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As the world continues to industrialize, there has been a decreased incidence of 

infectious diseases and an increased incidence in non-communicable chronic diseases, such 

as obesity and cancer. One potential causal factor is the human microbiome, which refers to 

the collection of commensal bacteria, fungi, viruses, archaea, and other microorganisms 

that inhabit our bodies. The human microbiome has a collective genome which outnumbers 

human genes by 150-to-1, and it produces an expansive repertoire of metabolites which 

affect health. As such, the gut microbiome has major implications in digestion, educating 

the host immune system, preventing the colonization of pathogenic bacteria by occupying 

intestinal niches, and more.  

Several components of the industrialized lifestyle have been known to alter the gut 

microbiome, leading to negative health consequences. The result is a microbiome that 

promotes inflammation and is associated with non-communicable chronic diseases. As 

these diseases become more prevalent in industrialized countries, there is an urgency to 

understand the role of the microbiota in human health. To investigate this issue, my 

research seeks to answer the following three questions: (1) What is the role of the 
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industrialized gut microbiome in the development of colorectal cancer? (2) How does diet 

affect the gut microbiome and inflammation in people with myeloproliferative neoplasms? 

(3) How is dietary fiber utilized by the gut microbiota of US and Moroccan individuals in 

vitro? 

To answer the first question, samples were collected at the UCI Medical Center from 

140 subjects during and after colonoscopy to characterize the microbiome associated with 

colorectal polyps. I used a combination of amplicon and shotgun metagenomic sequencing 

approaches to understand the effect of sampling method on microbial composition, and to 

describe the microbiome associated with healthy tissue and two types of colorectal polyps. 

I discovered that sampling method significantly explained 10-15% of the variation observed in 

microbiome composition. Additionally, using samples obtained from the colon mucosa, I was 

able to find associations with microbiome composition and colorectal polyps derived from the 

serrated pathway of colorectal carcinogenesis, such as a depletion in the lignan-degrading 

microbe, Eggerthella lenta. Lastly, I was able to use the microbiome to inform machine learning 

classifiers to accurately distinguish between healthy and polyp-bearing samples (Area under 

curve = 0.87-0.99). 

To address the second question, we collaborated with Dr. Angela G. Fleischman, who 

conducted a dietary intervention in subjects afflicted with myeloproliferative neoplasms, a class 

of blood cancer. In this 15-week clinical trial, 28 individuals were assigned to receive dietary 

counseling following either a Mediterranean style eating pattern or one following U.S. 

guidelines. Blood and fecal samples were collected to examine inflammation and the gut 

microbiome, respectively. Using shotgun metagenomic sequencing, I discovered no significant 

alterations in gut microbiome diversity and composition due to a Mediterranean diet. I did find a 
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significant association between the gut microbiome and myeloproliferative neoplasm subtype, 

explaining approximately 6% of the variance in microbiome composition. Lastly, I found several 

significant correlations between microbial species, function, and cytokine concentrations. 

My first two chapters suggested a link between the microbiome and dietary fiber, thus, in 

my final chapter I explored the effect of dietary fiber on microbial growth in vitro. In these 

experiments, I took the feces of 15 healthy individuals from the US and 15 Moroccans and 

cultured them anaerobically for 24 hours in the absence and presence of inulin, pectin, or 

psyllium husk. I found significant cohort effects on the microbiome, with US samples becoming 

dominated with Bifidobacterium and Moroccan samples becoming dominated with Clostridia. 

Furthermore, I demonstrate that pectin and psyllium husk perform differential enrichment of 

microbes and their associated carbohydrate-active enzymes. 
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INTRODUCTION 

 Industrialization has improved human health, and drastically extended the average 

life span. This is in part because modern medicine and improved sanitation have reduced 

the mortality, morbidity, and frequency of infectious disease. However, with the reduction 

of infectious disease, non-communicable chronic infectious disease incidence has 

disproportionately risen. This includes conditions like obesity, type 2 diabetes, 

autoimmune disorders, cancer, and cognitive diseases. One reason this might be occurring 

is the hygiene hypothesis, which states that the limited exposure to microbes, especially 

early in life, is causing deficiencies in immune regulation and function. 1 Indeed, the human 

body is inhabited with billions of commensal microorganisms, such as various bacteria, 

archaea, fungi, and viruses, which not only help educate our immune system, but also aid in 

digestion, out-compete pathogens, and more. 2-4 This collective of microorganisms is 

referred to as the human microbiome, and a significant proportion of metabolites in our 

bodies are produced by microbes. 5 Consequently, the microbiome has a substantial impact 

on human health. 

 Microbiome health is typically measured by alterations in diversity, composition, 

and function, and dysbiosis refers to an imbalance in the microbiome associated with 

disease. Conventionally, a more diverse gut microbiome is considered healthy because it 

provides functional redundancy among microbial community members, making the 

microbiome less susceptible to perturbations overall. 6 Microbial composition is another 

measure of gut microbiome health because there are microbes associated with beneficial 

metabolisms, like the fermentation of dietary fiber, as well as those associated with disease 

and the production of toxins or carcinogenic compounds. 7 Overall, diversity and 
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composition influence microbiome function, which can promote inflammation and disease 

if dysbiosis occurs. 1 Components of the industrialized lifestyle which negatively affect the 

gut microbiome includes antibiotic usage, physical inactivity, the consumption of processed 

foods, food high in fat and low in fiber, drug abuse, alcohol consumption, and chronic 

stress. 8-12 

 One disease associated with a dysbiotic microbiome is colorectal cancer (CRC). It 

has been hypothesized that the increased incidence of CRC in industrialized countries is 

because of a high fat, low fiber diet. 13 For example, one mechanism is the metabolism of 

bile acids by the gut microbiome. In this scenario, primary bile acids are secreted by the 

host to digest excess fat. The bile acids then migrate to the large intestine, where they are 

converted into secondary bile acids by the gut microbiome. 14 Secondary bile acids have 

been demonstrated to promote inflammation and the development of CRC through the 

farsenoid X receptor. 14 The majority of CRCs develop through the adenoma-carcinoma 

sequence; however, a subset develops through an alternative mechanism called the 

serrated pathway. 15 The role of the gut microbiome has been described in the adenoma-

carcinoma sequence, but its role is less clear in the serrated pathway. In my first chapter, I 

characterize the microbiome of samples collected during and after colonoscopy and 

examine the role of the industrialized gut microbiome in both pathways of CRC 

development. Since there is an over-reliance of fecal samples for capturing the microbiome 

in CRC research, I also described how mucosal samples collected directly from the colon 

compared to conventional fecal samples.  

 In my second chapter, I examined how diet affects the gut microbiome and 

inflammation in humans with myeloproliferative neoplasms (MPN), a type of blood cancer. 
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Unlike colorectal cancer, whose incidence is primarily driven by environmental factors, 

blood cancer development is influenced by host genetics. Specifically, myeloproliferative 

neoplasms are caused by mutations in the Philadelphia chromosome originating in the 

bone marrow. 16 There are three subtypes of Philadelphia-negative MPNs, but all share the 

overproduction of myeloid lineage cells. These cells give rise to red and white blood cells. 

The overproduction of white blood cells results in characteristically elevated systemic 

inflammation which drastically reduces the quality of life for those afflicted with the 

disease. MPN most frequently occurs in elderly individuals, and the disease often 

progresses slowly. Additionally, there are no definitive cures for MPN, other than risky 

bone marrow transplantations. 17 Thus, MPN treatment focuses on watchful waiting and 

symptom management. 17 Current pharmacological treatments are inadequate and carry 

serious side effects, therefore, there is a need to explore alternative therapies. Previous 

research has established alterations in the gut microbiome of MPN patients, and the 

microbiome can be manipulated with diet. 18, 19 The Mediterranean diet has been proven to 

reduce inflammation; therefore, my second chapter characterizes the gut microbiome of 

MPN patients during a Mediterranean diet intervention and its association with 

inflammation. 20 

 One component believed to contribute to the reduced inflammation caused by the 

Mediterranean diet is its high fiber content. Fibers are polymeric carbohydrates that resist 

digestion from host enzymes. Fiber travels to the large intestine where is fermented by the 

gut microbiome using Carbohydrate Active Enzymes (CAZymes). Many of the resultant 

metabolites are beneficial for the host, such as short-chain fatty acids (SCFAs). One SCFA, 

butyrate, is the primary energy source of colonocytes. 21 Butyrate has also been 
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demonstrated to epigenetically regulate gene expression as a histone deacetylase and is 

anti-inflammatory. 21 Insufficient dietary fiber promotes the overabundance of mucus 

degrading microbes, decreases intestinal mucus production, and decreases the expression 

of tight junction proteins. 22 All of this can result in a condition called “leaky gut” in which 

gut microbes can cross the intestinal barrier, causing inflammation. 22 Chronic 

inflammation is the basis of several non-communicable diseases, such as CRC, 

inflammatory bowel disease, obesity, and other cognitive and metabolic diseases. 22 As 

such, there is substantial interest in leveraging prebiotic fibers to strategically manipulate 

the gut microbiome to promote health. Several studies with high fiber dietary interventions 

have been performed, but the results have been mixed. 23 Additionally, fibers have different 

monomers and chemical linkages which not all microbes can degrade. 24 It is not clear how 

different fibers are fermented by the gut microbiome, and if fiber can be used to enrich 

specific taxa. In my final chapter, I use three common dietary fibers to explore the 

relationship between fiber and the gut microbiome. 

 As research continues to reveal the impact of the microbiome, it is becoming 

increasingly clear that humans are holobionts and that our health is contingent on the 

many billions of microbes living on or within us. Rather than examining the host in 

isolation, more research is needed which incorporates the idea that humans are their own 

ecosystem. Together, my thesis seeks to elucidate how the food we eat affects the diversity, 

composition, and function of our gut microbiome, and how that is associated with cancer 

and inflammation. 
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CHAPTER 1 

Distinct Colon Mucosa Microbiomes associated with Tubular Adenomas and Serrated 

Polyps 

AUTHORS: Julio Avelar-Barragan, Lauren DeDecker, Zachary N. Lu, Bretton Coppedge, 

William E. Karnes, Katrine L. Whiteson 

DOI: https://doi.org/10.1038/s41522-022-00328-6 

ABSTRACT 

Colorectal cancer is the second most deadly and third most common cancer in the 

world. Its development is heterogenous, with multiple mechanisms of carcinogenesis. Two 

distinct mechanisms include the adenoma-carcinoma sequence and the serrated pathway. 

The gut microbiome has been identified as a key player in the adenoma-carcinoma 

sequence, but its role in serrated carcinogenesis is less clear. In this study, we 

characterized the gut microbiome of 140 polyp-free and polyp-bearing individuals using 

colon mucosa and fecal samples to determine if microbiome composition was associated 

with each of the two key pathways. We discovered significant differences between the 

microbiomes of colon mucosa and fecal samples, with sample type explaining 10–15% of 

the variation observed in the microbiome. Multiple mucosal brushings were collected from 

each individual to investigate whether the gut microbiome differed between polyp and 

healthy intestinal tissue, but no differences were found. Mucosal aspirate sampling 

revealed that the microbiomes of individuals with tubular adenomas and serrated polyps 

were significantly different from each other and polyp-free individuals, explaining 1–4% of 

the variance in the microbiome. Microbiome composition also enabled the accurate 

prediction of subject polyp types using Random Forest, which produced an area under 
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curve values of 0.87–0.99. By directly sampling the colon mucosa and distinguishing 

between the different developmental pathways of colorectal cancer, our study helps 

characterize potential mechanistic targets for serrated carcinogenesis. This research also 

provides insight into multiple microbiome sampling strategies by assessing each method’s 

practicality and effect on microbial community composition. 

INTRODUCTION 

Colorectal cancer (CRC) is the second most deadly and third most common cancer 

globally, accounting for over 900,000 deaths in 2020.1 The etiologies of CRC are 

multifactorial, with only 5-10% of cases being attributable to hereditary germline 

mutations.2 Significant risk factors include diets high in red meat and low in fiber, obesity, 

physical inactivity, drug and alcohol usage, and chronic bowel inflammation.3-6 Each of 

these factors is associated with compositional and functional changes in the collective 

community of bacteria, fungi, archaea, and viruses that inhabit the colon.7-10 Commonly 

referred to as the gut microbiome, this community of microorganisms has been identified 

as a potential regulator of CRC initiation and progression. 

Colorectal polyp formation precedes cancer development and is influenced by 

various environmental factors and host genetics. Polyps most commonly progress into 

malignancy through the adenoma-carcinoma sequence.11 This pathway is characterized by 

chromosomal instability and mutations in the adenomatous polyposis coli (APC) gene, 

KRAS oncogene, and TP53 tumor suppressor gene.12 Alternatively, 15 to 30% of CRCs 

develop through the serrated pathway.13 This pathway is characterized by the epigenetic 

hypermethylation of gene promoters to produce a CpG island methylator phenotype.13 In 

addition to the epigenetic inactivation of tumor suppressor genes, BRAF or KRAS mutations 
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are also common.13 The serrated pathway often results in the production of hyperplastic 

polyps (HPPs), traditional serrated adenomas (TSAs), and sessile serrated polyps (SSPs).14 

Premalignant polyps from both pathways can be screened for and removed during 

colonoscopy to prevent CRC formation, but incomplete polyp resection or escaped 

detection can result in the development of interval cancers. Compared to other colorectal 

polyps, SSPs are disproportionately responsible for interval cancers, as their flat 

morphology makes them difficult to detect.15 Additional detection methods, such as SSP-

specific biomarkers, would assist with CRC prevention. 

One potential avenue for polyp-specific biomarker discovery is the gut microbiota. 

SSPs often overexpress mucin forming genes, like MUC6, MUC5aC, MUC17, and MUC2, 

producing a mucus cap, which may harbor unique, mucin-degrading microbes.16 Finding 

microbiome alterations in patients consistent with the presence of SSPs would enable 

gastroenterologists to personalize their technique and screening frequency for these higher 

risk patients. Additionally, elucidating the microbiome alterations specific to the adenoma-

carcinoma sequence or the serrated pathway would help better understand the 

mechanisms of how particular microbes, their metabolites, and dysbiosis may contribute to 

colorectal carcinogenesis.  

Studies comparing the microbiomes of these two pathways with healthy controls 

have yet to discover differences between healthy individuals and those with serrated 

polyps.17-19 One reason for this may be the dominant use of stool for characterizing the 

microbiome, which does not accurately represent microbes adherent to the intestinal 

epithelium.20,21 In this regard, we hypothesized that colon mucosa samples would more 

accurately reflect the composition of microbes intimately associated with colorectal polyps. 
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To investigate this, and the role of the microbiome in the adenoma-carcinoma and serrated 

pathways, we used multiple sampling techniques to obtain microbiome samples during and 

after colonoscopy from polyp-free individuals or those with tubular adenomas (TA), HPPs, 

or SSPs. When possible, mucosal brush samples from the same individual were collected 

from polyps and the healthy colon tissue opposite from these polyps. Stool samples were 

also collected 4-6 weeks after colonoscopy. We used a combination of amplicon (16S and 

ITS) and shotgun sequencing to study the microbial communities of samples. The purpose 

of our work was to 1) develop and compare microbiome sampling methods during 

colonoscopy; 2) characterize the microbiomes of polyp and healthy tissue samples within 

the same individuals; and 3) identify microbes or microbial genes specific to CRC 

precursors in the adenoma-carcinoma sequence versus the serrated pathway. Our key 

hypothesis was that there would be distinct differences between the microbiomes of 

individuals with tubular adenomas versus serrated polyps. 

RESULTS 

Description of the Study Cohort, Samples, and Data Collected: 

 We collected 1,883 mucosal brushes, mucosal aspirates, lavage aspirates, and fecal 

samples from 140 individuals with and without colorectal polyps (Supplementary Table 

1.1). Of those, 50 individuals were polyp-free, 45 had at least one tubular adenoma, and 33 

had at least one serrated polyp (Figure 1.1). The remaining 12 subjects had missing or 

unknown pathologies. We generated data from two sample sets. The first sample set was 

characterized using 16S and ITS sequencing, while the second sample set was analyzed 

using shotgun sequencing. Details on the number of samples, sample types, polyp types, 
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and subject characteristics for each dataset can be found in Table 1.1 and Supplementary 

Tables 1.2-1.4. 

Microbiomes of Mucosal and Lavage Samples are similar to each other but different 

from those in Feces: 

Our first objective was to determine whether microbiome composition varied 

between sample types. We began by sequencing DNA from mucosal brushes, mucosal 

aspirates, and lavage aspirates from a subset of 38 individuals using 16S amplicon 

sequencing. Fecal samples were not included because they were collected later.  

We observed no significant differences in Shannon diversity or richness across mucosal 

brushes, mucosal aspirates, and lavage aspirates (Linear mixed effects model, LME: p > 

0.05, Figure 1.2A). Permutational multivariate analysis of variance (PERMANOVA) on Bray-

Curtis dissimilarities revealed that the individual explained the greatest amount of 

variation in microbiome composition (PERMANOVA: p = 0.001, R2 = 0.51; Supplementary 

Table 1.5). This analysis found no significant differences in the microbiomes associated 

with mucosal brushes, mucosal aspirates, and lavage aspirates from within the same 

individual (PERMANOVA: p = 0.99, R2 = 0.15; Supplementary Table 1.5). The lack of 

significance was consistent with no discernable clusters based on sample type (Figure 

1.2B). The abundances of three amplicon sequence variants (ASV) significantly differed 

across the three sampling methods – one from the Gemellaceae family and two 

Streptococcus spp. Abundances of these ASVs were higher in mucosal aspirates compared to 

mucosal brushes (ANCOM2: p-adj < 0.05; Supplementary Figure 1.1). 

ITS2 sequencing was also performed on the same subset of samples to investigate 

the effect of sampling method on the fungal microbiome. We observed no differences in 
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Shannon diversity or richness across mucosal brushes, mucosal aspirates, and lavage 

aspirates (LME: p > 0.05, Figure 1.2C). Beta-diversity ordination by sample type 

demonstrated no discernable clustering (Figure 1.2D). Like 16S amplicon data, 

PERMANOVA analysis of Bray-Curtis dissimilarities showed that the individual significantly 

explained the greatest amount of variation in fungal community composition 

(PERMANOVA: p = 0.003, R2 = 0.28), with no significant associations between fungal 

community composition and our three sampling methods (PERMANOVA: p = 0.36, R2 = 

0.38; Supplementary Table 1.6). 

 Following the collection of fecal samples, we performed shotgun sequencing on a 

second subset of samples. Mucosal brushes were excluded from the second sample set 

because a pilot shotgun sequencing run revealed these samples contained a large 

proportion of human-derived reads (Supplementary Figure 1.2). Based on estimates of 

Shannon diversity and species richness, the microbiomes in fecal samples were 

significantly more diverse than those in the mucosal aspirates (LME: p = 0.007 and p = 

0.002, respectively) and marginally more diverse than those in lavage aspirates (LME: p = 

0.053 and p = 0.047, respectively; Figure 1.2E). Visualization of sample beta-diversities 

revealed a cluster of fecal samples that partially overlapped with mucosal and lavage 

aspirates (Figure 1.2F). PERMANOVA showed that the individual explained the greatest 

amount of variation in microbiome composition (PERMANOVA: p = 0.001, R2 = 0.72; 

Supplementary Table 1.7). In comparison, sampling method explained 15% of variation in 

the microbiome (PERMANOVA: p = 0.001). Fecal samples had a mean relative abundance of 

63% for Firmicutes, 27% for Bacteroides, 3.5% for Actinobacteria, and 4.5% for 

Proteobacteria. Mucosal aspirates and lavage aspirates were more similar and had a mean 
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relative abundance of 73% and 75% for Firmicutes, 15% and 11% for Bacteroides, 4.7% 

and 5.2% for Actinobacteria, and 4.0% and 6.6% for Proteobacteria, respectively 

(Supplementary Figure 1.3). Differential abundance analysis revealed 42 microbes whose 

abundances significantly differed between fecal samples and mucosal aspirates (ANCOM2: 

p-adj < 0.05; Supplementary Table 1.8). Five microbes were differentially abundant 

between fecal samples and lavage aspirates (Supplementary Table 1.9), and no microbes 

were significantly different between mucosal aspirates and lavage aspirates (ANCOM2; p-

adj > 0.05). 

The Microbiomes of Polyps and Healthy Opposite Wall Tissue are similar within 

Individuals: 

To characterize the microenvironment of polyps, 14 mucosal brush samples from 6 

subjects were collected from polyps and healthy opposite wall tissue and sequenced as part 

of the first sample set (Figure 1.3A). Based on 16S sequencing, we observed no significant 

differences in Shannon diversity or richness between polyp and healthy opposite wall 

tissue from within the same individual (Figure 1.3B). We did observe significantly 

increased richness in samples from the left sided colon when compared to the right sided 

colon (Figure 1.3B, LME: p = 0.01). With respect to beta-diversity, there were no significant 

differences across polyp and healthy opposite wall tissue pairs (PERMANOVA: p = 0.87, R2 

= 0.18; Figure 1.3C; Supplementary Table 1.10). We were unable to identify any 

differentially abundant microbes between polyp and opposite wall tissue brushes. 

Microbiomes were mostly individualistic, with subject origin explaining 55% of the 

variance in microbiome composition (PERMANOVA: p = 0.02; Figure 1.3D; Supplementary 

Table 1.10). 
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Tubular Adenoma-bearing, Serrated Polyp-bearing, and Polyp-free Individuals have 

distinct Microbiomes: 

We next reanalyzed all samples from the first and second sample sets to examine 

whether the subject’s polyp type of a sample (polyp-free vs. tubular adenoma-bearing vs. 

serrated polyp-bearing) was significantly associated with microbial diversity and 

composition. In both 16S and shotgun data, we observed no significant differences between 

subject types based on Shannon diversity or richness estimates (LME: p > 0.05; 

Supplementary Figure 1.4). In ITS data, we observed significantly increased Shannon 

diversity, but not richness, in samples from polyp-free individuals when compared to those 

from TA-bearing individuals (LME: p = 0.03; Supplementary Figure 1.4). Beta diversity 

analysis of 16S and ITS data from the first sample set demonstrated that subject type 

explained 4% and 2% of the variance associated with the microbiome, respectively (16S 

PERMANOVA: p = 0.001; Supplementary Table 1.5 and ITS PERMANOVA: p = 0.204; 

Supplementary Table 1.6).  

In the second sample set, we found significant associations between the microbiome 

and subject type explaining 2% of the observed variance (PERMANOVA: p = 0.001; 

Supplementary Table 1.7). This association was examined further by testing each pairwise 

subject type comparison within each sample type. In TA vs. SP-bearing mucosal aspirates, 

subject type significantly explained 2.7% of the variance associated with the microbiome 

(PERMANOVA: p = 0.001; Supplementary Table 1.11). The proportion of significant 

variance associated with subject type was reduced to 1.9% for polyp-free vs. TA-bearing 

mucosal aspirates (PERMANOVA: p = 0.001) and 1.5% for polyp-free vs. SP-bearing 

mucosal aspirates (PERMANOVA: p = 0.001; Supplementary Table 1.11). An association 
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between microbiome composition and subject type was not observed when testing lavage 

aspirates (PERMANOVA: p = 0.47; Supplementary Table 1.12) or fecal samples 

(PERMANOVA: p = 0.10; Supplement Table 1.13) alone.  

 We then performed an in-depth investigation of each subject type’s microbiome 

using only second sample set mucosal aspirates, due to their larger comparable sample 

size. Differential abundance analysis demonstrated that Eggerthella lenta was significantly 

depleted in SP-bearing aspirates when compared to polyp-free ones (Kruskal-Wallis, KW: 

p-adj = 0.032). E. lenta also demonstrated a lower abundance in SP mucosal aspirates when 

compared to TA aspirates but this decrease was not significant (KW: p-adj = 0.099). 

Supplementary Figure 1.5 suggest that E. lenta was also depleted in 16S mucosal aspirates, 

but this result was not statistically significant either.  

Despite few differentially abundant microbes, taxonomic visualization suggested 

that TA-bearing mucosal aspirates were distinct compared to polyp-free and SP-bearing 

mucosal aspirates (Figure 1.4A, Supplementary Figure 1.6). Therefore, we examined if 

microbial composition could be used to predict the subject type origin of mucosal aspirates. 

Random Forest (RF) classified mucosal aspirates from each pairwise subject type 

comparison with moderate to high accuracy, producing area under curve (AUC) values of 

0.87 – 0.99 (Figure 1.4B). The top variables of importance for the classification of polyp-

free versus TA-bearing mucosal aspirates were Ruthenibacterium sp., Ruminococcus 

gnavus, Ruminococcus sp., Dorea sp., and Blautia sp. (Figure 1.4C). For polyp-free versus SP-

bearing RF classification, Anaerostipes hadrus, Dorea longicatena, E. lenta, Clostridium 

ramosum, and Alistipes finegoldii were the most important variables (Figure 1.4D). Lastly, 

Gemmiger formicilis, E. lenta, Bifidobacterium sp., Ruthenibacterium sp., and UBA7182 
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HGM12585 were the top microbes of importance for the SP-bearing versus TA-bearing RF 

classification (Figure 1.4E). Figure 1.4F displays the relative abundances for the top 

variables of importance in all RF comparisons. 

Microbiome Functional Potential is distinct across Sampling Methods and Subject 

Types: 

The functional characteristics of our shotgun metagenomes were next explored. 

Pathway analysis resulted in the discovery of 507 metabolic pathways, which were 

generally conserved across subject types (Figure 1.5A and Supplementary Figure 1.7). As a 

result, we did not identify any differentially abundant pathways (KW: p-adj > 0.05). 

Additionally, pairwise RF classification of functional pathways resulted in lower AUC values 

when compared to taxonomic RF classification (Supplementary Figures 1.8 and 1.9).  

Subsequently, we analyzed individual microbial genes, whose composition exhibited a 

higher correlation to microbial taxonomy (Mantel: p = 0.001, r = 0.70) when compared to 

functional pathways (Mantel: p = 0.001, r = 0.33). Like previous taxonomic results, we 

found that fecal samples had significantly increased Shannon diversity (LME: p = 0.034) 

and gene richness estimates (LME: p = 0.021) when compared to mucosal aspirates, but not 

mucosal lavages (Figure 1.5B). Principal coordinate analysis resulted in fecal samples 

clustering together, with no obvious clustering based on subject type (Figure 1.5C). This 

was supported by PERMANOVA, which confirmed an association between functional 

metagenome and sampling method, explaining 10.8% of the observed variance 

(PERMANOVA: p = 0.001; Supplementary Table 1.14). By comparison, the individual of 

origin explained approximately 76% of the observed variance in the functional microbiome 



 

18 
 

(PERMANOVA: p = 0.001; Supplementary Table 1.14) and subject type explained 1.3% of 

the observed variance (PERMANOVA: p = 0.001; Supplementary Table 1.14). 

We concluded our analysis by searching for differentially abundant genes among 

subject types using mucosal aspirates, but did not find any after adjusting for the false 

discovery rate (KW: p-adj > 0.05). Supplementary Figure 1.10 demonstrates that the 

majority of the genes determined to be differentially abundant before FDR correction 

originated from the class Coriobacteriia, which E. lenta belongs to. Given that E. lenta 

metabolizes plant lignans in the gut and was found to be depleted in SP-bearing mucosal 

aspirates, we decided to examine which E. lenta specific carbohydrate active enzymes 

(CAZymes) were present in our metagenomes. We found six CAZymes, of which four had 

decreased abundance in SP-mucosal aspirates. These were a carbohydrate esterase, family 

2 (CT2) and three glycosyl transferases from families 2, 28, and 51 (GT2, GT28, and GT51; 

Figure 1.5D). A complete list of differentially abundant genes, their functions, and 

taxonomy before FDR correction can be found in the supplement (Supplementary File 1). 

DISCUSSION 

In this study we used direct and indirect methods to sample the colon and 

characterize the microbiomes of polyp-free and polyp-bearing individuals. Using amplicon 

sequencing, we found that microbiomes of mucosal brushes and mucosal aspirates did not 

significantly differ in diversity or composition. In contrast, the microbiomes of fecal 

samples were significantly more diverse and compositionally distinct when compared to 

those from mucosal aspirates.  

Due to their ease of collection, fecal samples are frequently used to study the human 

microbiome in the context of CRC. However, fecal samples poorly represent the microbiota 
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adherent to the colon mucosa, and instead capture those found in the intestinal lumen.20,21 

Their increased diversity and paucity of mucosa-associated microbes suggests that fecal 

samples are less ideal for studying premalignant polyps, which have fewer pronounced 

signatures of microbial dysbiosis when compared to carcinomas. This is supported by 

Peters et al., who found greater compositional changes in the microbiomes of fecal samples 

from advanced conventional adenomas when compared to those from non-advanced 

adenomas.17 The decreased sensitivity of fecal samples to detect CRC-associated microbes 

was also highlighted by their results demonstrating significant associations between the 

gut microbiome and distal conventional adenoma cases, but not proximal.17 This is also 

likely why Peters et al. did not observe substantial differences in the microbial 

compositions of HPP, SSP, and healthy samples, as serrated polyps predominantly develop 

in the proximal colon. 

Here, we report significant associations between the gut microbiome and mucosal 

aspirates obtained from both the proximal and distal colon. We also observed significant 

differences when comparing the microbiomes of polyp-free samples to SP-bearing ones 

using mucosal aspirates. No such differences were seen in fecal samples, but this result may 

be driven by a smaller sample size. Nevertheless, these data suggest that mucosal samples 

are sensitive enough to study the microbiome of colorectal polyps found within the 

proximal colon. This contradicts a study published by Yoon et al., who found no significant 

compositional differences among the mucosa-associated gut microbiomes of polyp-free, 

TA, SSP, and CRC-bearing individuals.18 The authors note, however, that their result was 

likely influenced by a small sample size, with only 6 samples per group and 24 samples 

total. 
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Compared to mucosal brushes, mucosal aspirates had a lower risk of damaging the 

intestinal epithelium, provided larger collection volumes for downstream sample 

processing, and resulted in lower proportions of human derived reads during shotgun 

sequencing. Both methods also had similar microbiome profiles. One caveat of our 

approach, however, is that we did not collect mucosal aspirates from polyp tissue directly, 

only from healthy tissue near polyps. Therefore, it is unclear whether the three 

differentially abundant microbes observed between mucosal brushes and aspirates was 

due to the sampling method used or the tissue site (Supplementary Figure 1). Certainly, 

more research is needed to further evaluate each sampling method, but we believe the 

advantages of mucosal aspiration outweigh the risk of mucosal brushing and any minor 

discrepancies in microbiome diversity and composition. 

With respect to characterizing the hyperlocal microbiome of polyps and opposite 

colon wall tissue, mucosal brushing revealed no differences. One factor which could have 

disrupted any potential hyperlocal differences in the gut microbiota is the colonoscopy 

preparation and lavage. As part of the preparation, individuals were advised to adhere to a 

low fiber, clear liquid diet 24 hours prior to colonoscopy. Dietary fiber is important for 

maintaining the longitudinal and lateral organization of the microbiota within the colon, as 

giving mice a low fiber diet has been shown to disrupt the microbial organization their 

guts.20 Additionally, changes in diet can rapidly shift the composition of the gut 

microbiome, often within 24 hours.7,22,23 Another factor which could have potentially 

obscured the hyperlocal organization of colon epithelium further was the mechanical 

displacement caused by the laxative-based cleansing and colonoscopy rinse. Nevertheless, 

significant compositional differences between the microbiomes of samples taken from the 
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proximal and distal colon were observed, suggesting that broad microbial organization 

remained present in the gut after colonoscopy preparation and lavage. It is important to 

note that these claims are based on data from 14 samples from 6 individuals, therefore, 

additional studies with more samples are needed to validate the reproducibility of our 

findings. 

Comparatively, compositional differences were observed in the gut microbiome 

across TA-bearing, SP-bearing, and polyp-free individuals using mucosal sampling. Notably, 

we demonstrated that the microbial composition of each subject type was distinct enough 

to accurately predict the origin of mucosal aspirates using RF. These findings suggest that 

the gut microbiome plays different roles in the adenoma-carcinoma sequence and the 

serrated pathway. In the adenoma-carcinoma sequence, the gut microbiome exists in, and 

potentially contributes to, an inflammatory environment to promote colorectal 

carcinogenesis.  

Data obtained from second set mucosal aspirates supports that TA-bearing subjects 

had an altered microbiome composition associated with inflammation and CRC 

development. These samples trended towards a higher abundance of Lachnospiraceae, such 

as Ruminococcus gnavus, which has been previously associated with CRC and inflammatory 

bowel disease, and C. scindens, which can metabolize excess primary bile acids not 

absorbed by the small intestine into secondary bile acids (Supplementary Figure 1.6).24-26 

High concentrations of secondary bile acids can cause host oxidative stress, nitrosative 

stress, DNA damage, apoptosis, and mutations.27 Secondary bile acids also act as farnesoid 

X receptor antagonists, resulting in enhanced wnt signaling in the adenoma-carcinoma 

sequence.28 RF classification also identified Bacteroides fragilis as a top variable of 
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importance, which was elevated in TA mucosal aspirates. B. fragilis produces a 

metalloprotease that causes oxidative DNA damage and cleaves the tumor suppressor 

protein, E-cadherin.29-31 

 Unlike the adenoma-carcinoma sequence, the microbiome in the serrated pathway 

remains understudied. Fusobacterium nucleatum, which has been implicated in the 

adenoma-carcinoma sequence because of its ability to activate wnt signaling, has also been 

described as having a role in serrated CRC development.32 F. nucleatum abundance is 

associated with serrated pathway lesions and features, such as mismatch repair deficiency, 

MLH1 methylation, CpG island methylator phenotype, and high microsatellite instability.14 

Here, we did not find differences in F. nucleatum abundances across HPPs, SSPs, Tas, or 

polyp-free controls. Instead, we most prominently found that E. Lenta and its CAZymes 

were depleted in mucosal aspirates from SP-bearing individuals, a result that spanned 16S 

and shotgun data.  

E. lenta metabolizes inert plant lignans in the gut into bioactive enterolignans, such 

as enterolactone and enterodiol.33 These enterolignans have anti-proliferative and anti-

inflammatory effects, and help modulate estrogen signaling, lipid metabolism, and bile acid 

regulation.34 They have also been associated with reduced cancer risk.35 Diets rich in plant 

fiber have been associated with decreased CRC risk.6,36 Fiber is fermented by the intestinal 

microbiota to produce short chain fatty acids, including acetate, butyrate, and propionate. 

Butyrate is the primary energy source for colonocytes and has anti-inflammatory and anti-

tumor properties.37-39 Butyrate also is involved in the epigenetic expression of genes as a 

histone deacetylase inhibitor.40 In the serrated pathway, the gene SLC5A8, which mediates 

short chain fatty acid uptake into colonic epithelial cells, is frequently inhibited via 
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promoter methylation, suggesting that dietary fiber may be required for proper cellular 

epigenetic regulation.41  

Further evidence of dietary fiber potentially playing a role in the serrated pathway 

was the identification of A. hadrus as the most important variable in differentiating polyp-

free vs SP-bearing mucosal aspirates by RF. A. hadrus is a butyrate producing microbe and 

was depleted in SP-bearing mucosal aspirates. Taken together, we hypothesize that low 

dietary fiber consumption facilitates aberrant epigenetic modifications within colonocytes 

to promote serrated polyp development, but studies which combine both mucosal 

sampling methods and dietary information are needed to test this hypothesis. 

In conclusion, the complex and individualistic nature of the human gut microbiome 

has made it difficult to mechanistically link the microbiome with colorectal carcinogenesis. 

By describing the association between the gut microbiota and two colorectal polyp types 

with several sampling methods, our study provides insight into potential mechanisms for 

the epigenetic-based serrated pathway of CRC. In addition, our data underscores the 

importance of distinguishing between different pathways of colorectal carcinogenesis 

when investigating the gut microbiome. Finally, transitioning future microbiome studies to 

mucosal sampling methods may enable the discovery of previously unassociated CRC 

microbes. 

METHODS 

Subject Recruitment and Criteria:  

Individuals who presented for colonoscopy with indications of screening for, or a 

prior history of, colorectal polyps were asked to participate in the study. Written and 

informed consent was obtained from each subject and was required for participation. 
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Subjects who were pregnant, had taken antibiotics within 6 weeks of colonoscopy, or with 

known inflammatory bowel diseases, were excluded. In total, 140 individuals were 

recruited for this study. Of the 140 individuals, 50 were found to be polyp-free, 45 had one 

or more Tas, 33 had polyps originating from the serrated pathway (HPPs or SSPs), and 12 

had unknown or other pathologies.  

Colonoscopy Preparation, Procedure, and Sample Collection:  

Before colonoscopy, subjects were asked to adhere to a clear liquid diet for 24 

hours. Bowel cleansing was done using Miralax, or polyethylene glycol with electrolytes 

administered as a split dose, 12 and 5 hours before the procedure. Sample collection 

focused on two direct and two indirect microbiome sampling methods (Figure 1.1). The 

first direct sampling method involved brushing the mucosa of colon during colonoscopy 

(Method #1 in Figure 1.1). Brushing was performed on suspected polyps and on opposing 

healthy colon tissue to compare their microenvironments. Since mucosal brushes can 

potentially damage or agitate the intestine, we also employed a method of direct 

microbiome sampling in which colonoscopy washing fluid was sprayed directly on to the 

target mucosa and immediately re-suctioned into a storage vial (Method #2 in Figure 1.1). 

Participants with suspected polyps had mucosal washing aspirates taken on healthy tissue 

near the polyp, but no mucosal aspirates were taken from polyps directly. The first indirect 

sampling method involved collecting an aspirate of the post-colonoscopy lavage fluid 

(Method #3 in Figure 1.1). This lavage fluid was produced from rinsing the wall of the colon 

throughout the procedure and was collected in a container outside the subject. All samples 

were collected in sterile cryogenic tubes and placed on ice until the colonoscopy procedure 

was finished. Afterwards, the samples were stored at -80°C. Additional information 
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collected included indication for procedure, age, sex, ethnicity, BMI, family history, and 

findings, including the size, shape, location, and pathology of all polyps sampled. 

Patient-directed Collection of Fecal Samples:  

For the second indirect microbiome sampling method, subjects were encouraged to 

send follow-up fecal samples four to six weeks post-colonoscopy (Method #4 in Figure 1.1). 

Subjects were provided with a fecal collection kit, which contained collection equipment, 

prepaid shipping labels, and Zymo DNA/RNA shield preservation buffer (R1101). Subjects 

who complied were compensated $20 USD. Samples were returned via the United States 

Postal Service. After arrival, samples were stored at -80°C. Thirty-eight fecal samples were 

returned, bringing our total number of samples collected to 1,883. A summary of the 

sample types can be found in Supplementary Table 1.1. 

Polyp and Subject Type Classification:  

Polyp biopsies collected during colonoscopy were sent to a pathologist for 

classification. This information was then recorded for the corresponding mucosal brush 

and aspirate samples. Pathology reports were also used to broadly categorize all samples 

collected from an individual by their polyp pathology. We referred to this as the ‘subject 

type’ and the three categories were polyp-free subjects, tubular adenoma-bearing subjects 

(TA-bearing), and serrated polyp-bearing (SP-bearing) subjects, which included both HPPs 

and SSPs. For example, if a sample was taken from healthy intestinal tissue of an individual 

who was found to have a TA, that sample and all others from the same individual would be 

included in the TA-bearing subject type. Three individuals had both a TA and an SSP and 

were classified as SP-bearing subjects. 

DNA Extraction:  
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Two separate DNA extractions were performed in this study, yielding two different 

sample sets (Table 1.1). Sample set 1 DNA extractions included mucosal brushes, mucosal 

aspirates, and lavage aspirates only. Sample set 2 DNA extractions occurred later and 

included mucosal aspirates, lavage aspirates, and fecal samples. All samples were thawed 

on ice for DNA extraction. For mucosal aspirates and lavage aspirate samples, 250 uL of 

fluid were taken from each sample and then DNA was extracted using ZymoBiomics DNA 

Miniprep Kit (D4300) according to the manufacturer’s protocol. For mucosal brushes, 750 

uL of ZymoBIOMICS Lysis Solution was mixed with the brushes in their original sterile 

cryogenic tube and vortexed for 5 minutes to suspend the contents of the brush into 

solution. The solution was then transferred and extracted according to the manufacturer’s 

protocol. Fecal samples stored in Zymo DNA/RNA shield were thawed, mixed by vortexing, 

and 750 uL of the fecal plus buffer mix was extracted according to the manufacturer’s 

protocol. 

16S Amplicon Library Preparation and Sequencing:  

Samples from the first set underwent 16S and ITS amplicon sequencing. We 

targeted the V4 region of the bacterial 16S rRNA gene using the 515F and 926R primers. 

For each sample, the V4 region was amplified using 25 uL polymerase chain reaction (PCR) 

volumes with the following reagents: 12.5 uL of 1x AccustartII PCR tough mix (QuantaBio 

95142), 9.5 uL of PCR grade water, 1 uL of 10 mg/mL BSA, 0.5 ng of extracted genomic 

DNA, and 0.5 uL of 0.2 uM 515F and 926R primers each. The 515F primer contained the 

Illumina adapter sequence and barcode. Each sample was amplified using a thermocycler 

for 30 cycles (94°C for 3 min; 94°C for 45 sec, 55°C for 30 sec, 72°C for 20 sec; repeat steps 

2-4 30 times; 72°C for 10 min). The resultant amplicons were quantified using the Qubit 
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dsDNA HS Assay Kit (Life technologies Q32851) according to the manufacturer’s protocol 

and pooled at equimolar concentrations. The pooled amplicon library was cleaned and 

concentrated using Agencourt AMPure XP beads (Beckman-Coulter A63880) according to 

the manufacturer’s protocol. Equimolar PhiX was added at 10% final volume to the 

amplicon library and sequenced on the Illumina MiSeq platform, yielding 300bp paired-end 

sequences. A total of 200 samples with an average of 41,578 +/- 35,920 (σ) reads per 

sample were obtained for 16S amplicons.  

ITS Amplicon Library Preparation and Sequencing: 

Fungi from the first sample set were characterized by targeting the ITS2 region of 

the 18S rRNA gene for amplification. We used the ITS9f and ITS4r primers, as described by 

Looby et al.43 PCR was performed in 25 uL volumes, consisting of: 12.5 uL of 1x AccustartII 

PCR tough mix, 9.5 uL of PCR grade water, 1 uL of 10 mg/mL BSA, 0.5 ng of extracted 

genomic DNA, and 0.5 uL of 0.3 uM ITS9f and barcoded ITS4r primers each. Amplification 

was performed with the following thermocycler settings: 94°C for 5 min, 35 cycles of 95°C 

for 45 sec, 50°C for 1 min, 72°C for 90 sec, and a final extension step of 72°C for 10 min. 

Afterwards, we quantified, pooled, and cleaned our ITS2 amplicons using the same 

methods as our 16S amplicons. Our ITS2 library was combined with our 16S library and 

sequenced simultaneously in the reverse complementary orientation. This yielded 150 

samples with an average of 22,252 +/- 17,000 (σ) ITS reads per sample. 

Shotgun Library Preparation and Sequencing:  

The second sample set was sequenced using shotgun sequencing. Libraries were 

prepared using the Illumina DNA prep kit (20018705), using our low-volume protocol.44 

Briefly, a maximum of 5 uL or 50 ng (whichever was reached first) of DNA from each 
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sample was tagmented with 2 uL of tagmentation master mix for 15 min at 55°C. 

Afterwards, 1 uL of tagmentation stop buffer was added to each sample and incubated at 

37°C for 15 min. The samples were washed with the provided buffer according to the 

manufacturer’s protocol, then PCR was performed with 12.5 uL reaction volumes with the 

following reagents: 6.25 uL of KAPA HiFi HotStart ReadyMix (Roche Life Science KK2602), 

2.75 uL of PCR grade water, 1.25 uL of 1 uM i5 and i7 index adaptors each, and 0.5 uL of 10 

uM forward and reverse KAPA HiFi polymerase primers each. PCR amplification was done 

with the settings: 72°C for 3 min, 98°C for 3 min, 12 cycles of 98°C for 45 sec, 62°C for 30 

sec, 72°C for 2 min, and a final extension step of 72°C for 1 min. Samples were pooled and 

size selection was performed per the manufacturer’s protocol. Libraries were packaged on 

dry ice and shipped overnight to Novogene Corporation Inc. (Sacramento, CA) to be 

sequenced using Illumina’s Hiseq 4000 for 150 bp paired-end sequencing. This yielded 257 

samples with an average of 1,267,359 +/- 690,384 (σ) reads per sample. 

Taxonomic Assignment of Sequencing Data:  

For first sample set, 16S and ITS amplicon sequences were processed using Qiime2-

2019.1.45 Demultiplexing was performed using the ‘q2-demux’ function with the ‘emp-

paired’ preset. Sequencing reads were quality filtered, had chimeric sequences, PhiX, and 

singletons removed, and were clustered into amplicon sequence variants (ASVs) using the 

‘q2-dada2’ function with the default parameters plus trunc_len_f = 280, trunc_len_r = 220, 

trim_left_f = 5, and trim_left_r = 5.46 This reduced the average number of reads per sample 

to 30,051 +/- 24,768 (σ) for 16S amplicons, and 3,517 +/- 9,154 (σ) for ITS amplicons. 

Taxonomic assignment of 16S and ITS reads was done using the ‘classify-sklearn’ function 

in Qiime2 with the default parameters. The databases used for classification were the 
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Greengenes database (Version 13.8) for 16S data, and the UNITE database (Version 8.0) for 

ITS data.47,48 This produced 182 samples with an average of 28,343 +/- 23,150 (σ) high-

quality, taxonomically assigned reads per sample for 16S amplicons, and 131 samples with 

an average of 3,461 +/- 8,357 (σ) high-quality, taxonomically assigned reads per sample for 

ITS amplicons. 

For second sample set shotgun data, we first removed sequencing adapters using 

the ‘bbduk.sh’ script from BBMap v38.79 with the default parameters.49 Next, we 

demultiplexed our samples using ‘demuxbyname.sh’ script from BBMap using the default 

parameters. After demultiplexing, sequences were quality filtered using PRINSEQ++ v1.2 

with the parameters trim_left = 5, trim_right = 5, min_len = 100, trim_qual_right = 28, and 

min_qual_mean = 25.50 This yielded an average of 1,209,001 +/- 643,544 (σ) high quality 

reads per sample. Removal of human-derived reads was performed with Bowtie2 v2.3.5.1 

on default settings by removing reads which aligned to the reference human genome, 

hg38.51 This resulted in 257 samples with an average of 1,102,247 +/- 643,325 (σ) high 

quality, non-human reads per sample. Lastly, we used IGGSearch v1.0 on the ‘lenient’ 

preset (--min-reads-gene=1 –min-perc-genes=15 –min-sp-quality=25) to assign 

operational taxonomic units (OTU) to our quality-filtered sequences.52 This produced 238 

samples with an average of 24,888 +/- 16,340 (σ) high-quality, marker gene reads per 

sample. 

Taxonomic Analysis: 

Data analysis was performed using R v3.6.3. For all sequencing runs, a synthetic 

microbial community DNA standard (ZymoBIOMICS D6305) was included as a control. 

When necessary, the first step in our compositional analysis was filtering taxa, from all 
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samples, that contaminated the community standard control. Next, unassigned and 

mitochondrial reads were removed from our samples. Afterwards, we excluded 16S and 

ITS samples with fewer than 2,500 and 1,000 reads, respectively, as these samples did not 

have sufficient read depth to fully represent their microbial diversity (Supplementary 

Figure 1.11). Filtering was not required, nor performed for shotgun samples. The final 

number of 16S, ITS, and shotgun samples with high-quality, taxonomically assigned reads, 

was 147, 98, and 238, respectively (Supplementary Tables 2-4). 

The alpha diversities for both amplicon and shotgun data were obtained using the 

‘diversity’ and ‘specnumber’ functions from the Vegan v2.5-6 package, using the default 

parameters. Linear-mixed effect models (LME) were used for significance testing among 

alpha diversities to account for random effects, such as plate batching effects, and multiple 

measurements per individual using the nlme package, v3.1-148. For all datasets, beta 

diversities were obtained using the ‘adonis’ function in Vegan to generate Bray-Curtis 

distance matrices and perform PERMANOVA significance testing from compositional data. 

Beta diversity was visualized using non-metric multidimensional scaling (NMDS) 

ordination obtained from the ‘metaMDS’ function in Vegan. Matrix correlation was assessed 

using the ‘mantel’ function in Vegan.  

Differential Abundance Testing: 

Our primary focus with the first sample set was to compare the microbial 

compositions of different sample types within the same individual. Therefore, we used 

ANCOM v2.1 in R to test for differentially abundant microbes since it can account for 

multiple variables and random effects.53 We used ANCOM with ‘sample type’ as our 

variable of interest (mucosal brushes vs. mucosal aspirates vs. colonoscopy lavage 
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aspirates) and the individual of origin as a random effect. Other parameters included 

‘p_adjust = FDR’ to control for the false discovery rate, and significance was determined at 

< 0.05.  

For shotgun data, our primary focus was to compare the microbial composition of 

different subject types (Polyp-free vs. TA-bearing vs. SP-bearing). We used a univariate 

Kruskal-Wallis (KW) test with independent hypotheses weighting (IHW). IHW increases 

power while controlling the false discovery weight by utilizing covariate data that are 

independent of the null hypothesis.54 Before testing, we excluded samples with 

‘Unknown/Other’ subject types, and filtered taxa that were not present in at least one-third 

of samples. We also eliminated repeated measurements by averaging the microbial relative 

abundances of left and right mucosal aspirates from the same individual. Kruskal-Wallis 

tests were performed for each taxon with the subject type as the variable. The IHW v1.14.0 

package was used to correct p-values for the false discovery rate, using the sum of read 

counts per taxon across all samples as our covariate. FDR-adjusted p-values < 0.05 were 

considered significant. When visualizing relative abundances using a log10 scale, a pseudo-

count of 0.0001 was added to prevent the removal of samples containing zeroes. 

Random Forests: 

Random Forests (RF) were performed on shotgun-sequenced mucosal aspirates to 

determine if the subject type of a sample could be predicted based on microbial 

composition. To do this, we used the rfPermute v1.9.3 package in R. We began by filtering 

taxa which were not present in at least one-third of mucosal aspirate samples. Two-thirds 

of the 156 shotgun mucosal aspirates were used for training the RF classifiers, while the 

remaining one-third was used for testing our RF models. RfPermute parameters were set to 
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importance = TRUE, nrep = 100, ntree = 501, and mtry = 8. Afterwards, we generated 

receiver-operator curves (ROC) using the ‘roc’ function with default settings (pROC v1.18.0 

package). Variables of importance were visualized with the ‘VarImpPlot’ function in the 

rfPermute package. 

Pathway Enrichment Analysis:  

Pathway enrichment analysis was done using unassembled shotgun reads with 

HUMAnN v3.0.1.55 The program was ran using the default parameters and the ChocoPhlAn 

v296 and UniRef90 v201901b databases were used for alignment. The 

‘humann_renorm_table’ and ‘humann_join_tables’ functions were used to create a pathway 

abundance matrix of normalized counts in copies per million. Significantly enriched 

pathways between subject types were determined with a Kruskal-Wallis test using IHW. 

The false discovery rate was corrected for using the total sum of normalized counts per 

pathway as our covariate. Significance was determined at FDR < 0.05. Z-scores were 

calculated from pathway abundances, and then were visualized on a heatmap generated by 

the ‘dist’ and ‘hclust’ functions in R.  

Functional Metagenomic Analysis: 

Analysis of individual microbial genes was performed by cross-assembling reads 

into contiguous sequences using MEGAHIT v1.1.1.56 Contigs smaller than 2,500 bp were 

discarded and the remainder had open reading frames (ORFs) identified by Prodigal 

v2.6.3.57 The resulting ORFs were functionally annotated using eggNOG mapper v2.0, using 

the eggNOG v5.0 database. 58 Individual samples were aligned to annotated ORFs using 

Bowtie2 v2.3 to obtain per-sample ORF abundances. Per sample ORF abundances were 

compiled into a single ORF abundance table using the ‘pileup.sh’ script from BBMap. ORF 
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counts were normalized to reads per kilobase per genome equivalent using MicrobeCensus 

v1.1.1 on default settings.59 Principal coordinate analysis was performed using the 

‘cmdscale’ function from Vegan to visualize the functional metagenome composition among 

sample and subject types. PERMANOVA and differential abundance testing were performed 

in the same manner as with taxonomy. 
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TABLES & FIGURES 

Table 1.1: Study cohort information. A table describing the sample sizes, sample types, 

median age, median BMI, ethnicity compositions, and sex ratios of each sample set. The 

first sample set was sequenced twice, once using 16S sequencing and once using ITS 

sequencing. 

 Sample set 1 (16S) Sample set 1 (ITS) Sample set 2 
(Shotgun) 

Number of samples 147 98 238 
Sample types Mucosal brushes 

Mucosal aspirates 
Lavage aspirates 

Mucosal brushes 
Mucosal aspirates 
Lavage aspirates 

Mucosal aspirates 
Lavage aspirates 
Fecal samples 

Median Age (Years) 60 61 65 
Median BMI 
(kg/m2) 

25 25 26 

Ethnicity White: 60% 
Black: 7% 
Asian: 21% 
Hispanic: 8% 
Other/Unknown: 
4% 

White: 71% 
Black: 3% 
Asian: 13% 
Hispanic: 11% 
Other/Unknown: 
2% 

White: 58% 
Black: 1% 
Asian: 16% 
Hispanic: 11% 
Other/Unknown: 14% 

Sex Male: 57% 
Female: 43% 
Other/Unknown: 
0% 

Male: 63% 
Female: 37% 
Other/Unknown: 
0% 

Male: 48% 
Female: 39% 
Other/Unknown: 13% 
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Figure 1.1: Study design.  

A total of 140 individuals were recruited for this study, including 50 polyp-free individuals, 

45 with tubular adenomas, and 33 with serrated polyps (HPP, TSA, or SSP). The remaining 

12 individuals had missing or unknown pathologies. Multiple samples were taken from 

each subject during colonoscopy. This included mucosal brushes (Method #1, orange), 

mucosal aspirates (Method #2, yellow), and lavage aspirates (Method #3, purple). Fecal 

samples (Method #4, brown) were collected from participants four to six weeks post-
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colonoscopy. DNA extraction and sequencing produced two sample sets. The first sample 

set was produced by sequencing mucosal brushes, mucosal aspirates, and lavage aspirates 

using 16S and ITS sequencing. The second sample set was produced by sequencing mucosal 

aspirates, lavage aspirates, and fecal samples using whole-genome shotgun sequencing. 
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Figure 1.2: Microbiomes of Mucosal and Lavage Samples are similar to each other but 

different from those in Feces. 

A, C, and E) Box plots showing Shannon diversity and richness estimates across mucosal 

aspirates (yellow), mucosal brushes (orange), lavage aspirates (purple), and fecal samples 

(brown). The first sample set was sequenced using 16S (A), and ITS (C) sequencing. The 

second sample set was sequenced using shotgun sequencing (E). The center line within 

each box defines the median, boxes define the upper and lower quartiles, and whiskers 

define 1.5x the interquartile range. B, D, and F) Non-metric multidimensional scaling of 

Bray-Curtis dissimilarities produced from 16S (B), ITS (D), and shotgun (F) compositional 

data. Each point corresponds to one sample, with multiple samples per individual. The 

individual of origin is denoted numerically within each point. The number of samples per 

sample type and subject category are annotated parenthetically. Significant comparisons 

(Linear mixed effects: p < 0.05) are denoted with an asterisk (*). Source data are provided 

as a Source Data file. 
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Figure 1.3: The Microbiomes of Polyps and Healthy Opposite Wall Tissue are similar 

within Individuals. 

A) An illustration of the sampling strategy used to characterize the microbial community of 

16S mucosal brushes from polyps (red) and healthy opposite wall tissue (green). B) Box 

plots of Shannon diversity and richness estimates from polyp and healthy opposite wall 

brushes. The center line within each box defines the median, boxes define the upper and 

lower quartiles, and whiskers define 1.5x the interquartile range. C) Non-metric 

multidimensional scaling of Bray-Curtis dissimilarities of polyp and healthy opposite wall 

tissue brushes. Each point is one sample, with multiple samples per individual. The 

individual of origin is denoted numerically within each point. The shape of each point 

denotes the right (proximal) and left (distal) side of the colon. D) The relative abundance of 
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the top ten microbial genera across all samples. Samples are grouped by each individual 

and labeled by polyp type, where tubular adenoma = TA, hyperplastic polyp = HPP, and 

sessile serrated polyp = SSP. Source data for Figures 3b-d are provided as a Source Data 

file. 
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Figure 1.4: Tubular Adenoma-bearing, Serrated Polyp-bearing, and Polyp-free 

Individuals have distinct Microbiomes. 

A) Box plots of the top seven most abundant microbial families across all samples from the 

second sample set. The number of samples per sampling method and subject type are 

denoted parenthetically, with multiple samples per individual. B) A receiver operating 

characteristic (ROC) curve illustrating the true positive rate (Sensitivity, y-axis) versus the 

false positive rate (Specificity, x-axis) produced by Random Forest classification of second 
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sample set mucosal aspirates. The area under the curve (AUC) value for each Random 

Forest is displayed with the 90% confidence interval. C, D, and E) The top ten variables of 

importance for each pairwise Random Forest classification. Variables are sorted by their 

mean decrease in accuracy, with larger means contributing greater to Random Forest 

performance. F) Box plots displaying the relative abundances of the top Random Forest 

variables of importance. Each point is one sample, with multiple samples per individual. A 

pseudo-count of 0.0001 was added to visualize samples which had relative abundances of 

zero, since the y axis is scaled to log10. The center line within each box defines the median, 

boxes define the upper and lower quartiles, and whiskers define 1.5x the interquartile 

range. Significant comparisons (Kruskal-Wallis: p-adj < 0.05) are denoted with an asterisk 

(*). Source data are provided as a Source Data file. 
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Figure 1.5: Microbiome Functional Potential is distinct across Sampling Methods and 

Subject Types.  

A) A heatmap displaying the z-scores of the top 50 most abundant microbial pathways 

found within the second sample set. Each column is one sample, with multiple samples per 

individual. Samples are clustered by sample and subject types. Yellow represents mucosal 

aspirates, brown represents fecal samples, and purple represents lavage aspirates. Within 

subject types, green represents polyp free samples, blue represents serrated polyp 

samples, and red represents tubular adenoma samples. B) Box plots showing the Shannon 
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diversity and richness of individual microbial genes across second sample set mucosal 

aspirates, lavage aspirates, and fecal samples. Significant comparisons (Linear mixed 

effects: p < 0.05) are denoted with an asterisk (*). C) Principal coordinate analysis of per-

gene Bray-Curtis dissimilarities. Each point represents one sample. Ellipses are drawn to 

represent the 95% confidence interval of each sample type’s distribution. The number of 

samples per sampling method and subject type are annotated parenthetically. D) Box plots 

showing the abundance of E. lenta specific carbohydrate active enzymes in reads per 

kilobase per genome equivalent. Only mucosal aspirates from the second sample set are 

shown, with the number of mucosal aspirates per subject type being denoted 

parenthetically. The center line within each box defines the median, boxes define the upper 

and lower quartiles, and whiskers define 1.5x the interquartile range. Source data are 

provided as a Source Data file.  
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Supplementary Figures and Tables: 

 

Supplementary Figure 1.1: Box plots displaying the relative abundance of microbes 

determined to be differentially abundant by ANCOM2 (p-adj < 0.05). Data is from mucosal 

brushes and mucosal aspirates from the first sample set. Each point is one sample, with 

multiple samples per individual. Plots are labeled with the most specific taxonomic rank for 

each ASV. A pseudo-count of 0.0001 was added to visualize samples which had relative 

abundances of zero, since the y axis is scaled to log10. The center line within each box defines 

the median, boxes define the upper and lower quartiles, and whiskers define 1.5x the 

interquartile range. 
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Supplementary Figure 1.2: Box plots showing the number of reads per sample produced by 

a pilot shotgun sequencing run using mucosal brushes, mucosal aspirates, and lavage 

aspirates from the first sample set. Each point is one sample, with multiple samples per 

individual. The number of samples per sampling method is denoted parenthetically. The 

center line within each box defines the median, boxes define the upper and lower quartiles, 

and whiskers define 1.5x the interquartile range. ‘Raw reads’ refers to the number of reads 

produced by the Illumina NextSeq platform. ‘Quality filtered reads’ refers to the number of 

reads after removing reads with a quality score lower than a mean of 28. ‘QF + 

decontaminated reads’ refers to the number of reads after removing human-derived reads.  
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Supplementary Figure 1.3: Box plots showing the relative abundance of the top seven most 

abundant microbial phyla across mucosal aspirates, lavage aspirates, and fecal samples from 

the second sample set. Each point is one sample, with multiple samples per individual. The 

number of samples per sampling method is denoted parenthetically. The center line within 

each box defines the median, boxes define the upper and lower quartiles, and whiskers 

define 1.5x the interquartile range.  
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Supplementary Figure 1.4: Box plots showing Shannon diversity and richness estimates 

across the first and second sample sets. The number of samples for each sampling method 
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and subject type are denoted parenthetically. Each point is one sample, with multiple 

samples per individual. The center line within each box defines the median, boxes define the 

upper and lower quartiles, and whiskers define 1.5x the interquartile range. There was 

significantly increased Shannon diversity in polyp-free ITS samples when compared to TA 

samples (Linear mixed effects model: p = 0.03).  
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Supplementary Figure 1.5: A box plot showing the relative abundance of E. lenta in 16S 

mucosal aspirates from the first sample set across subject types. Each point is one sample, 

with multiple samples per individual. A pseudo-count of 0.0001 was added to visualize 

samples which had a relative abundance of zero, since the y-axis is scaled to log10. The center 

line within each box defines the median, boxes define the upper and lower quartiles, and 

whiskers define 1.5x the interquartile range.  
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Supplementary Figure 1.6: Box plots showing the relative abundance of all OTUs from the 

second sample set. Each point is one sample, with multiple samples per individual. Samples 
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are faceted by sample type and colored by subject type. Green refers to polyp-free samples, 

red refers to TA-bearing samples, and blue refers to SP-bearing samples. A pseudo-count of 

0.0001 was added to visualize samples which had a relative abundance of zero, since the y-

axis is scaled to log10. The center line within each box defines the median, boxes define the 

upper and lower quartiles, and whiskers define 1.5x the interquartile range.  
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Supplementary Figure 1.7: A heatmap displaying the z-scores of microbial pathways from 

the second sample set. Samples are clustered by sample type and subject type. Within sample 

type, yellow represents mucosal aspirates, brown represents fecal samples, and purple 

represents lavage aspirates. Within subject type, green represents polyp free samples, blue 

represents serrated polyp samples, and red represents tubular adenoma samples. A total 

507 pathways were identified.  
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Supplementary Figure 1.8: A receiver operating characteristic (ROC) curve illustrating the 

true positive rate (Sensitivity, y-axis) versus the false positive rate (Specificity, x-axis) 

produced by Random Forest classification of functional pathways in second sample set 

mucosal aspirates. The area under the curve (AUC) value for each Random Forest is 

displayed with the 90% confidence interval.  
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Supplementary Figure 1.9: A-C) The top ten variables of importance for each pairwise 

random forest classification of functional pathways in second sample set mucosal aspirates. 

Variables are sorted by their mean decrease in accuracy, with larger means contributing 

greater to Random Forest performance. D) Box plots displaying the functional pathway 

abundances (in reads per million) of the top variables of importance as determined by 

Random Forest. Each point is one sample, with multiple samples per individual. The center 

line within each box defines the median, boxes define the upper and lower quartiles, and 

whiskers define 1.5x the interquartile range.  
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Supplementary Figure 1.10: A-C) Volcano plots illustrating the differentially abundant 

microbial genes within mucosal aspirate samples from the second sample set before FDR 

correction (Kruskal-Wallis: p < 0.05). The horizontal and vertical lines denote a significance 

threshold of p = 0.05, and zero log2fold change, respectively. Points are colored to denote 

the subject type in which the gene was more abundant, with green referring to genes more 

abundant in polyp-free samples, red for tubular adenomas, and blue for serrated polyps. 

The number of total, negative fold-change, and positive-fold change genes with an 

unadjusted p-value < 0.05 are displayed within each graph. D-F) The number of 
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differentially abundant genes per taxon for each subject type comparison. Only the top ten 

taxa with the most differentially abundant genes are shown.  



 

69 
 

 

 



 

70 
 

Supplementary Figure 1.11: Rarefaction curves of 16S (top) and ITS (bottom) amplicons 

from the first sample set. The x-axis is the read depth of each sample, with each line 

representing one sample. The y-axis is the number of unique ASVs per sample. The dotted 

red line represents the minimum required read depth for analysis inclusion. For 16S 

sequencing, this was determined at 2,500 high-quality, taxonomically annotated sequences, 

and for ITS it was 1,000 high-quality, taxonomically annotated sequences.  
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 Polyp-
free 

TA-
bearing 

SP-bearing 
(HPP/SSP) 

Unknown or 
Other 

Total 

Mucosal brushes 
[On-polyp] 

197 [0] 168 [58] 112 (61 [18]/ 51 
[17]) 

48 [14] 525 

Mucosal aspirates 350 280 195 (111/84) 72 897 
Lavage aspirates 159 135 93 (54/39) 36 423 

Fecal samples 9 17 9 (6/3) 3 38 
Total 715 600 409 159 1883 

 

Supplementary Table 1.1: A table showing the number of samples collected. Across rows, 

the number of each sample type is listed. For mucosal brushes, the number within the 

bracket corresponds to the number of brush samples taken directly from polyp tissue (as 

opposed to brushing non-polyp tissue). Across columns, the subject type classification is 

given. The number of samples per hyperplastic polyps (HPP) and sessile serrated polyps 

(SSP) are denoted parenthetically for the SP-bearing category. Samples were collected from 

a total of 140 unique individuals.   
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16S Polyp-
free 

TA-
bearing 

SP-bearing 
(HPP/SSP) 

Unknown or 
Other 

Total 

Mucosal brushes 
[On-polyp] 

12 [0] 34 [11] 18 (8 [2]/10 [4]) 0 [0] 64 

Mucosal aspirates 17 24 11 (5/7) 0 52 
Lavage aspirates 10 13 8 (3/5) 0 31 

Fecal samples 0 0 0 0 0 
Total 39 71 37 0 147 

 

Supplementary Table 1.2: A table showing the number of samples with high quality 

sequencing reads in sample set 1, using 16S amplicon sequencing. Across rows, the number 

of each sample type is listed. For mucosal brushes, the number within the bracket 

corresponds to the number of brush samples taken directly from polyp tissue (as opposed 

to brushing non-polyp tissue). Across columns, the subject type classification is given. The 

number of samples per hyperplastic polyps (HPP) and sessile serrated polyps (SSP) are 

denoted parenthetically for the SP-bearing category. A total of 38 unique individuals were 

represented in this data.  
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ITS Polyp-
free 

TA-
bearing 

SP-bearing 
(HPP/SSP) 

Unknown or 
Other 

Total 

Mucosal brushes 
[On-polyp] 

12 [0] 20 [7] 9 (1 [0]/8 [1]) 0 41 

Mucosal aspirates 13 17 11 (2/9) 0 41 
Lavage aspirates 7 4 5 (1/4) 0 16 

Fecal samples 0 0 0 0 0 
Total 32 41 25 0 98 

 

Supplementary Table 1.3: A table showing the number of samples with high quality 

sequencing reads in sample set 1, using ITS amplicon sequencing. Across rows, the number 

of each sample type is listed. For mucosal brushes, the number within the bracket 

corresponds to the number of brush samples taken directly from polyp tissue (as opposed 

to brushing non-polyp tissue). Across columns, the subject type classification is given. The 

number of samples per hyperplastic polyps (HPP) and sessile serrated polyps (SSP) are 

denoted parenthetically for the SP-bearing category. A total of 34 unique individuals were 

represented in this data.  
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WGS Polyp-
free 

TA-
bearing 

SP-bearing 
(HPP/SSP) 

Unknown or 
Other 

Total 

Mucosal brushes 
[On-polyp] 

0 0 0 0 0 

Mucosal aspirates 64 47 45 (24/17) 23 179 
Lavage aspirates 5 11 4 (2/2) 1 21 

Fecal samples 9 17 9 (6/3) 3 38 
Total 78 75 58 27 238 

 

Supplementary Table 1.4: A table showing the number of samples with high quality 

sequencing reads in sample set 2, using whole-genome shotgun sequencing. The number of 

each sample type is listed across rows. Across columns, the subject type classification is 

given. Additionally, the number of samples per hyperplastic polyps (HPP) and sessile 

serrated polyps (SSP) are denoted parenthetically for the SP-bearing category. A total of 117 

unique individuals were represented in this data.  
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FACTOR DoF SoS MS F 
MODEL 

R2 P-
VAL 

BMI 1 1.41 1.40 9.83 0.03 0.001 
AGE 1 0.98 0.98 6.88 0.02 0.001 
ETHNICITY 4 5.18 1.29 9.07 0.10 0.001 
SEX 1 1.29 1.29 9.00 0.02 0.001 
SUBJECT TYPE 2 2.26 1.13 7.92 0.04 0.001 
SUBJECT TYPE: INDIVIDUAL 28 27.15 0.97 6.79 0.51 0.001 
SUBJECT TYPE: INDIVIDUAL: SAMPLE 
TYPE 

63 7.96 0.13 0.88 0.15 0.992 

RESIDUALS 46 6.57 0.14  0.13  
TOTAL 146 50.46   1.00  

PERMANOVA formula: 16S_ASV_table ~ BMI + Age + Ethnicity + Sex + Subject Type / 

Individual / Sample Type, strata = Plate 

Supplementary Table 1.5: PERMANOVA analysis of brushes, mucosal aspirates, and lavage 

aspirates from the first sample set using 16S sequencing. The distance matrix method used 

was Bray-Curtis dissimilarity. Subject type includes polyp-free, tubular adenoma-bearing, 

and serrated polyp-bearing samples. Individuals are nested within subject type, and sample 

type is nested within the individual.  
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FACTOR DoF SoS MS F 
MODEL 

R2 P-
VAL 

BMI 1 0.53 0.53 1.26 0.01 0.066 
AGE 1 0.43 0.43 1.03 0.01 0.341 
SEX 1 0.44 0.44 1.05 0.01 0.297 
ETHNICITY 3 1.40 0.47 1.12 0.03 0.108 
SUBJECT TYPE 2 0.91 0.46 1.10 0.02 0.204 
SUBJECT TYPE: INDIVIDUAL 24 11.77 0.49 1.17 0.28 0.003 
SUBJECT TYPE: INDIVIDUAL: SAMPLE 
TYPE 

38 16.03 0.42 1.01 0.38 0.361 

RESIDUALS 25 10.43 0.42  0.26  
TOTAL 95 41.93   1.00  

PERMANOVA formula: ITS_ASV_table ~ BMI + Age + Sex + Ethnicity + Subject Type / 

Individual / Sample Type 

Supplementary Table 1.6: PERMANOVA analysis of brushes, mucosal aspirates, and lavage 

aspirates from the first sample set using ITS sequencing. The distance matrix method used 

was Bray-Curtis dissimilarity. Subject type includes polyp-free, tubular adenoma-bearing, 

and serrated polyp-bearing samples. Individuals are nested within subject type, and sample 

type is nested within the individual.   
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FACTOR DoF SoS MS F 
MODEL 

R2 P-
VAL 

BMI 1 0.72 0.72 10.24 0.01 0.001 
AGE 1 0.67 0.67 9.45 0.01 0.001 
ETHNICITY 4 2.66 0.70 9.39 0.04 0.001 
SEX 1 0.71 0.71 10.02 0.01 0.001 
SUBJECT TYPE 2 1.43 0.72 10.07 0.02 0.001 
SUBJECT TYPE: INDIVIDUAL 86 53.79 0.63 8.83 0.72 0.001 
SUBJECT TYPE: INDIVIDUAL: SAMPLE 
TYPE 

37 10.97 0.30 4.19 0.15 0.001 

RESIDUALS 56 3.96 0.07  0.04  
TOTAL 188 74.94   1.00  

PERMANOVA formula: OTU_table ~ BMI + Age + Sex + Ethnicity + Subject Type / Individual 

/ Sample Type, strata = Plate 

Supplementary Table 1.7: PERMANOVA analysis of mucosal aspirates, lavage aspirates, and 

fecal samples from the second sample set using shotgun sequencing. The distance matrix 

method used was Bray-Curtis dissimilarity. Subject type includes polyp-free, tubular 

adenoma-bearing, and serrated polyp-bearing samples. Individuals are nested within 

subject type, and sample type is nested within the individual.   
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taxa_id W detected_
0.9 

detected_
0.8 

detected_
0.7 

detected_
0.6 

UBA1381.sp. 149 TRUE TRUE TRUE TRUE 
Ruminococcus.torques 147 TRUE TRUE TRUE TRUE 
Clostridium.ramosum 146 TRUE TRUE TRUE TRUE 
D16.sp..2 146 TRUE TRUE TRUE TRUE 
Ruminococcus.gnavus 145 TRUE TRUE TRUE TRUE 
Oscillibacter.sp. 145 TRUE TRUE TRUE TRUE 
Bacteroides.fragilis 143 TRUE TRUE TRUE TRUE 
Lachnospiraceae.sp..12 141 TRUE TRUE TRUE TRUE 
Dorea.formicigenerans 141 TRUE TRUE TRUE TRUE 
DTU089.HGM12760 141 TRUE TRUE TRUE TRUE 
D16.sp. 141 TRUE TRUE TRUE TRUE 
Ruminococcus.bicirculans 141 TRUE TRUE TRUE TRUE 
Clostridium.leptum 139 TRUE TRUE TRUE TRUE 
Eubacterium.HGM12316 136 FALSE TRUE TRUE TRUE 
Roseburia.intestinalis 136 FALSE TRUE TRUE TRUE 
Alistipes.sp..3 135 FALSE TRUE TRUE TRUE 
Coprococcus.catus 133 FALSE TRUE TRUE TRUE 
Ruminococcus.lactaris 131 FALSE TRUE TRUE TRUE 
Dorea.sp..2 130 FALSE TRUE TRUE TRUE 
Lachnospira.sp..2 130 FALSE TRUE TRUE TRUE 
Eggerthella.lenta 129 FALSE TRUE TRUE TRUE 
Flavonifractor.plautii 128 FALSE TRUE TRUE TRUE 
Eubacterium.sp..9 127 FALSE TRUE TRUE TRUE 
Lachnospira.pectinoschiza 124 FALSE TRUE TRUE TRUE 
Tyzzerella.sp..1 123 FALSE FALSE TRUE TRUE 
Faecalibacterium.HGM132
78 

123 FALSE FALSE TRUE TRUE 

Eubacterium.sp..6 121 FALSE FALSE TRUE TRUE 
Escherichia.coli 121 FALSE FALSE TRUE TRUE 
Lachnospiraceae.HGM1186
2 

120 FALSE FALSE TRUE TRUE 

Erysipelatoclostridium.sp..
2 

119 FALSE FALSE TRUE TRUE 

Eubacterium.sp..15 119 FALSE FALSE TRUE TRUE 
Clostridium.bartlettii 119 FALSE FALSE TRUE TRUE 
Coprococcus.comes 116 FALSE FALSE TRUE TRUE 
DTU089.HGM12731 116 FALSE FALSE TRUE TRUE 
Faecalibacterium.sp..6 116 FALSE FALSE TRUE TRUE 
Bilophila.wadsworthia 115 FALSE FALSE TRUE TRUE 
Parabacteroides.distasonis 114 FALSE FALSE TRUE TRUE 
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Intestinimonas.butyricipro
ducens 

114 FALSE FALSE TRUE TRUE 

ER4.sp. 112 FALSE FALSE TRUE TRUE 
Dorea.longicatena.1 111 FALSE FALSE TRUE TRUE 
Clostridium.glycyrrhizinily
ticum 

111 FALSE FALSE TRUE TRUE 

UBA7182.HGM12585 109 FALSE FALSE TRUE TRUE 
 

Supplementary Table 1.8: Table of differentially abundant OTUs across fecal samples and 

mucosal aspirates from the second sample set using shotgun sequencing. Significance testing 

was performed using ANCOM2 (FDR < 0.05), adjusting for repeated measurements. 

“Detected 0.7” means that the microbe was differentially abundant in 70% of comparisons, 

which is the minimum for a microbe to be considered differentially abundant between 

categories.  
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taxa_id W detected_0
.9 

detected_0
.8 

detected_0
.7 

detected_0
.6 

Oscillibacter.sp. 95 TRUE TRUE TRUE TRUE 
Lachnospiraceae.sp..1
2 

94 FALSE TRUE TRUE TRUE 

Ruminococcus.torques 84 FALSE FALSE TRUE TRUE 
Dorea.formicigeneran
s 

83 FALSE FALSE TRUE TRUE 

Ruminococcus.bicircul
ans 

76 FALSE FALSE TRUE TRUE 

 

Supplementary Table 1.9: Table of differentially abundant OTUs across fecal samples and 

lavage aspirates from the second sample set using shotgun sequencing. Significance testing 

was performed using ANCOM2 (FDR < 0.05), adjusting for repeated measurements. 

“Detected 0.7” means that the microbe was differentially abundant in 70% of comparisons, 

which is the minimum for a microbe to be considered differentially abundant between 

categories.  
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FACTOR DoF SoS MS F 
MODEL 

R2 P-
VAL 

COLON LOCATION 1 0.74 0.74 3.19 0.15 0.015 
SUBJECT TYPE 1 0.42 0.42 1.83 0.08 0.124 
SUBJECT TYPE: INDIVIDUAL 4 2.77 0.69 3.00 0.55 0.020 
SUBJECT TYPE: INDIVIDUAL: TISSUE SITE 6 0.92 0.15 0.66 0.18 0.875 
RESIDUALS 1 0.23 0.23  0.04  
TOTAL 13 5.07   1.00  

PERMANOVA formula: 16S_brushes_ASV_table ~ Colon location + Subject type / Individual 

/ Tissue site 

Supplementary Table 1.10: PERMANOVA analysis of brushes from the first sample set using 

16S sequencing. The distance matrix method used was Bray-Curtis dissimilarity. Subject 

type includes tubular adenoma-bearing and serrated polyp-bearing samples. Tissue site 

includes polyp and healthy opposite wall brushes. Individuals are nested within subject type, 

and tissue site is nested within the individual.  
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A. Polyp-free vs. tubular adenoma mucosal aspirates 

Factor DoF SoS MS F MODEL R2 P-VAL 
BMI 1 0.932049 0.932049 14.28858 0.02497 0.001 
Age 1 0.510753 0.510753 7.829994 0.013683 0.001 
Ethnicity 3 2.093075 0.697692 10.69581 0.056075 0.001 
Sex 1 0.826017 0.826017 12.66306 0.02213 0.001 
Colon Location 1 0.096297 0.096297 1.476259 0.00258 0.04 
Prep Type 2 1.129164 0.564582 8.6552 0.030251 0.001 
Subject Type 1 0.731753 0.731753 11.21797 0.019604 0.001 
Subject Type: Patient 48 28.46318 0.592983 9.090592 0.762551 0.001 
Residuals 39 2.543985 0.06523  0.068155  
Total 97 37.32627   1  

 

B. Polyp-free vs. serrated polyp mucosal aspirates 

Factor DoF SoS MS F MODEL R2 P-VAL 
BMI 1 0.514723 0.514723 7.280071 0.014123 0.001 
Age 1 0.610964 0.610964 8.641267 0.016763 0.001 
Ethnicity 3 2.448353 0.816118 11.5429 0.067176 0.001 
Sex 1 0.669934 0.669934 9.475329 0.018381 0.001 
Colon Location 1 0.159277 0.159277 2.252762 0.00437 0.003 
Prep Type 2 1.39528 0.69764 9.867187 0.038283 0.001 
Subject Type 1 0.572898 0.572898 8.102883 0.015719 0.001 
Subject Type: Patient 44 27.38873 0.622471 8.804025 0.75147 0.001 
Residuals 38 2.686714 0.070703  0.073716  
Total 92 36.44687   1  

 

C. Tubular adenoma vs. serrated polyp mucosal aspirates 

Factor DoF SoS MS F MODEL R2 P-VAL 
BMI 1 0.785529 0.785529 10.16161 0.023108 0.001 
Age 1 0.848928 0.848928 10.98174 0.024973 0.001 
Ethnicity 3 1.881841 0.62728 8.114507 0.055357 0.001 
Sex 1 0.690819 0.690819 8.936442 0.020322 0.001 
Colon Location 1 0.143375 0.143375 1.854707 0.004218 0.009 
Prep Type 2 1.163965 0.581982 7.528535 0.03424 0.001 
Subject Type 1 0.932052 0.932052 12.05705 0.027418 0.001 
Subject Type: Patient 46 25.07423 0.545092 7.05132 0.737598 0.001 
Residuals 32 2.473713 0.077304  0.072768  
Total 88 33.99446   1  
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PERMANOVA formulas: Aspirate_OTU_table ~ BMI + Age + Ethnicity + Sex + Colon Location 

+Prep Type + Subject Type / Patient, strata = Plate 

Supplementary Table 1.11: Pairwise PERMANOVA analysis of lavage aspirates from the 

second sample set using shotgun sequencing. The distance matrix method used was Bray-

Curtis dissimilarity. Prep type refers to the laxative used during colonoscopy prep. Table 11A 

compares polyp-free and tubular adenoma subject types, table 11B compares polyp-free and 

serrated polyp subject types, and table 11C compares tubular adenoma and serrated polyp 

subject types.  
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FACTOR DoF SoS MS F 
MODEL 

R2 P-
VAL 

SUBJECT TYPE 2 0.86 0.43 1.20 0.14 0.114 
PREP TYPE 2 0.82 0.41 1.15 0.13 0.151 
AGE 1 0.46 0.46 1.30 0.07 0.074 
BMI 1 0.41 0.41 1.16 0.07 0.310 
SEX 1 0.35 0.35 0.98 0.06 0.553 
EHTNICITY 2 0.86 0.43 1.21 0.14 0.081 
RESIDUALS 7 2.50 0.36  0.39  
TOTAL 16 6.27   1.00  
PERMANOVA formula: Lavage_OTU_table ~ Subject type + Prep type + Age + BMI + Sex + 

Ethnicity, strata = Plate 

Supplementary Table 1.12: PERMANOVA analysis of lavage aspirates from the second 

sample set using shotgun sequencing. The distance matrix method used was Bray-Curtis 

dissimilarity. Subject type includes polyp-free, tubular adenoma-bearing and serrated polyp-

bearing samples. Prep type refers to the laxative used during colonoscopy prep.  
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FACTOR DoF SoS MS F 
MODEL 

R2 P-
VAL 

SUBJECT TYPE 2 0.83 0.42 1.11 0.07 0.168 
AGE 1 0.40 0.40 1.07 0.03 0.309 
BMI 1 0.43 0.43 1.13 0.04 0.201 
SEX 1 0.38 0.38 1.03 0.03 0.402 
ETHNICITY 3 1.03 0.34 0.92 0.09 0.778 
RESIDUALS 23 8.62 0.37  0.74  
TOTAL 31 11.70   1.00  

PERMANOVA formula: Fecal_OTU_table ~ Subject type + Age + BMI + Sex + Ethnicity, strata 

= Plate 

Supplementary Table 1.13: PERMANOVA analysis of fecal samples from the second sample 

set using shotgun sequencing. The distance matrix method used was Bray-Curtis 

dissimilarity. Subject type includes polyp-free, tubular adenoma-bearing and serrated polyp-

bearing samples. Prep type refers to the solution used during colonoscopy prep.   
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FACTOR DoF SoS MS F 
MODEL 

R2 P-
VAL 

BMI 1 0.004 0.004 19.36 0.015 0.001 
AGE 1 0.002 0.002 8.76 0.007 0.001 
ETHNICITY 4 0.013 0.003 14.26 0.043 0.001 
SEX 1 0.001 0.001 4.28 0.003 0.012 
SUBJECT TYPE 2 0.004 0.002 8.74 0.013 0.001 
SUBJECT TYPE: INDIVIDUAL 86 0.221 0.003 11.73 0.768 0.001 
SUBJECT TYPE: INDIVIDUAL: SAMPLE 
TYPE 

38 0.031 0.001 3.72 0.108 0.001 

RESIDUALS 57 0.013 0.001  0.043  
TOTAL 190 0.289   1.000  

PERMANOVA formula: Gene_table ~ BMI + Age + Ethnicity + Sex + Subject type / Individual 

/ Sample type, strata = Plate 

Supplementary Table 1.14: PERMANOVA analysis of functional genes within mucosal 

aspirates, lavage aspirates, and fecal samples from the second sample set using shotgun 

sequencing. The distance matrix method used was Bray-Curtis dissimilarity. Subject type 

includes polyp-free, tubular adenoma-bearing, and serrated polyp-bearing samples. 

Individuals are nested within subject type, and sample type is nested within the individual.  
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CHAPTER 2 

Characterizing the microbiome of patients with myeloproliferative neoplasms during a 

Mediterranean diet intervention 

Authors: Julio Avelar-Barragan, Laura F. Mendez Luque, Jenny Nguyen, Hellen Nguyen, 

Andrew Odegaard, Angela G. Fleischman, Katrine L. Whiteson 

ABSTRACT 

Myeloproliferative neoplasms (MPN) are a class of hematological malignancies 

which result in the overproduction of myeloid lineage cells. These malignancies result in 

increased cytokine production and inflammation, which correlate with worsened symptom 

burden and prognosis. Other than bone marrow transplantation, there is no cure for 

myeloproliferative neoplasms. As such, treatments focus on reducing thrombotic risk, 

inflammation, and symptom burden. Because current pharmacological treatments carry 

significant side-effects, there is a need to explore low-risk therapies. One alternative is the 

Mediterranean diet, which is rich in anti-inflammatory foods, reduces inflammatory 

biomarkers, and beneficially alters the gut microbiome. Here, we performed a 15-week 

clinical trial of 28 individuals with MPN who were randomized to dietary counseling based 

on either a Mediterranean diet or the standard U.S. Guidelines for Americans. Our primary 

objective was to determine if MPN patients could adopt a Mediterranean eating style with 

dietician counseling. As exploratory endpoints, we investigated the impact of diet and 

inflammation on the gut microbiome. Using shotgun metagenomic sequencing, we found 

that microbiome diversity and composition was stable throughout the study duration in 

both cohorts. Furthermore, we discovered significant alterations in the microbiomes 

between different MPN subtypes, such as increased beta-dispersion in subjects with 
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myelofibrosis. Lastly, we found several significant correlations between the microbiome 

and cytokines. Together, this study provides insight into the interaction between diet, 

inflammation, and the gut microbiome. 

INTRODUCTION 

Myeloproliferative neoplasms (MPN) are a group of hematological malignancies 

defined by somatic mutations which activate JAK/STAT signaling in hematopoietic stem 

cells. 1,2 This results in an overproduction of myeloid lineage cells. Clinically, MPNs are 

divided into three clinical phenotypes: polycythemia vera (PV), essential thrombocythemia 

(ET), and myelofibrosis (MF). PV is characterized by an elevated red blood cell mass. 

Elevations in platelets and white blood cells are also common. Subjects with ET have 

elevated platelets but rarely have increased red or white blood cells. MF is characterized by 

reticulin fibrosis in the bone marrow, and often cytopenia. MF can develop from a “burn 

out” phase following PV or ET, termed post-PV or post-ET MF, or without a preceding 

diagnosis of PV or ET, termed primary myelofibrosis.  

One feature of MPN is increased inflammatory cytokine abundance, which correlates 

with worsened symptom burden and disease prognosis. 3,4 MPN symptom burden can be 

severe, and many individuals experience fatigue, early satiety, abdominal discomfort, night 

sweats, pruritus, bone pain, fever, and unintentional weight loss. Other than bone marrow 

transplantation, there is no cure for MPN. MPN management focuses on reducing 

thrombotic risk and alleviating symptom burden. Current pharmacological treatments for 

MPN includes JAK inhibitors, such as ruxolitinib, but these often carry significant side 

effects such as immunosuppression. 5 Consequently, there is a need to explore low-risk 

alternatives for MPN management. 
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One method to non-pharmacologically manage MPN is through the consumption of a 

Mediterranean (MED) diet, consisting of extra virgin olive oil, fruits, vegetables, whole 

grains, legumes, fish, nuts, and seeds. A MED diet has been shown to reduce inflammation 

by lowering C reactive protein and IL-6 levels and is associated with reduced obesity, 

cardiovascular disease, and cancer risk. 6-9 Adherence to a MED diet has been found to alter 

the gut microbiome, which is the collection of bacteria, fungus, viruses, and other 

microorganisms living within the large intestine. 10-15 Mechanistically, this may occur 

because of the fermentation of dietary fiber and unsaturated fat by the gut microbiota to 

produce anti-inflammatory metabolites. 16 However, it remains to be seen whether a MED 

diet can be strategically used to manipulate the gut microbiota to promote health by 

reducing inflammation in MPN. 

We performed a randomized clinical trial to investigate whether registered dietician 

counseling can alter the eating pattern of individuals with MPN toward a Mediterranean 

style. Subjects were randomly assigned to either MED diet counseling supplemented with 

complementary extra virgin olive oil or counseling following the standard US Guidelines for 

Americans (USDA) supplemented with grocery certificates. The study length was 15 weeks, 

consisting of 2 weeks pre-intervention observation, 10 weeks of active dietary counseling, 

and 3 weeks of post-counseling follow-up. As a key exploratory endpoint, we investigated if 

a MED diet could produce a microbiome-mediated reduction in inflammation. Blood and 

stool samples were collected to measure cytokine levels and assess gut microbiome 

composition, respectively. Survey data was collected to assess the feasibility of a MED diet 

intervention among MPN patients and symptom burden was tracked using the MPN 

Symptom Assessment Form (MPN-SAF). In a companion manuscript we describe the 
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relationship between MED diet adherence, symptom burden, and cytokine concentrations. 

In this manuscript, we detail the association of the gut microbiota with diet, MPN subtype, 

and cytokine concentrations. 

RESULTS 

Cohort description and study synopsis: 

 Twenty-eight subjects with MPN were recruited for this study (Figure 2.1). The MED 

cohort had 15 individuals, while the USDA had 13 individuals. Within the MED cohort, 3 

subjects had ET, 4 had MF, and 8 had PV. Within the USDA cohort, 3 subjects had ET, 4 had 

MF, and 6 had PV. The median age for the MED cohort was 59 +/- 14.5 (σ) years, while the 

median age for the USDA cohort was 61 +/- 14 (σ) years. Both groups had 10 females each, 

with 5 and 3 males in the MED and USDA cohorts, respectively. The study took place over 

15 weeks and had an active intervention period from weeks 3-12. Baseline blood and stool 

samples were collected at week 1, followed by additional sampling during the active 

intervention at weeks 6 and 9. Follow-up samples were also taken after the intervention’s 

end at week 15. Throughout the study, six unannounced surveys and 24-hour food recalls 

(ASA24) were collected to measure diet compliance, and symptom burden was assessed 

using the MPN-Symptom Assessment Form (MPN-SAF), which grades the 10 most clinically 

relevant symptoms of MPN patients. 57 Table 2.1 provides a detailed description of each 

subject’s characteristics.  

Gut microbiome diversity and composition is stable during Mediterranean diet 

intervention: 

 We began our investigation by examining how a Mediterranean Diet (MED) impacts 

gut microbiome diversity. Analysis of species richness estimates using a linear mixed-
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effects model (LME) demonstrated that USDA and MED groups did not significantly differ 

over time after accounting for pre-intervention differences (LME p-value = 0.48, Figure 

2.2A). Analyses of species evenness estimates showed no differences between diet groups 

either (LME p-value = 0.65, Figure 2.2B). Sub-setting species richness and evenness 

comparisons to include only samples from participants highly adherent to a Mediterranean 

style eating pattern and those least adherent to a Mediterranean style eating pattern during 

the intervention did also not reveal significant differences (LME richness p-value = 0.48, 

LME evenness p-value = 0.73). 

Next, we examined the microbial composition, or beta-diversity, of our samples. 

Species composition analysis using non-metric multidimensional scaling (NMDS) and 

permutational multivariate analysis of variance (PERMANOVA) showed that there were 

significant differences associated with MED and USDA groups pre-intervention (Figure 

2.2C; PERMANOVA R2 = 0.057, p-value = 0.046, Supplementary Table 2.1). Therefore, we 

stratified our PERMANOVA analysis to investigate whether gut microbiome composition 

changed over time within each individual. This produced non-significant results, suggesting 

that microbiome composition was stable over the duration of the study (Figure 2.2D; 

PERMANOVA R2 = 0.007, p-value = 0.76, Supplementary Table 2.2). Next, PERMANOVA was 

performed on each MPN subtype to examine whether a specific subtype responded to the 

diet intervention more than others. No changes were detected in ET (PERMANOVA R2 = 

0.046, p-value = 0.63), MF (PERMANOVA R2 = 0.026, p-value = 0.60), or PV (PERMANOVA 

R2 = 0.016, p-value = 0.77) subtypes over time (Supplementary Table 2.3). Consequently, 

we did not find any differentially abundant microbes between MED and USDA groups after 

adjusting for pre-existing compositional differences.  
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 Characterization of the functional metagenome demonstrated no significant 

differences between diets as measured by microbial gene richness (LME p-value = 0.65, 

Supplementary Figure 2.1A) and gene evenness (LME p-value = 0.19, Supplementary 

Figure 2.1B) after accounting for pre-intervention differences. PERMANOVA analysis 

indicated that there were no significant changes over time within each individual 

(PERMANOVA R2 = 0.009, p-value = 0.29, Supplementary Table 2.4). Thus, no differentially 

abundant genes were found between MED and USDA groups. 

Individuals with myelofibrosis have reduced microbial diversity and altered 

composition:  

Previous research has demonstrated significant differences in the microbiomes 

associated with healthy individuals and those with MPN. 17 Therefore, we further 

characterized the microbiome between PV, ET, and MF subtypes. Using species richness 

estimates, we observed a significant reduction in the number of unique microbes when 

comparing individuals with MF to PV (Linear mixed-effects p-value = 0.028, Supplementary 

Figure 2.2A), and a non-significant reduction when comparing MF to ET (Linear mixed-

effects p-value = 0.056, Figure 2.2A). Species abundance distribution, or evenness, was also 

reduced in MF, but was not significant compared to PV (LME p-value = 0.12) and ET 

subtypes (LME p-value = 0.47, Figure 2.2B).  

With respect to beta-diversity, samples from MF were more dissimilar from each 

other, resulting in a trend towards increased beta-dispersion when compared to ET (LME 

p-value = 0.089) and PV (LME p-value = 0.056, Supplementary Figure 2.2C and Figure 

2.3A). Conversely, PV and ET samples tended to cluster together (LME p-value = 0.895, 

Supplementary Figure 2.2C and Figure 2.3A). PERMANOVA demonstrated a significant 
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association with microbial composition and MPN subtype, explaining approximately 6.1% 

of observed variance (PERMANOVA p-value = 0.001, Supplementary Table 2.5). 

Microbiomes were largely personalized, with the individual of origin significantly 

explaining about 54% of the variance observed in the microbiome (PERMANOVA p-value = 

0.001, Supplementary Table 2.5). Faecalibacterium prausnitzii was depleted in subjects 

with MF when compared to those with PV and ET (ANCOM2 p < 0.05, Figure 2.3B). 

Microbes correlated with F. prausnitzii abundance included Ruminococcus torques, 

Coprococcus catus, Agathobaculum butyriciproducens, Ruminococcus gnavus, Clostridium 

bolteae, and Blautia sp. CAG-257 (Figure 2.3C). 

Within our functional metagenomes, we detected a significant reduction in the 

number of unique microbial genes within MF subjects when compared to PV (LME p-value 

= 0.016, Supplementary Figure 2.3A), but not ET (Linear mixed-effects p-value = 0.244, 

Supplementary Figure 2.3A). There was no significant difference in the gene evenness 

among MPN subtypes (Supplementary Figure 2.3B). NMDS ordination demonstrated that 

the functional metagenome compositions of MF samples tended to be more disparate from 

each other when compared to PV (LME p-value = 0.34) and ET (LME p-value = 0.19, 

Supplementary Figure 2.3C-D). Additionally, MPN subtype significantly explained about 

6.7% of the variance observed in functional metagenome composition (PERMANOVA p-

value = 0.001, Supplementary Table 2.6), while the individual of origin was associated with 

about 54% of the variance (PERMANOVA p-value = 0.001, Supplementary Table 2.6). 

Differential abundance analysis produced no significantly different genes between MPN 

subtypes after FDR correction. 

Cytokine levels are correlated with microbiome diversity and composition: 
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  After our subsequent analysis of MPN subtypes and their gut microbiomes, we next 

asked if the microbiome was associated with the levels of ten cytokines. Comparison of 

cytokine concentrations between MPN subtypes revealed a significant increase of TNFα 

and IL-12p70 in subjects with MF when compared to ET (Tukey’s test; TNFα p-adj < 0.001 

and IL-12p70 p-adj = 0.016) and PV (Tukey’s test; TNFα p-adj = 0.002 and IL-12p70 p-adj = 

0.022, Figure 2.4A). IL-6, IL-8, and IL-10 concentrations were elevated in subjects with MF 

but were not statistically significant (Figure 2.4A). Correlation of cytokines with microbial 

richness resulted in a negative correlation with TNFα (Spearman’s ρ = -0.50, p-adj = 0.07, 

Figure 2.4B) and IL-12p70 (Spearman’s ρ = -0.45, p-adj = 0.15, Figure 2.4C). 

Next, we correlated cytokines with microbial abundances at the genus level, 

resulting in 34 significant correlations (Figure 2.4D). Notable correlations included 

associations with TNFα vs. Flavonfractor (Spearman’s ρ = 0.39, p = 0.038), IL-12p70 vs. 

Roseburia (Spearman’s ρ = -0.55, p = 0.002), and IL-8 vs. Eubacterium (Spearman’s ρ = -

0.41, p = 0.032, Supplementary Figure 2.4). Similarly, we compared cytokines with 

functional pathway abundances, producing 162 significant correlations (Supplementary 

Figure 2.5). Notable correlations included TNFα vs. 4-deoxy-L-threo-hex-4-

enopyranuronate degradation (Spearman’s ρ = -0.42, p = 0.038), TNFα vs. β-(1,4)-mannan 

degradation (Spearman’s ρ = -0.48, p = 0.019), and IL-12p70 vs. GDP-mannose biosynthesis 

(Spearman’s ρ = -0.59, p = 0.003, Supplementary Figure 2.6). 

DISCUSSION 

Our goal with this manuscript was to 1) assess whether a MED diet altered the gut 

microbiome of subjects with MPN and 2) to investigate the association between the gut 

microbiome and cytokines. In a separate manuscript (Mendez Luque, in preparation), we 
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describe the feasibility of a MED diet intervention in the MPN subject population, changes 

in macronutrients associated with the dietary intervention, and the interaction between 

diet adherence, symptom burden, and cytokine concentrations. Here, we found no 

significant changes in microbial diversity or composition associated with a MED diet 

intervention over a 10-week active dietary intervention period. Instead, we found the MPN 

subtype played a greater role in determining microbiome diversity and composition. 

Individuals with ET and PV had more similar microbial compositions, while those with MF 

were more disparate. Furthermore, a reduction of microbial diversity correlated with 

elevated TNFα and IL-12p70 concentrations in subjects with MF. These differences in 

cytokine concentrations were associated with the abundance of microbial genera and 

metabolic pathways, further establishing a role for the gut microbiome in inflammation and 

MPN. 

 With respect to diet-mediated changes in the microbiome, there are multiple 

explanations as to why the microbiomes of individuals remained stable throughout the 

dietary intervention. The first is intervention duration. Long term adherence to a 

Mediterranean diet has been demonstrated to reduce the incidence of cardiovascular 

disease, Alzheimer’s disease, colorectal cancer, diabetes, and obesity, but it remains unclear 

how long individuals must adhere to the diet to manifest its benefits. 8,9 Studies performing 

MED diet interventions have ranged from 6 weeks to 7 years. 12-15,18-26 Of studies examining 

gut microbiome composition, the 6-week MED diet intervention performed by Marlow et al 

yielded no significant differences in gut microbiome composition or CRP levels in subjects 

with Crohn’s disease. 26 Comparatively, Nagpal et al conducted a MED diet intervention in a 

non-human primate model over the course of 2.5 years, where a significant difference was 
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observed between macaques who consumed a Western diet versus a MED diet. 14 Although 

diet has been shown to rapidly alter the composition of the microbiome, our study and 

others suggest that longer dietary interventions are needed to detect changes in gut 

microbiome composition, especially with small sample sizes. 27 

 Another consideration in the successful manipulation of gut microbiomes with diet 

is presence of specific microbial taxa, functions, or enterotypes. Stratification of 

microbiomes into enterotypes has revealed enterotype-specific predictors to dietary 

intervention response. 28 Klimenko et al. found that the strongest predictor of whether an 

individual would respond to a dietary intervention was the average number of genes per 

microbe. 28 A negative correlation between the average number of genes per microbe and 

alpha diversity was also found, suggesting that more diverse communities are formed by 

specialist microbes with fewer genes. 28 The microbiomes associated with industrialized 

countries, like the United States, often have reduced diversity and a higher abundance of 

Bacteroides when compared to non-industrialized countries. 29 Many Bacteroides are 

generalists, meaning they contain more genes and wider metabolic potentials than 

specialist taxa. 30 The predominance of generalist taxa has been known to contribute to 

microbiome stability. 31 Therefore, it is plausible that the microbiomes of industrialized 

individuals have evolved to resist perturbations, such as those caused by antibiotic usage 

or short-term diet changes. In one study, individuals with a higher ratio of Prevotella to 

Bacteroides lost more weight than those with a lower Prevotella to Bacteroides ratio while 

consuming a New Nordic Diet, suggesting that a higher abundance of generalists is 

associated with intervention outcome too. 32 Our samples contained a significant 

proportion of Bacteroides, so it is possible that the microbiomes of these individuals were 
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resistant to short-term dietary changes as reflected by the non-significant changes in 

diversity, composition, and function over time. 

 One final factor which could affect the stability of microbiomes is the strength of the 

dietary intervention. Due to differences in agriculture and food processing, a MED diet in 

United States is likely different than a MED diet in the Mediterranean. This can affect the 

number of antibiotic and prebiotic compounds found in each diet. One prebiotic component 

of the MED diet that can influence gut microbiome composition is extra virgin olive oil 

(EVOO). EVOO is rich in polyphenols and oleic acid, which have been demonstrated to have 

anti-oxidative and anti-inflammatory properties. 33,34 Over 90% of polyphenols are 

digested and metabolized in the colon by the gut microbiota. 35 Dietary supplementation of 

EVOO in humans has been shown to promote the growth of beneficial microbes like 

Bifidobacterium and lactic acid producing bacteria. 33,36 In rodent models, consumption of 

EVOO results in an increased abundance of Bifidobacterium, Lactobacillus, and Clostridium. 

37,38 

The MED diet is also typically higher in dietary fiber when compared to a typical 

USDA diet. Dietary fiber is fermented by the gut microbiota to produce short-chain fatty 

acids, like acetate, propionate, and butyrate. Butyrate is critical for gut health, as it the 

primary source of energy for colonocytes and reduces inflammation by stimulating the 

production of T-regulatory cells and IL-10 producing cells. 39 In this study, we did not find 

any differences in the amount of butyrate-producing bacteria between diets. Instead, we 

saw a reduction of the butyrate-producing microbe, F. prausnitzii, in subjects with MF. We 

also noted significant positive correlations between F. prausnitzii, Agathobaculum 

butyriciproducens, and Coprococcus catus abundances. A. butyriciproducens is another 
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butyrate-producing microbe, while C. catus produces butyrate and propionate. 40 We also 

observed broader, community wide differences between subjects with ET, PV, and MF. 

Notably, the microbiome composition of MF subjects was more dissimilar to each other 

when compared to ET and PV. Our previous work comparing the gut microbiome 

composition of healthy and MPN subjects similarly showed that individuals with MF had 

increased beta dispersion when compared to ET and PV. 17 These results describe a 

phenomenon known as the ‘Anna Karenina principal’ for animal microbiomes, which states 

that stressors affect microbiomes in unpredictable ways, leading to increased community 

beta-dispersion. 41,42 

One likely stressor resulting in higher MF beta-dispersion is the increased 

concentration of pro-inflammatory cytokines. Inflammation has been known negatively 

affect the gut microbiome. Supporting this notion, we found that TNFα and IL-12p70 were 

significantly increased in MF subjects, which negatively correlated with species richness 

overall. We found IL-12p70 negatively correlated with the genus, Roseburia, which are 

butyrate producing microorganisms known to alleviate inflammation by promoting T-

regulatory cell differentiation. 43,44 We also observed a significant negative correlation with 

Eubacterium and the pro-inflammatory cytokine, IL-8. Eubacterium also produce butyrate 

and have been shown to lessen inflammation by promoting IL-10 production. 43,45 TNFα 

and the 4-deoxy-L-threo-hex-4-enopyranuronate degradation pathway negatively 

correlated as well. This pathway plays a role in the degradation of uronic acids, such as 

apple pectin. β-(1,4)-mannan is another compound found in plant cell walls and the 

pathway for its degradation was found to be negatively correlated with TNFα.  
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Taken together, it is possible that the increased inflammation observed in 

individuals with MPN, particularly MF, is exacerbated by the lack of sufficient short-chain 

fatty acid production. The MED diet has been previously shown to promote the growth of F. 

prausnitzii specifically, therefore, future experiments could attempt restore microbial 

short-chain fatty acid production to reduce inflammation. When designing dietary 

interventions, however, special attention should be given to the intervention duration and 

the ability for existing gut microbes to use and respond to prebiotic compounds. This may 

ensure that the desired outcomes are achieved, allowing us to manipulate the gut 

microbiome to promote health and ameliorate disease. 

METHODS 

Recruitment of subjects: 

 Patients were recruited between October 2018 and September 2019. Participants 

were included if they were over the age of 18 with a previous diagnosis of a Philadelphia 

chromosome negative MPN (including PV, ET, MF), had an ECOG score of 2 or less, a life 

expectancy of greater than 20 weeks, had internet access with an email address, and could 

read and understand English. Any type of previous or current therapy was also allowed. 

Participants were excluded if they were pregnant or planning on becoming pregnant, lost 

more than 10 pounds or 10% of their body weight in the last 6 months, or were allergic to 

nuts and olive oil. Forty-seven participants were screened. Five did not meet the inclusion 

criteria, and an additional 11 subjects were excluded due to incomplete survey data during 

the observation period. Thirty-one subjects were randomly assigned to a diet, but 2 

withdrew participation and one failed to provide sufficient survey data. This final number 
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of study participants was 28, with 15 belonging to the MED cohort and 13 belonging to the 

USDA cohort. 

Collection of dietary intervention feasibility, adherence, and symptom burden data: 

 During the first week of the intervention period, each participant met individually 

with a dietician to learn about the central components of their assigned diet. In addition, 

there were follow-up dietician visits during weeks 5 and 7. Participants were emailed 

educational materials on their respective diet weekly during the 10-week active 

intervention period. Furthermore, participants in the MED cohort were given 750 mL of 

extra virgin olive oil and those in the USDA cohort were given a $10 USD grocery gift card 

at weeks 3 and 6. Throughout the study duration, participants were required to fill out 4 

unannounced surveys given during weeks 1, 2, 3, 6, 9, 12, and 15. The first survey 

measured dietary intervention feasibility and asked, “how easy is it for you to follow this 

diet, with 1 being very easy to follow and 10 being very difficult to follow?” The second 

survey measured MED diet adherence. For this, the established 14-item Mediterranean diet 

adherence score (MEDAS) was used. 46 Adherence to a MED diet was defined as a “high” for 

the week if a score of >8/14 was obtained. Next, we asked subjects to complete 24-hour 

food recalls by using the Automated Self-Administered 24-hour Dietary Assessment Tool 

(ASA24). Lastly, symptom burden was assessed via the MPN symptom assessment form 

(MPN-SAF), which grades the 10 most clinically relevant MPN symptoms. 47 Surveys were 

administered through email. 

Blood collection and cytokine measurements: 

 Peripheral blood was drawn on weeks 1, 3, 6, and 15 in tubes containing 

ethylenediaminetetraacetic acid (EDTA). Plasma was obtained by centrifuging 3-4 ml of 



 

101 
 

blood for 10 minutes at 2500 rpm, aliquoted, and was stored at -80°C. Frozen plasma was 

sent to Quanterix in Billerica, MA for analysis. A Human CorPlex 10 Cytokine Array kit #85-

0329 (IL-12p70, IL-1B, IL-4, IL-5, IFNɣ, IL-6, IL-8, IL-22, TNFα, and IL-10) was used 

according to manufacturer’s protocol and analyzed using A Quanterix SPX imager system 

on-site at Quanterix Headquarters in Billerica, MA. 

Fecal sample collection: 

To perform gut microbiome analysis, four stool samples were requested from each 

participant over the course of the 15-week trial. The samples were collected by the 

participants themselves using Zymo RNA/DNA shield fecal collection tubes (Cat. #R1101) 

during weeks 1, 6, 9, and 15. Samples were returned in person or by mail. In total, 103 

samples were collected. Samples were stored at -80°C once returned. 

DNA extraction:  

Fecal samples stored in DNA/RNA shield were thawed on ice, vortexed to 

homogenize, then 1000 uL of fecal slurry was extracted using ZymoBiomics DNA Miniprep 

Kit (Cat. #D4300) according to the manufacturer's protocol. Bead lysis during the 

extraction was performed at 6.5 m/s for 5 minutes total (MPBio FastPrep-24). 

Shotgun library preparation and sequencing:  

Libraries for shotgun sequencing were prepared using the Illumina DNA prep kit 

(Cat. # 20018705), using an adapted low-volume protocol. 48 In summary, we reduced the 

amount of DNA used per sample to a maximum of 5 uL or 50 ng (whichever was reached 

first). Tagmentation was performed according the manufacturer’s protocol, but volumes 

were reduced to 1 uL of bead-linked transposome and tagmentation buffer each. Next, 1.25 

uL of 1 uM i5 and i7 indices were added to each sample each and annealed via polymerase 
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chain reaction using 10 uL of KAPA HiFi HotStart ReadyMix (Cat. # 7958935001). 

Afterwards, libraries were combined, size-selected, and cleaned using 56 and 14.4 uL of 

sample purification beads according to the low-volume protocol. Positive and negative 

sequencing controls were included during the library preparation using the ZymoBIOMICS 

Microbial Community DNA Standard (Cat. #D6305) and purified water, respectively. The 

quality of libraries was assessed with Quanti-iT PicoGreen dsDNA (Cat. #P7589) for 

quantity and Agilent Bioanalyzer High Sensitivity DNA Analysis (Cat. #5067-4626) for 

fragment size. Libraries were shipped overnight on dry ice to Novogene Corporation Inc. 

(Sacramento, CA) to be sequenced using Illumina’s Hiseq 4000. An average of 2,819,107 +/- 

670,543 (σ) paired-end reads per sample, 150 base-pairs long, were obtained. 

OTU table generation:  

Raw data was first cleaned to remove sequencing adapters and artifacts using the 

BBMap v38.79 script ‘bbduk.sh’ with the flag ‘ref=adapters,artifacts’. 49 BBMap’s 

‘demuxbyname.sh’ was used to demultiplex sequences using the default parameters. 

Quality filtering of sequences was performed using PRINSEQ++ v1.2 with the following 

parameters: -trim_left 5 -trim_right 5 -min_len 100 -trim_qual_right 28 -min_qual_mean 25. 

50 Quality checking was done with FastQC v0.11.8 on default parameters. This resulted a 

mean and standard deviation of 2,731,886 +/- 648,042 paired-end reads, respectively. 

Human-derived reads were removed using BowTie2 v2.4.5 using the default parameters 

and hg38 as the reference genome, which produced an average of 2,498,159 +/- 960,477 

(σ) reads per sample. 51 Taxonomic assignment of the resulting sequences was assigned 

using MetaPhlAn v3.0.14 with default parameters and the CHOCOPhlAn v2019.01 database. 

52 
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Microbiome functional potential data generation: 

 Individual gene annotations were produced by first cross-assembling reads into 

contiguous sequences using MEGAHIT v1.1.1 with a minimum length of 2,500 base pairs 

and the flag ‘--k-list 31,41,51,61,71,81,91,101,111’. 53 Afterwards, open reading frame were 

assigned with Prodigal v2.6.3 and then annotated with eggNOG mapper v2.0 using the 

eggNOG v5.0 database. 54,55 Next, BowTie2 v2.4.5 was used to align samples to the 

annotated genes to obtain a table of per sample counts for each gene. Lastly, per sample 

gene counts were normalized to reads per kilobase per genome equivalent using 

MicrobeCensus v1.1.1 on default parameters. 56 For functional annotation of metabolic 

pathways, we ran our quality-filtered, unassembled reads through HUMAnN v3.0.1 using 

the default parameters and the UniRef90 v201901b database. 52 The 

‘humann_renorm_table’ and ‘humann_join_tables’ scripts were used to create a pathway 

abundance table of normalized counts in copies per million. 

Data analysis:  

 Data analysis of OTUs, genes, and pathways was performed in R v4.2.1. The first step 

was removing microbes or genes which contaminated our sequencing controls from all 

samples. The Vegan v2.6-2 package was used to calculate the following metrics: richness 

with the ‘specnumber’ function, evenness with the formula ‘diversity(x, index = “Shannon”) 

/ log10(specnumber(x))’, Bray-Curtis beta diversity with the ‘vegdist’ function, 

PERMANOVA with the ‘adonis2’ function, NMDS with the ‘metaMDS’ function, and beta-

dispersion with the ‘betadisper’ function. Please see Supplementary Tables 1 – 6 for 

PERMANOVA formulas and parameters. Significance testing of richness, evenness, and beta 

dispersion was performed using linear-mixed effect models with the nlme v3.1-159 
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package (Pinheiro 2020). Significance testing of cytokine concentrations was done using an 

ANOVA and Tukey’s post-hoc test with the ‘aov’ and ‘TukeyHSD’ functions. Spearman 

correlations were obtained using the ‘cor.test’ and ‘rcorr’ functions. Differential abundance 

of OTUs was determined with ANCOM v2.1 with the parameters: rand_formula = "~ 1 | 

Subject", p_adj_method = "none", alpha = 0.05. We were unable to perform ANCOM for gene 

and pathway abundances, therefore, we averaged abundances within each subject to 

eliminate repeated measurements and performed a Kruskal-Wallis test. When appropriate, 

multiple comparisons were corrected for using the ‘p.adjust(x, method = “fdr”)’ function. 

All code, scripts, and parameters for data processing and analysis can be found at 

https://github.com/Javelarb/MPN_diet_intervention. 

  

https://github.com/Javelarb/MPN_diet_intervention
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TABLES AND FIGURES 

Subject Diet MPN Mutation Age Sex 
2 USDA PV JAK2 71 M 
3 USDA MF MPL 63 F 
5 USDA MF JAK2 63 F 
7 USDA PV JAK2 44 F 
9 USDA ET JAK2 57 M 
10 USDA PV JAK2 21 F 
12 USDA PV JAK2 77 M 
14 MED PV JAK2 34 F 
15 MED PV JAK2 68 F 
16 MED ET JAK2 70 F 
17 MED PV JAK2 58 F 
18 MED PV JAK2 66 M 
19 USDA ET JAK2 61 F 
20 MED ET CALR 71 M 
21 MED MF CALR 25 F 
22 MED MF JAK2 71 F 
23 MED PV JAK2 54 F 
24 MED MF JAK2 67 F 
25 MED PV JAK2 59 F 
26 MED MF JAK2 53 M 
28 MED PV JAK2 40 M 
29 MED ET JAK2 70 F 
30 MED PV JAK2 50 M 
31 USDA ET JAK2 66 F 
32 USDA PV JAK2 67 F 
33 USDA PV JAK2 57 F 
34 USDA MF JAK2 51 F 
35 USDA MF JAK2 58 F 

Table 2.1: Subject characteristics. A table detailing each subject’s assigned diet, MPN 

subtype, mutation, age, and sex.  
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Figure 2.1: Study design. A total of 28 individuals with myeloproliferative neoplasms 

(MPN) were enrolled in the study. Participants were randomly assigned to dietary 

counseling following either a Mediterranean diet (MED, n = 15) or a conventional American 

diet (USDA, n = 13). The study was 15 weeks long, and had a 2-week observation period, a 

10-week intervention period, and a 3-week follow-up period. Blood and stool samples were 

collected at weeks 1, 6, 9, and 15. At weeks 3, 5, and 7, participants met with a dietician and 

were informed about the core components of each diet and how to follow it. On weeks 1, 2, 

3, 6, 9, 11, and 15, subjects were asked for fill out 24-hour dietary recalls (ASA24), MED 

adherence and feasibility questionnaires, and an MPN symptom burden assessment (MPN-

SAF).  
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Figure 2.2: Gut microbiome diversity and composition is stable during Mediterranean 

diet intervention. A) Microbial richness and B) evenness estimates of fecal samples 

collected at weeks 1, 6, 9, and 15. The shaded background indicates the active dietary 

intervention period for both diet groups. The mean richness or evenness for each group is 

represented with a colored line, with the error bars reflecting the standard error. Each 

point is labeled centrally with the individual of origin. C) Non-metric multidimensional 

scaling of Bray-Curtis dissimilarities produced from compositional microbiome data. Points 

are colored by diet and shaped by MPN subtype. A 95% confidence interval was drawn 

around each MPN subtype (Blue = ET, Yellow = MF, and Red = PV). Dashed lines connect 

samples taken from the same individual, and the week of collection is labeled centrally 
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within each point. D) A taxa bar plot of the top ten most abundant microbial families across 

individuals, time, diet, and MPN subtypes.  
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Figure 2.3: Individuals with myelofibrosis have reduced microbial diversity and altered 

composition. A) A box plot showing the beta-dispersion of each MPN subtype calculated 

from taxonomic Bray-Curtis dissimilarities. B) The relative abundance of Faecalibacterium 

prausnitzii across MPN subtypes. For A) and B) the number of samples per subtype is 

labeled parenthetically and the center line within each box defines the median. Boxes 

define the upper and lower quartiles and whiskers define 1.5x the interquartile range. C) A 
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bar plot showing the spearman correlation coefficients of microbes significantly correlated 

with F. prausnitzii abundance. P-values for each correlation are labeled within each bar. 
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Figure 2.4: Cytokine levels are correlated with microbiome diversity and composition. 

A) Box plots displaying the concentration of cytokines measured in pg/mL across MPN 

subtypes. The center line within each box defines the median, boxes define the upper and 

lower quartiles, and whiskers define 1.5x the interquartile range. B-C) Scatter plots of 

TNFα (B) and IL-12p70 (C) concentrations in pg/mL correlated with species richness 

estimates. Points are labeled by the individual of origin and colored by MPN subtypes. A 

line represents the mean, and the shaded area delineates the 95% confidence interval. D) A 

heat map of microbial genera significantly correlated with cytokine concentrations. 

Asterisks denote significant correlations (p < 0.05). 
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Supplementary Figures: 

 

Supplementary Figure 2.1: A) Gene richness and B) evenness estimates of fecal samples 

collected at weeks 1, 6, 9, and 15. The shaded background indicates the active dietary 

intervention period for both diet groups. The mean richness or evenness for each group is 

represented with a colored line, with the error bars reflecting the standard error. Each 

point is labeled centrally with the individual of origin.   
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Supplementary Figure 2.2: A and B) Box plots showing microbial richness and evenness 

estimates across MPN subtypes. The number of samples per subtype is labeled 

parenthetically and the center line within each box defines the median. Boxes define the 

upper and lower quartiles and whiskers define 1.5x the interquartile range. C) Non-metric 

multidimensional scaling of Bray-Curtis dissimilarities produced from compositional 

microbiome data. Points are labeled by individual and colored by MPN subtype. A 95% 

confidence interval was drawn around each MPN subtype.  
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Supplementary Figure 2.3: A and B) Richness and evenness box plots of microbial genes. 

C) A box plot showing the beta dispersion of each MPN subtype calculated from gene Bray-

Curtis dissimilarities. For A-C the number of samples per MPN subtype is labeled 

parenthetically and the center line within each box defines the median. Boxes define the 

upper and lower quartiles and whiskers define 1.5x the interquartile range. D) Non-metric 

multidimensional scaling of Bray-Curtis dissimilarities produced from compositional gene 
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data. Points are labeled by individual and colored by MPN subtype. A 95% confidence 

interval was drawn around each MPN subtype.  
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Supplementary Figure 2.4: Scatter plots of spearman correlations between the relative 

abundance of microbial genera and cytokine concentrations (pg/mL). Only significant 

correlations are shown (p-value < 0.05). The correlation coefficient is embedded in the 
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right of each graph. Points are labeled by the individual of origin and colored by MPN 

subtypes. A line represents the mean, and the shaded area delineates the 95% confidence 

interval.  
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Supplementary Figure 2.5: A heat map of metabolic pathways significantly correlated 

with cytokine concentrations. Asterisks denote significant correlations (p < 0.05). 
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Supplementary Figure 2.6: Scatter plots of spearman correlations between the abundance 

of metabolic pathways (counts per million) and cytokine concentrations (pg/mL). Only 

significant correlations are shown (p-value < 0.05). The correlation coefficient is embedded 

in the right of each graph. Points are labeled by the individual of origin and colored by MPN 

subtypes. A line represents the mean, and the shaded area delineates the 95% confidence 

interval.  
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Supplementary Tables 
 

Df SumOfSqs R2 F Pr(>F) 

Diet 1 0.410168 0.057337 1.459795 0.046 

Residual 24 6.743428 0.942663 NA NA 

Total 25 7.153596 1 NA NA 

PERMANOVA formula: OTU_table[week1,] ~ Diet 

Supplementary Table 2.1: A table of results produced by PERMANOVA using only samples 

from week 1, demonstrating significant differences in the microbiome between diet groups 

pre-intervention.  
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Df SumOfSqs R2 F Pr(>F) 

Week 3 0.199089 0.007196 0.231956 0.764 

Residual 96 27.46576 0.992804 NA NA 

Total 99 27.66485 1 NA NA 

PERMANOVA formula: OTU_table ~ Week, strata = Subject 

Supplementary Table 2.2: A table of results produced by PERMANOVA, which tested 

whether samples across all four time points (Weeks 1, 6, 9, and 15) significantly differed in 

microbial composition within each individual. 
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ET Df SumOfSqs R2 F Pr(>F) 

Week 3 0.240761 0.045829 0.288184 0.631 

Residual 18 5.012647 0.954171 NA NA 

Total 21 5.253408 1 NA NA 
      

MF Df SumOfSqs R2 F Pr(>F) 

Week 3 0.210731 0.026236 0.197581 0.603 

Residual 22 7.8214 0.973764 NA NA 

Total 25 8.032131 1 NA NA 
      

PV Df SumOfSqs R2 F Pr(>F) 

Week 3 0.197215 0.01567 0.254711 0.769 

Residual 48 12.38828 0.98433 NA NA 

Total 51 12.58549 1 NA NA 

PERMANOVA formula: OTU_table[ET/MF/PV,] ~ Week, strata = Subject 

Supplementary Table 2.3: A table of results produced by PERMANOVA, which tested 

whether samples across all four time points (Weeks 1, 6, 9, and 15) significantly differed in 

microbial composition within each individual one MPN subtype at a time. 
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Df SumOfSqs R2 F Pr(>F) 

Week 3 0.303795 0.009031 0.291641 0.793 

Residual 96 33.33357 0.990969 NA NA 

Total 99 33.63736 1 NA NA 

PERMANOVA formula: Gene_table ~ Week, strata = Subject 

Supplementary Table 2.4: A table of results produced by PERMANOVA, which tested 

whether samples across all four time points (Weeks 1, 6, 9, and 15) significantly differed in 

microbial gene composition within each individual. 
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Df SumOfSqs R2 F Pr(>F) 

dna_extraction 3 4.066052 0.146975 23.30149 0.001 

library_prep 1 0.789917 0.028553 13.58044 0.001 

Age 1 0.929177 0.033587 15.97461 0.001 

Sex 1 0.91958 0.03324 15.80963 0.001 

Diet 1 0.336291 0.012156 5.781588 0.001 

MPN 2 1.687195 0.060987 14.50332 0.001 

MPN:Subject 20 14.86503 0.537325 12.77814 0.001 

Residual 70 4.071609 0.147176 NA NA 

Total 99 27.66485 1 NA NA 

PERMANOVA formula: OTU_table ~ dna_extraction + library_prep + Age + Sex + Diet + MPN 

/ Subject, strata = Week 

Supplementary Table 2.5: A table of results produced by PERMANOVA, investigating the 

association of all available factors with microbial composition. Only time points from the 

same week were compared with each other, and subjects nested within an MPN subtype.  
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Df SumOfSqs R2 F Pr(>F) 

dna_extraction 3 4.188348 0.124515 16.54748 0.001 

library_prep 1 0.953413 0.028344 11.30034 0.001 

Age 1 1.093623 0.032512 12.96218 0.001 

Sex 1 1.064363 0.031642 12.61537 0.001 

MPN 2 2.268921 0.067452 13.44621 0.001 

MPN:Subject 21 18.16277 0.539958 10.25116 0.001 

Residual 70 5.905922 0.175576 NA NA 

Total 99 33.63736 1 NA NA 

PERMANOVA formula: Gene_table ~ dna_extraction + library_prep + Age + Sex + Diet + 

MPN / Subject, strata = Week 

Supplementary Table 2.6: A table of results produced by PERMANOVA, investigating the 

association of all available factors with microbial gene composition. Only time points from 

the same week were compared with each other, and subjects nested within an MPN 

subtype. 
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CHAPTER 3 

Breaking it down: In vitro cultivation of human gut samples with dietary fiber 

Authors: Julio Avelar-Barragan, Zachary Pashkutz, Carlos Ferrer Inguito, Roaa Saadeh, 

Soumaya El Halas, Katrine Whiteson 

ABSTRACT 

 The gut microbiome has become increasingly recognized as an important modulator 

of human health. As such, there is a growing interest in developing strategies to manipulate 

the gut microbiome to promote health and prevent disease. One potential method which 

can be used is dietary fiber supplementation. Fiber resists host digestion and is instead 

fermented by gut microbes to produce beneficial metabolites, like short-chain fatty acids 

(SCFAs). However, not all fibers are created equal. Different fibers contain unique 

monosaccharides and oligosaccharide branching patterns. Therefore, only specific 

microbes can ferment specific fibers. Currently, it is unclear how specific fibers are utilized 

by the gut microbiota. Here, we investigated how three common dietary fibers, inulin, 

pectin, and psyllium, were fermented by the fecal microbiota of 15 healthy subjects from 

the U.S. and 15 healthy subjects from Morocco. Fermentation was assessed in vitro using 

fecal community cultures grown anaerobically at 37 °C. We performed shotgun 

metagenomic sequencing on cultures at 0h and 24h to characterize the gut microbiome in 

the presence and absence of fiber. Cultures became dominated by a subset of microbes 

over time, as illustrated by decreases in alpha-diversity from 0h to 24h. Microbial 

composition was significantly dependent on the country, subject of origin, and fiber 

treatment. Pectin and psyllium were able to significantly enrich for microbes, but not 
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inulin. Together, this research seeks to advance the use of dietary fiber as a tool for 

microbiome manipulation. 

INTRODUCTION 

Many gut microbes and their metabolites have been associated with health and 

disease; therefore, manipulation of the gut microbiome is a potential strategy for 

promoting health. One method to alter the gut microbiome is by performing high fiber 

dietary interventions, as diet is important in shaping the diversity and composition of 

microbes in the gut. Fiber is defined as edible carbohydrate polymers with three or more 

monomeric units that are resistant to the endogenous digestive enzymes. It is fermented by 

gut microbes to produce short-chain fatty acids (SCFAs) and other beneficial metabolites. 1 

High dietary fiber consumption correlates with a reduced risk of developing type II 

diabetes, cardiovascular disease, obesity, and various gastrointestinal diseases, like 

colorectal cancer. 2 Diseases associated with low fiber consumption are more common in 

industrialized countries and correlates with differences in gut microbiome composition 

when compared to non-industrialized countries. 3  

Previous studies conducting high dietary fiber interventions have shown mixed 

results, with some reporting beneficial health outcomes and others reporting no changes in 

the gut microbiome. 4 It is not known how specific fibers are utilized by gut microbes, and 

how their fermentation produces health benefits. There are several characteristics which 

have been postulated to affect the gut microbiome’s ability to utilize dietary fiber. One is 

the physiochemical complexity of fiber. 5 The enzymes which are used to digest fiber are 

specific to the type of polysaccharides, linkage types, and branching patterns. For example, 
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type II rhamnogalacturonans, which are found in pectin, are complex fibers with 21 types 

of distinct glycosidic linkages. 6 Ndeh, et al. demonstrated that of 29 Bacteroidetes species 

tested, only Bacteroides thetaiotaomicron utilized this fiber. 7 On the other hand, 

fructooligosaccharides, which are structurally simple, can be processed by many 

Firmicutes, Bifidobacterium, and Bacteroides species. 8 Although these studies support the 

hypothesis that more complex fibers are utilized by fewer microbes; more studies are 

needed to test a greater diversity of fibers and community compositions.  

Other factors which affect a microbiome’s ability to ferment fiber is the frequency of 

exposure to fiber and the diversity of microbes present. 6 If a specific fiber is rarely 

consumed, it is likely that few microbes will be able to digest it, as it is not evolutionarily 

beneficial to maintain genes which confer a fitness cost but provide little benefit. To date, 

dietary fiber intervention studies have provided some insight into the dynamics between 

the microbiota and fiber, but more studies are needed to isolate the effects of fiber without 

host influence. 

To further understand how the gut microbiota utilizes fiber, we cultured the fecal 

microbial communities of 15 healthy individuals from the U.S. and 15 Moroccan individuals 

supplemented with and without various dietary fibers. Fibers used included inulin, pectin, 

and psyllium husks due to their ubiquity in food and varying degrees of resistance to 

microbial fermentation. Inulin is a fructose polymer held together by β-(2,1) linkages and it 

present in common foods like bananas, onion, wheat, and artichokes. 9 Pectin consists of 

complex homogalacturonans and type I and II rhamnogalacturonans, and it is common in 

citrus peels, apples, and apricots. 6 Psyllium husk is rich in arabinoxylan, which is a 
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hemicellulose consisting of β-(1,4) xylose residues with arabinose substitutions and is 

present in fiber supplements. 10 With this research, we aim to answer the following 

questions: 1) Can fiber be used to selectively enrich for microbes? 2) If so, is the direction 

of taxonomic or carbohydrate active enzyme enrichment specific to each fiber and its 

structural complexity? 3) Lastly, does the variation between cohorts impact the 

microbiome’s response to fiber? An important future direction we aim to include when we 

publish this work are measures of pH and SCFAs. 

RESULTS 

Study design 

 For this study, we recruited 30 individuals, 15 from the U.S. and 15 from Morocco. 

Each provided a fecal sample which was then used for culturing. There were four 

treatments, including cultures without fiber and those with either inulin, pectin, or 

psyllium. To mimic the transit time of fiber in the large intestine, we allowed our cultures 

to ferment for 24 hours anaerobically at 37 °C in BHI media. Samples were collected before 

culturing and after 24 hours. Afterwards, samples were subjected to shotgun metagenomic 

sequencing and gas-chromatography mass spectrometry (Figure 3.1). Sequences were 

assembled and microbes were defined as metagenome assembled genomes (MAG). 

Country, time, and fiber treatment are all significantly associated with microbial and 

enzymatic diversity and composition 

 We hypothesized that the culturing would select for microbes which are able to 

grow rapidly using the given carbon source. After 24 hours of fermentation, assessment of 

microbial taxonomy suggested that U.S. samples often became dominated by 
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Bifidobacterium, while Moroccan samples often became dominated with Clostridium and 

Paraclostridium (Figure 3.2). This was illustrated by a decrease in microbial and 

carbohydrate active enzyme (CAZyme) Shannon diversities at 24 hours (Figure 3.3A and 

3D). Among culture-free samples, linear mixed effects (LME) testing determined that the 

U.S. had a significantly higher microbial diversity than Morocco (LME p-value = 0.04). 

Within U.S. samples, inulin and pectin treated samples had decreased Shannon diversities 

compared to controls (Inulin LME p-value = 0.002, Pectin LME p-value = 0.055). In 

Moroccan samples, pectin treated ones had a marginally higher Shannon diversity when 

compared to controls (LME p-value = 0.071). CAZyme Shannon diversity was not 

significantly different between cohorts at time point 0. Within cohorts, only inulin treated 

U.S. samples had significantly higher CAZyme diversity compared to controls (LME p-value 

= 0.012). We also calculated the average microbial genome size per sample and discovered 

U.S. samples had significantly larger genomes when compared to Moroccan samples at 0h 

(LME p-value < 2.22 x 10-16, Supplementary Figure 3.1).  

Analysis of microbial composition was performed using non-metric 

multidimensional scaling (NMDS) and permutational multivariate analysis of variance 

(PERMANOVA). At T0, NMDS displayed separate clustering by cohort, which was 

significantly associated with ~15% of the variance associated with the microbiome 

(PERMANOVA p-value < 0.001, Figure 3.3B). The subject of origin was associated with 67% 

of the microbiome-associated variance at T0 (PERMANOVA p-value < 0.001). The 

individual and cohort variation of samples decreased to 46% and 11% at T24, respectively 

(PERMANOVA p-value < 0.001 for both). No immediate clustering based on fiber treatment 

was observed within the Moroccan cohort. U.S. samples were more disparate at 24 hours 
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(Figure 3.3C). Fiber treatment was significantly associated with 21% of the microbiome 

variance in both cohorts (PERMANOVA p-value < 0.001 for U.S. and PERMANOVA p-value < 

0.023 for Moroccan). 

We next examined CAZyme composition at T0 and found separation of samples by 

country using NMDS (Figure 3.3E). After 24 hours, samples remained loosely clustered by 

country (Figure 3.3F). PERMANOVA demonstrated that country of origin was significantly 

associated with 5.7% of the CAZyme variance at T0 (PERMANOVA p-value < 0.001). Most of 

the variation at T0 was due to the individual, with an R2 of 57% (PERMANOVA p-value < 

0.001). After fermenting for 24 hours, the country of origin remained at 5%, while the 

individual decreased to 22%. Meanwhile, fiber treatment explained 35% of observed 

variance in CAZyme composition at T24 (PERMANOVA p-value < 0.001 for all). 

Pectin and psyllium enrich for microbes, but inulin does not  

At time point 0, 131 microbes were significantly different between U.S. and 

Moroccan samples (Figure 3.4A). Of these, 68 were more abundant in the U.S., and 63 were 

more abundant in Morocco. The most significantly different microbe in the U.S. was 

Alistipes putredinis (q-value = 6.22 x 10-7) and Ligilactobacillus ruminis (q-value = 1.56 x 10-

7) in Moroccan samples. Of the 68 microbes more abundant in the U.S., 33 of these were 

Lachnospiraceae (Figure 3.4B). The 63 microbes more abundant in the Moroccan cohort 

were represented by Lachnospiraceae, Bifidobacteriaceae, Anaerovoracaceae, and others. 

Differential abundance analysis across all samples at 24 hours revealed 78 microbes 

that were significantly enriched in fiber treated samples when compared to controls 

(Figure 3.4C). Of those, 69 were enriched with pectin, and 9 were enriched with psyllium 
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husk. Stratification of samples by cohort, followed by differential abundance analysis, 

showed that 22 microbes were enriched by fiber in U.S. samples and 80 microbes were 

enriched by fiber in the Moroccan ones. Within the U.S. cohort, 12 of the significant 

different microbes were enriched by pectin, and 10 were enriched by psyllium husk. Within 

the Moroccan cohort, 79 of the significant different microbes were enriched by pectin, and 

1 was enriched by psyllium husk. The largest taxonomic group enriched by both fibers in 

both cohorts consisted of the Lachnospiraceae and Oscillospiraceae. The exception was 

pectin supplemented U.S. samples, whose most frequently enriched taxa was the 

Bifidobacteriaceae (Figure 3.4D). No microbes were enriched by inulin in both cohorts. 

Characterization of microbial Carbohydrate Active Enzymes 

 Next, we wanted to investigate the CAZymes within microbes. The microbe encoding 

the greatest number of unique CAZymes was Bacteroides intestinalis, with 335 unique 

CAZymes. Within the top ten, six of the microbes encoding the most unique CAZymes 

belonged to the genus Bacteroides (Supplementary Figure 3.2). The most common CAZyme 

families were glycoside hydrolases (GH), followed by glycosyl transferases (GT). Across 

specific CAZyme subfamilies, GT2, GH2, GT4, GH3, and GT51 were the most frequently 

encoded, in that order (Figure 3.5A). Within microbes which were significantly enriched by 

pectin, GT2, GH3, GH2, GT35, and GT51 were the most common CAZymes, while GT2, GH2, 

GH3, GT4, and GT51 were the most common in psyllium-enriched microbes (Figure 3.5B 

and 5C). Differential abundance testing of CAZymes did not resolve any significantly 

enriched features after correcting for multiple hypothesis testing. 



 

142 
 

 Since multiple Bifidobacterium and Blautia species were significantly enriched by 

fiber, we next explored their pangenomes to potentially identify CAZymes implicated in 

pectin or psyllium utilization. In the Bifidobacterium core genome, 5 CAZymes were found 

(Figure 3.6). The remaining CAZymes were found on the species-specific regions of the 

genome. Bifidobacterium animalis had an additional 11 CAZymes. Conversely, no CAZymes 

were found in the species-specific regions of the B. angulatum, B. bifidum, and B. 

catenulatum genomes. Within the Blautia core genome, we detected 14 CAZymes (Figure 

3.7). Blautia faecis had an additional 7 CAZymes in its species-specific region of the 

genome, while B. luti, B. sp000285855, B. sp003477525, B. sp000436615, and B. 

sp900548245 had no additional CAZymes. 

DISCUSSION 

 In this study, we used fecal samples from 15 U.S. and 15 Moroccan individuals for in 

vitro microbial community culturing, with and without dietary fiber, to investigate: 1) If 

fiber could be used to selectively enrich for microbes, 2) If the direction of taxonomic or 

carbohydrate active enzyme enrichment was specific to each fiber and its structural 

complexity, and 3) If the variation between cohorts impacted the microbiome’s response to 

fiber. We discovered significant differences in the initial microbiome diversity and 

composition of both cohorts. After 24-hours, cohorts continued to diverge in microbial 

composition both in the presence and absence of various fibers. The addition of fiber had a 

significant impact on microbial diversity and composition after fermentation. Specifically, 

pectin supplementation resulted in the greatest number of significantly enriched microbes 

overall when compared to no fiber controls. Psyllium husk supplementation resulted in the 
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second greatest number of enriched microbes, while inulin supplementation provided no 

enrichment. Moroccan microbes were more frequently enriched by pectin, but the most 

significant enrichments occurred with microbes found in U.S. samples. 

 Our data supports the hypothesis that fibers can be used to selectively enrich for 

microbes. Importantly, the number of significantly different microbes produced by pectin, 

psyllium, and inulin correlated with fiber structural complexity. It has been hypothesized 

that more structurally complex fibers enrich for more specific microorganisms because 

they need to encode all the required CAZymes for fermentation. 5 Pectin is one of the most 

complex plant polysaccharides, with three main types, and it produced the most 

enrichments with 69 microbial taxa. The first and most common pectin fibers are 

homogalacturonans, which are polymers of α (1,4)-linked d-galacturonic acids. 6 Next are 

type-I rhamnogalacturonans, which have an alpha linked d-galacturonic acid and l-

rhamnose backbone with arabinan, galactan, or arabinogalactan sidechains. 6 Lastly, there 

are type-II rhamnogalacturonans, which have a homogalacturonan backbone and 

sidechains with 13 different types of sugars and 21 different linkages. 6 Psyllium, by 

comparison, enriched 9 microbes. Psyllium is primarily made of arabinoxylan, which is a 

highly branched fiber containing both β (1,4) and β (1,3) glycosidic linkages in its xylan 

backbone. 10 Inulin is the least complex fiber in this study, consisting of mainly fructose 

monomers joined by β (2,1) linkages. 9 Inulin did not produce any significantly enriched 

microbes. 

Prior studies performing pectin enrichments have seen increases in the abundance 

of Bacteroides, Firmicutes, Bifidobacterium, Lachnospiraceae, and Oscillospiraceae. 7, 14-16 To 
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date, the only known pectin degrading microorganisms belong largely to the Bacteroides 

and Firmicutes species, as only they encode the complete repertoire of necessary CAZymes. 

6 These CAZymes include GH28, GH78, GH105, GH106, CE8, CE12, PL1, PL9, PL10, PL11, 

and PL22. 6 Bifidobacteria are unable to grow in media with pectin as the sole carbon 

source, and thus, their enrichment is likely caused by the fermentation of downstream 

metabolites produced by pectolytic microorganisms. 6 Unlike pectin, psyllium produced 

fewer significant enrichments and mostly within U.S. samples. All the enriched microbes 

were Lachnospiraceae. Other studies investigating the effect of psyllium supplementation 

on microbial community composition have resulted in an increased relative abundance of 

Bacteroideceae and Clostridia. 17-19 To our knowledge, the CAZymes required for psyllium 

husk fermentation are not well defined yet. Surprisingly, no microbes were significantly 

enriched by inulin supplementation. This contradicts studies performed in humans, which 

found that inulin increases the relative abundance of Bifidobacterium and 

Faecalibacterium.20 

Our final question asked if the variation between cohorts would impact the 

microbiome’s response to fiber. We hypothesized the Moroccan cohort would have a 

greater microbiome diversity and fiber response when compared to the U.S. cohort because 

of conventionally higher dietary fiber intake. Research has demonstrated that non-

industrialized populations usually have increased microbial and CAZyme diversity when 

compared to industrialized populations. 11 This may be due to reduced antibiotic exposure, 

differences in water treatment, or a higher intake of microbiota accessible carbohydrates, 

like dietary fiber. 11 Traditionally, higher gut microbiome diversity has been used as a 

measure of good gut health because it provides stability in the form of functional 
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redundancy as species compete to occupy similar niches. 12 Microbes competing within 

diverse environments are incentivized to streamline their genomes to occupy specialized 

niches and avoid overlapping competition, while microbes in environments with frequent 

perturbations, such as those caused by antibiotics, are incentivized to maintain larger 

genomes to maximize adaptability. 13 In agreement with this logic, we observed larger 

average genome sizes in the U.S. when compared to Moroccans. Unexpectedly, we observed 

significantly lower microbiome and CAZyme diversities in Moroccan versus U.S. samples at 

T0 (Figure 3.3A and 3D). One important caveat of our research is that there may be clinical 

or dietary influences we have not captured and could potentially explain if the Moroccan 

individuals we sampled live lifestyles that reduce gut microbiome diversity. 

 With respect to fiber response of each cohort, U.S. samples generally retained their 

taxonomic and CAZyme diversity at T24 more than when compared to Moroccan samples. 

U.S. samples displayed significantly decreased Shannon diversities when treated with 

inulin and pectin, while Moroccan samples exhibited a nonsignificant decrease in diversity 

in response to pectin. Decreased diversity suggests that the community became dominated 

by fewer microbes, which may be the desired outcome when using fiber to enrich for fiber 

degrading microbes. Despite the decreased overall diversity among Moroccan samples, 

there was a greater number of taxa enriched by pectin within these cultures. If the 

Moroccan cohort was more frequently exposed to pectin before sampling, this could 

explain their larger microbiome response. With respect to our U.S. samples, the typically 

higher presence of generalist taxa could explain why they responded to psyllium and pectin 

similarly, as measured by the number of enriched microbes. 
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When examining microbial enrichments of fecal communities in vitro, it is important 

to consider the culturing conditions. One important condition is the choice of growth 

medium. Here, we used brain-heart infusion (BHI) media, which is a rich media that does 

not select specifically for the growth of aero-intolerant microbes, unlike GAM or YCFA 

media. 21 Fermentation time is also important, as culturing selects for rapidly growing 

microorganisms and not necessarily primary fiber fermenters. We chose 24 hours due to 

its physiological relevance in the human gut, but our data suggests that many of the 

primary fermenters, such as Bacteroides spp., were outcompeted by secondary fermenters, 

such as Bifidobacteria, as Bacteroides spp. was not significantly enriched. Thus, future 

experiments attempting to validate our results should be performed with additional time 

points, potentially in a chemostat, with a variety of growth mediums to allow the microbial 

communities to equilibrate. 

In summary, this research demonstrates that fiber can selectively be used to 

promote the growth of specific organisms. Future directions involve characterizing the 

amount and composition of SCFAs to determine the health benefits of fiber 

supplementation. In the long term, further sequencing and analysis of fiber degrading 

microbial strains can be used to develop personalized fiber responses, paving the way for 

microbiome-mediated medicines. 

METHODS 

Fecal sample collection: 

For U.S. samples, informed consent was obtained, and participants were given 

supplies and instructions for the self-directed collection of fecal samples. Samples were 
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returned anonymously and stored at -20°C. For the Moroccan cohort, the same procedure 

was followed, however, samples were transported in a refrigerated container until they 

reached the lab. Within 6 hours of the samples arriving in the lab, each sample was 

aliquoted into three 1.5ml tubes and maintained at -20°C. 

Culturing experiments: 

 Culturing was performed by first thawing fecal samples on ice, then, 1g of fecal 

material was placed in a sterile, secondary tube and transferred to a Coy anaerobic 

chamber. Immediately, 5 mL of sterile, reduced PBS was added to each sample, and 

homogenized. Culturing was performed in 2 mL volumes in deep 96-well plates. Each well 

contained sterile, reduced BHI with either no fiber, apple pectin (Fisher, 15 g/L), inulin 

from chicory (Fisher, 15 g/L), or psyllium husk powder (Now Foods, 8 g/L). Pectin media 

was pH neutralized using NaOH. Wells were inoculated with 40 uL of fecal slurry. Controls 

consisted of BHI with no fiber and no inoculum, and BHI with each fiber but no inoculum. 

Afterwards, cultures were mixed by pipetting and a 1 mL aliquot for OD600 was taken and 

stored at -80°C. Plates were sealed with a silicone lid and allowed to incubate for 24 hours, 

after which they were stored at -80°C. Microbial growth was verified by taking OD600 

measurements before and after 24 hours. 

DNA extraction: 

 For our initial time point, 200 mg of fecal material was thawed on ice and was 

extracted using ZymoBiomics DNA Miniprep Kit (Cat. #D4300) according to the 

manufacturer's protocol. For our 24-hour time point, cultures were thawed on ice and 250 

uL were subjected to DNA extraction according to the manufacturer’s protocol. Bead lysis 
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during the extraction was performed at 6.5 m/s for 5 minutes total (MPBio FastPrep-24). A 

mock community standard was included as a positive extraction control (Cat. #D6300). 

Water was used for negative extraction controls.  

Shotgun library preparation and sequencing: 

Libraries for shotgun sequencing were prepared using the Illumina DNA prep kit 

(Cat. # 20018705), using our published low-volume protocol which reduces input DNA and 

enzyme volumes tenfold. 22 Five microliters or 50 ng (whichever was reached first) of DNA 

per sample was tagmented according to our adapted protocol. Afterwards, i5 and i7 indices 

were added to each sample in 1.25 uL volumes and annealed via PCR using 10 uL of KAPA 

HiFi HotStart ReadyMix (Cat. # 7958935001). Libraries were pooled then size-selected and 

cleaned using 56 and 14.4 uL of the included sample purification beads, respectively. 

Positive and negative sequencing controls included the ZymoBIOMICS Microbial 

Community DNA Standard (Cat. #D6305) and purified water. The pooled library’s quantity 

was assessed using a Qubit Fluorometer and the Quanti-iT PicoGreen dsDNA kit (Cat. 

#P7589). Fragment size was checked on an Agilent Tapestation using an Agilent 

Bioanalyzer High Sensitivity DNA Analysis kit (Cat. #5067-4626). Lastly, the library pool 

was sequenced on an Illumina Novaseq 6000 using an S4 flow cell at the Genomics High 

Throughput Facility at the University of California Irvine. This produced an average of 

3,061,344 +/- 2,213,848 (σ) paired-end reads per sample, 150 base-pairs in length. 

MAG table generation: 

Raw sequences first had sequencing adapters, artifacts, and low-quality sequences 

removed using the BBMap v38.79 script ‘bbduk.sh’ with the parameters “ref=adapters, 
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artifacts, phix, lambda, pjet, mtst, kapaq, trim=w, trimq=24, forcetrimleft=15”. Next, 

duplicate reads were removed with the ‘dedupe.sh’ script from BBMap using the default 

settings. Human-derived reads were removed using BowTie2 v2.4.5 using the default 

parameters and hg38 as the reference genome. Subsequently, quality-filtered samples were 

cross assembled using MEGAHIT and the parameters “--presets meta-large --min-contig-len 

2500”. From the cross-assembled contigs, MAGs were binned using MetaBAT with default 

parameters. Quality of MAGs was assessed with CheckM using the default parameters and 

dereplication of MAGs was done using dRep with the default settings. Taxonomic 

assignment of dereplicated MAGs was done using GTDB-Tk with the “--classify_wf” preset. 

MAGs were concatenated, and BowTie2 was used to build an index and align per sample 

sequences to the index. Lastly, the ‘pileup.sh’ script from BBMap was used to combine each 

samples alignment to specific MAGs. This produced a table of annotated MAGs and the 

number of read counts per sample. 

Annotation of carbohydrate active enzymes: 

 CAZyme annotation was performed twice. The first method was used to assess the 

community wide CAZyme composition, while the second method was used to investigate 

the CAZymes encoded within each MAG. The community-wide CAZyme annotation was 

performed on cross-assembled contigs. For this, open reading frames (ORFs) were 

assigned with Prodigal v2.6.3 and then annotated with dbCAN2 using the default 

parameters for both programs. A table of per sample annotated ORF counts was obtained 

with the same methods as for the MAG table generation. First, BowTie2 was used to make 

an index of annotated contigs, then individual samples were aligned to the index. ‘Pileup.sh’ 
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was used to compile the results into a singular table. Lastly, per sample ORF counts were 

normalized to reads per kilobase per genome equivalent using MicrobeCensus v1.1.1 on 

default parameters. The second CAZyme annotation occurred at the MAG level. Here, we 

ran each non-dereplicated MAG through prodigal and dbCAN2. The resulting annotations 

were imported in R for analysis afterwards. 

Data analysis: 

           Analysis of MAGs and CAZymes was performed in R v4.2.1. The Vegan v2.6-2 package 

was used to calculate Shannon diversity with the ‘diversity’ function, PERMANOVA with the 

‘adonis2’ function, NMDS with the ‘metaMDS’ function. Bray-Curtis dissimilarity was used 

as the distance metric where possible. Significance testing of normally distributed data, 

such as Shannon diversity, was performed using linear-mixed effect models with the nlme 

v3.1-159 package. Differential abundance of MAGs was determined using the Maaslin2 

package in R. Pangenomes were visualized and annotated using Anvi’o v7.1.  

Volatile extraction and gas chromatography mass spectrometry 

Volatile extraction began by taking 200μL from each culture replicate (three 

replicates total) and combining them into a 1.5 mL microcentrifuge tube for a total of 600 

μL. 500 μL of the 600μL pooled sample was transferred to a separate microcentrifuge tube, 

and 0.16 μL of 7.8 M 2-ethylbutyric acid was added to create a 2.5 mM 2-ethylbutyric acid 

internal standard. 150 μL of the fecal sample was transferred into three separate vials, 

where a cap, lid liner and sorbent pen for headspace analysis was quickly placed onto the 

vials to prevent the loss of volatile compounds. Vials were placed under vacuum and 

transferred over to a 5600 SPEU shaking incubator. Volatiles were extracted at 70℃ for 1 
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hour at 200 rpm. After extraction, vials were placed on a cold block for 15 minutes. 

Samples were run on an Agilent 7890A GC 5975C MS at 260 ℃ for 38 minutes. 
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TABLES AND FIGURES 

 

Figure 3.1: Study design. Thirty fecal samples from different U.S. and Moroccan 

individuals were collected for this study. The feces were used to inoculate anaerobic liquid 

cultures filled with BHI and allowed to ferment for 24 hours at 37C. Cultures were 

supplemented with either no fiber, inulin (15g/L), pectin (15 g/L), or psyllium husk 

powder (8 g/L). Microbial growth was verified using optical densities before and after 

fermentation. Afterwards, cultures had their DNA extracted, and sequenced using shotgun 

metagenomic sequencing. Gas-chromatography mass spectrometry was also performed to 

measure the abundance of short chain fatty acids and other volatile compounds. The 

structural diagrams for psyllium and pectin are from Gündüz Ergün et al. and Martins et al., 

respectively. 23, 24  
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Figure 3.2: Taxonomic characterization of fecal community cultures. A stacked bar plot 

displaying the relative abundance of microbes at the family level for all samples. Each bar is 

one sample, with multiple samples per time point, treatment, and individual. Panels a.) and 

b.) correspond to samples from the U.S. and Morocco, respectively. The text in the bottom 

margin refers to the time point (top) and subject ID (bottom).  
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Figure 3.3: Country, time, and fiber treatment are all significantly associated with 

microbial and enzymatic diversity and composition. a. & d.) Box and whisker plots 
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illustrating the Shannon diversity of taxa (a.) & carbohydrate active enzymes (d.). Samples 

are colored by country and faceted by time. b. & e.) Nonmetric multidimensional scaling 

ordination performed on the Bray-Curtis dissimilarity matrices of samples using their 

taxonomic (b.) or CAZyme abundances (e.) at time point 0 without the addition of fiber. 

Points are colored by country, and a 95% confidence interval surrounds each cohort. c. & 

f.) Nonmetric multidimensional scaling ordination performed on the Bray-Cutris 

dissimilarity matrices of samples using their taxonomic (c.) or CAZyme abundances (f.) at 

time point 24h with the addition of fiber. Points are colored by fiber, shaped by country, 

and a 95% confidence interval surrounds each cohort by fiber. Across all figures, each point 

represents a single replicate.   
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Figure 3.4: Pectin and psyllium enrich for microbes, but inulin does not. A.) A volcano 

plot displaying significantly different microbes between countries at time point 0h. The 

vertical and horizontal lines denote a zero-fold change and a q-value of less than 0.05, 

respectively. Points are colored by their abundance, with blue meaning that the microbe 

was significantly more abundant in the U.S. and red meaning that the microbe was 

significantly less abundant in the U.S., or more abundant in Moroccans. B.) A stacked bar 

plot summarizing the frequency and taxonomy, at the family level, of microbes determined 

to be significantly different in abundance between countries at 0h. C.) A stacked bar plot 

summarizing the frequency and taxonomy, at the family level, of microbes determined to 

be significantly enriched by fiber when compared to untreated controls at 24h. Differential 

abundance testing was performed with all samples together, or within each cohort. D.) Box 
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and whisker plots showing the relative abundance of the top 10 taxa determined to be the 

most significantly enriched by fiber when compared to controls.  



 

162 
 

 

Figure 3.5: Characterization of microbial Carbohydrate Active Enzymes. Stacked bar 

plots showing the number of distinct CAZymes per CAZyme family. Only the top 5 most 

abundant CAZyme families are shown. Panel a.) corresponds to all microbes, b.) 

corresponds to microbes only significantly enriched by pectin when compared to no fiber 

controls, and c.) corresponds to microbes only significantly enriched by psyllium when 

compared to no fiber controls.   
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Figure 3.6: Characterization of microbial Carbohydrate Active Enzymes within 

Bifidobacterium pangenomes. A circular dendrogram displaying the pangenome of 7 

Bifidobacterium species. Above each row is the total genome length in bases, the GC 

content, genome completion, and average nucleotide identity.  
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Figure 3.7: Characterization of microbial Carbohydrate Active Enzymes within Blautia 

pangenomes. A circular dendrogram displaying the pangenome of 12 Blautia species. 

Above each row is the GC content, genome completion, whether the species was 

significantly enriched by fiber, and average nucleotide identity.  
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Supplementary Figure 3.1: Average genome sizes per sample. Box and whisker plots 

displaying the average genome size, in bases, of all microbes in each sample. Samples are 

faceted by time, fiber treatment, and country.   
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Supplementary Figure 3.2: Number of CAZymes per microbe. A stacked bar plot 

displayed the number of unique CAZymes encoded by each microbe. Each bar is colored by 

the type of enzyme class found within the carbohydrate active enzymes. GH = glycoside 

hydrolase, GT = glycosyl transferase, PL = polysaccharide lyase, CE = carbohydrate 

esterase, AA = Auxiliary activities. 
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SUMMARY AND FUTURE DIRECTIONS 

 In my thesis, I have shown the following novel discoveries: 1) The composition of 

the mucosal gut microbiome is distinct between the adenoma-carcinoma sequence and the 

serrated pathway of colorectal carcinogenesis. This information could be used to accurately 

predict the polyp type of a sample. One of the hallmark features enabling this prediction 

was the depletion of Eggerthella lenta in samples originating from serrated polyp samples. 

Lastly, I characterized a novel method of microbiome sampling and compared it to 

conventional fecal sampling. 2) The gut microbiome of patients with myeloproliferative 

neoplasms differs based on the subtype of the disease. Specifically, individuals with 

myelofibrosis had significantly reduced microbial diversity and higher beta-dispersion 

when compared to individuals with polycythemia vera and essential thrombocythemia. The 

altered microbiome of subjects with myelofibrosis significantly correlated with elevated 

inflammation. I also demonstrate that a 10-week active dietary intervention based on 

counseling to follow a Mediterranean diet does not significantly alter the gut microbiome. 

3) Finally, I demonstrate with in vitro fecal community culturing that pectin and psyllium 

can be used to enrich for microbes across two different cohorts. The quantity and 

taxonomy of microbes was dependent on the type of fiber used, which correlated with the 

structural complexity of each fiber. 

 In Chapter 1, I described signatures of the microbiome which suggested that the lack 

of dietary fiber could potentially explain the development of colorectal cancer via the 

serrated pathway. This pathway is characterized by aberrant epigenetic expression of 

genes that promote carcinogenesis, and butyrate has roles in host epigenetic regulation. 
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Future studies could continue to characterize the serrated microbiome using mucosal 

sampling techniques, while incorporating dietary metadata and fecal butyrate 

quantification. Studies aiming to elucidate the role of the serrated microbiome on host 

epigenetic regulation could perform in vitro or in vivo experiments which involve bisulfite 

sequencing to quantify any differences in host genome methylation produced by the 

microbiome. For example, one could take the gut microbiome of a healthy individual, a 

serrated-polyp bearing individual, and a tubular adenoma-bearing individual and 

transplant it into a germ-free colorectal cancer mouse model and measure the amount of 

methylation. In this scenario, I hypothesize that the serrated polyp associated microbiome 

would promote more aberrant epigenetic events.  

 In chapter 2, I demonstrated that there were no changes in the gut microbiome 

associated with the Mediterranean diet intervention. Though we characterized the gut 

microbiome of these individuals, the main purpose of this study was to see if individuals 

with MPN could adhere to a Mediterranean diet. In the future, I would like to investigate 

the gut microbiome of MPN patients who receive a 6-month Mediterranean diet 

intervention. In an ideal environment, meals would be provided to strengthen the effect of 

the intervention. I hypothesize that this would produce a reduction in inflammation in 

individuals with MPN, and that this reduction would be associated with changes in the gut 

microbiome. 

 Finally, in chapter 3, I have shown that fiber can enrich for specific microbes. One 

interesting result has been the dominance of Clostridia in Moroccan samples, regardless of 

fiber treatment. U.S. samples also have Clostridia, but often become dominated by other 
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microorganisms. Moving forward, I would like to characterize the strain level differences 

between the Clostridia and Bacteroides of both cohorts. Additionally, I want to continue to 

explore the CAZyme profiles to compare the levels of CAZymes implicated in pectin and 

psyllium degradation across cohorts, which would help identify novel pectolytic microbes. 

Finally, I would like to quantify and correlate short-chain fatty acid abundances with 

microbial relative abundances across fiber treatments and cohorts at 24 hours. Here, I 

hypothesize that inulin would produce the greatest amount of short-chain fatty acids of the 

three fibers because of its structural simplicity and potentially greater accessibility to 

microbial fermentation. Together, this research would assist in enabling the use of 

prebiotics to promote a personalized microbiome response in an effort to combat disease 

associated with gut microbiome dysbiosis and chronic inflammation. 




