria_Actinomycetales 0 0 0 9 0 0 0 9 0
Actinobacteria_Actinobacteria_Bifidobacteriales 0 0 0 0 0 0 0 0 0
Actinobacteria_Actinobacteria_Coriobacteriales 52 116 52 139 17 18 0 8 10
Bacteroidetes_Bacteroidia_Bacteroidales 103 1140 159 191 224 573 870 168 308
Bacteroidetes_Sphingobacteria_Sphingobacteriales 0 0 0 0 0 0 0 0 0
Chloroflexi_Dehalococcoidetes_ 0 0 0 0 0 0 0 0 0
Cyanobacteria_Cyanobacteria_ 0 0 0 0 0 0 0 0 0
Firmicutes_Bacilli_Bacillales 0 0 0 0 0 0 0 0 0
Firmicutes_Bacilli_Lactobacillales 0 0 0 12 0 0 77 23 15
Firmicutes_Clostridia_Clostridiales 351 880 331 416 534 706 650 439 509
Firmicutes_Clostridia_Thermoanaerobacterales 0 0 0 0 0 0 0 8 0
Firmicutes_Erysipelotrichi_Erysipelotrichales 0 0 0 8 18 22 55 18 16
Fusobacteria_Fusobacteria_Fusobacteriales 0 0 0 0 0 0 0 0 0
Proteobacteria_Alphaproteobacteria_Caulobacterales 0 0 0 0 0 0 0 0 0
Proteobacteria_Alphaproteobacteria_Rhizobiales 0 0 0 0 0 0 0 0 0
Proteobacteria_Alphaproteobacteria_Rickettsiales 0 0 0 0 0 0 0 0 0
Proteobacteria_Alphaproteobacteria_Sphingomonadales 0 0 0 0 0 0 0 0 0
Proteobacteria_Betaproteobacteria_Burkholderiales 9 0 12 10 81 111 207 37 23
Proteobacteria_Betaproteobacteria_Neisseriales 0 0 0 0 0 0 0 0 0
Proteobacteria_Deltaproteobacteria_Desulfovibrionales 6 0 0 0 0 0 0 0 0
Proteobacteria_Deltaproteobacteria_Desulfuromonadales 0 0 0 0 0 0 0 0 0
Proteobacteria_Epsilonproteobacteria_Campylobacterales 0 0 0 0 0 0 0 0 0
Proteobacteria_Gammaproteobacteria_Aeromonadales 0 0 0 0 0 0 0 0 0
Proteobacteria_Gammaproteobacteria_Enterobacteriales 0 0 0 0 0 0 0 0 0
Proteobacteria_Gammaproteobacteria_Oceanospirillales 0 0 0 0 0 0 0 0 0
Proteobacteria_Gammaproteobacteria_Pasteurellales 6 0 0 0 0 0 21 0 0
Proteobacteria_Gammaproteobacteria_Pseudomonadales 0 0 0 0 0 0 0 0 0
Proteobacteria_Gammaproteobacteria_Xanthomonadales 0 0 0 0 0 0 0 0 0
Spirochaetes_Spirochaetes_Spirochaetales 0 0 0 0 0 0 0 0 0
NUMBR OF READS 540 2176 577 798 899 1472 1934 728 896
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