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Abstract 
 
Mathematical modeling of somatic evolution, a process impacting both host cells and microbial 
communities in the human body, can capture important dynamics driving carcinogenesis. Here 
we considered models for esophageal adenocarcinoma (EAC), a cancer that has dramatically 
increased in incidence over the past few decades in Western populations, with high case fatality 
rates due to late-stage diagnoses. Despite advancements in genomic analyses of the precursor 
Barrett’s esophagus (BE), prevention of late-stage EAC remains a significant clinical challenge. 
Previous microbiome studies in BE and EAC have focused on quantifying static microbial 
abundance differences rather than evolutionary dynamics. Using whole genome sequencing data 
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from esophageal tissues, we first applied a robust bioinformatics pipeline to extract non-host DNA 
reads, mapped these putative reads to microbial taxa, and retained those taxa with high genomic 
coverage. When applying mathematical models of microbial evolution to sequential stages of 
progression to EAC, we observed evidence of neutral dynamics in community assembly within 
normal esophageal tissue and BE, but not EAC. In a case-control study of BE patients who 
progressed to EAC cancer outcomes (CO) versus those who had non-cancer outcomes (NCO) 
during follow-up (mean=10.5 years), we found that Helicobacter pylori deviated significantly from 
the neutral expectation in BE NCO, suggesting that factors related to H. pylori or H. pylori infection 
itself may influence EAC risk. Additionally, simulations incorporating selection recapitulated non-
neutral behaviors observed in the datasets. Formally modeling dynamics during progression holds 
promise in clinical applications by offering a deeper understanding of microbial involvement in 
cancer development. 
 
Key Words: Esophageal adenocarcinoma, cancer microbiome, mathematical modeling, 
community assembly, Barrett’s esophagus, Helicobacter pylori 
 
Introduction 
 
To improve our understanding of microbiome dynamics in certain environments, we must 
elucidate the mechanisms driving microbial community assembly. The majority of studies toward 
this aim focus on the relative contribution of niche- vs. neutral processes. Mathematical modeling 
can be used to quantify such dynamics in microbial populations but thus far has been underutilized 
in the microbiome analysis of human cancers. The assembly dynamics of microbes in relation to 
human cancer progression, as well as their potential to enhance predictive models of cancer 
progression and metastasis, remain largely unexplored. The involvement of microbes in human 
cancer development is well-supported, specifically that many cancers (such as breast, lung, and 
colon cancers) evolve in the presence of microbial communities [1–4]. While research on the 
cancer microbiome is increasing, many sequencing studies of large patient cohorts to date have 
primarily focused on describing microbial abundances at static time points rather than modeling 
the temporal dynamics of populations or communities explicitly. Development of these models is 
essential for hypothesis testing, and for supporting rigorous conclusions on expected versus 
observed community assembly characteristics over time in the human microbiome.  
 
Esophageal adenocarcinoma (EAC) is a cancer that occurs in the distal esophagus and is nearly 
always fatal when diagnosed in the advanced stage. EAC develops through a slow stepwise 
progression through defined premalignant stages of disease, with microbiome involvement at 
each stage [5–7]. More specifically, EAC arises in a premalignant tissue called Barrett’s 
esophagus (BE), a relatively common condition in the US (1-2% prevalence with incidence 
continuing to rise) wherein the normal squamous epithelium of the distal esophagus near the 
gastroesophageal junction is replaced with specialized intestinal metaplasia [8]. BE is often the 
result of longstanding exposure to stomach acid as an adaptive response of the esophageal tissue 
in patients with symptoms of gastroesophageal reflux disease (GERD). In this way, a common 
pathway to progress to EAC from normal esophagus is through the stages of GERD then BE, and 
eventually EAC. Patients diagnosed with BE are recommended to undergo regular surveillance 
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exams throughout their lifetime to look for potential early-stage EACs that are easier to treat than 
late-stage cancers [9]. Surveillance includes taking tissue biopsies, which allows a spatial and 
temporal map of EAC development to be studied. Although nearly all EAC develops from BE [8], 
the annual progression rate to EAC from BE is very low (<0.5% per year [10]) and thus most 
patients with BE undergo unnecessary surveillance. There is currently an unmet clinical need for 
improved cancer risk stratification in BE, including the development of reliable biomarkers for 
future EAC progression that enable the tailoring of cancer prevention strategies in a more 
personalized way. Therefore, EAC provides a useful system for developing temporal models, and 
by doing so, fulfills a critical knowledge gap in EAC prevention and the role of microbiome in 
cancer formation.  
 
Recent studies have quantified the microbial communities within the esophagus at sequential 
disease states on the pathway to EAC [5,7,11–14]. These studies have shown shifts in the relative 
abundances of microbial taxa, Gram-negative versus Gram-positive bacteria, as well as microbial 
community diversity across stages of EAC progression. Additionally, characteristics of the oral 
microbiome have been shown to be associated with stages of progression in BE independent of 
patient oral health [15]. One dominant bacterium that has been examined extensively for its 
relationship to EAC is Helicobacter pylori. Although H. pylori is a known carcinogen with an 
established causal link to non-cardia gastric cancer and mucosa-associated lymphoid tissue 
(MALT) lymphoma [16], some epidemiological studies have demonstrated an inverse association 
with EAC [17–19]. A few studies even suggest the increase of widespread antibiotics and lower 
prevalence of H. pylori may be contributing to the 5-fold increase of EAC cases in the United 
States and other Western populations over the last few decades [6,20]. Although the absence of 
H. pylori has been shown to be associated with aneuploidy [21] and risk of advanced stages of 
high-grade dysplasia (HGD) and EAC in patients with BE [5], a mechanistic role of H. pylori in 
EAC progression, and the population dynamics of H. pylori growth in BE, have yet to be 
elucidated. Furthermore, a recent population-based study did not find an association with H. pylori 
eradication and EAC risk [22]. Overall, there is biological plausibility that altered microbiome and 
dysbiosis in BE may promote progression to EAC, but underlying mechanisms need to be defined. 
Here we investigate the microbial community dynamics evident in the stages of progression to 
EAC using mathematical models.  
 
Existing microbiome studies of EAC relied on traditional statistical methods to test for differences 
in microbial species abundance between patient groups from single time-point data. These 
methods are often not designed for temporal dynamics and cannot be used to account for the 
expected variation in population sizes as the communities change over time. This requires time-
dependent models of evolving populations during the progression to cancer. Relevant models of 
community assembly dynamics have been successfully applied to microbiome data of various 
environments such as compost, seawater, and sediment, as well as organisms such as 
roundworms, mice, and jellyfish [23]. They have also been applied to data on microbial 
communities within the human body such as comparing healthy versus diseased lung [24] and 
comparing human skin from differing geographical locations which found microbiomes from 
urbanized cities likely evolve through niche-based processes [25,26]. To similarly capture 
population dynamics of each microbial taxa in the community as well as continual migration of 
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microbes into the esophagus, we developed models of community assembly specifically for EAC 
progression. By assuming certain growth and migration parameters for different species, we 
tested hypotheses such as the presence of predominantly neutral dynamics versus selective 
forces when fitting models to occurrence-abundance patterns measured in metagenomic data. 
 
Materials and methods 
 
Patient cohort information 
 
Previous studies have compared the esophageal microbial communities in patients with normal 
esophageal tissue versus those with BE, and/or with EAC [11,12,14,27–31]. Few microbiome 
studies have separately categorized BE with low-grade and/or high-grade dysplasia [7,27], and 
we also do not examine this herein. One dataset we analyze in our study has the unique 
advantage of enabling the comparison of baseline whole genome sequencing data (WGS) data 
obtained from BE tissue samples in patients with BE who later progressed to EAC (‘cancer 
outcome’; CO) versus baseline WGS data from BE samples in patients with BE who did not 
progress to EAC (‘non-cancer outcome’; NCO) [32]. Eighty patients were included, each with two 
biopsy samples taken at two time points (320 total samples; see Supplementary Figure S1). The 
WGS data were obtained as part of a retrospective case-control study performed using the Seattle 
Barrett’s Esophagus Cohort (see [32] for details). The NCO patients remained cancer-free over 
median 17.47 years of active follow-up and across both time point 1 (TP-1) and time point 2 (TP-
2). The CO patients had BE at (TP-1), and then progressed to EAC that was diagnosed (TP-2). 
For all patients at both TP-1 and TP-2, biopsy samples were taken at 2 different levels within their 
Barrett’s segment length (see [33] for exact distances from gastroesophageal junction and patient 
ages). Below we analyze the group of 80 samples from the 40 NCO patients at TP-1 (BE NCO 
cohort) versus the group of 80 samples from the 40 NCO patients at TP-1 (BE CO cohort) prior 
to their EAC diagnosis. Notably, all samples for this BE dataset were derived from DNA obtained 
from the isolated epithelium of the BE biopsies, rather than whole biopsy specimens. 
 
To compare BE to the normal esophagus microbiome, we also analyzed WGS data obtained from 
esophageal brushings of normal esophageal tissue (n=50) as well as esophageal tissue from 
patients with gastroesophageal reflux disease (GERD; n=29). GERD is of interest because it is a 
high-risk condition for BE and symptomatic GERD (erosive esophagitis) is a common precursor 
stage. The samples were labeled as normal or GERD based on a histological report of the patient 
from which the sample was taken during an upper gastrointestinal endoscopy [14].  
 
Additionally, we analyzed EAC (n=83) tissue samples from The International Cancer Genome 
Consortium (ICGC) to complete the healthy to cancer microbiome continuum (EAC cohort 1) [34]. 
Finally, to validate our findings we analyzed an additional EAC dataset (n=23) from patients who 
had visible BE (EAC cohort 2) [35]. Components of this dataset are now also included in ICGC 
and so, to ensure independence, we removed any overlapping samples from analysis of the ICGC 
dataset. A full description of samples analyzed in our study is provided in Supplementary Table 
S1. 
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Computational host filtration pipeline and identification of microbial taxa 
 
First, we remove human DNA from the WGS data using our validated computational pipeline 
(Supplementary Figure S2, see [36] for details). Briefly, host filtering is performed using minimap2 
(v.2.17), mapping reads against the GRCh38.p14 and T2T-CHM13v2.0 human genome 
assemblies [37]. Remaining reads are considered non-host, and were mapped to known microbial 
species using the SHOGUN [38] pipeline and the Web of Life version 1 database [39]. To avoid 
false positive from potentially host-contaminated microbial reference genomes, we applied 
Exhaustive [40] and Conterminator [41] with human references GRCh38.p14 [42], T2T-
CHM13v2.0 [43], and the Human Pangenome Research Consortium pangenomes [44] against 
the Web of Life, subsequently identifying 236 microbial taxa with regions of their genomes aligning 
with human reads (as was done with Web of Life-clean [40]). Out of an abundance of caution, we 
dropped any occurrences of the 236 potentially contaminated taxa from our taxonomy tables. In 
this pipeline, host filtering steps are essential to avoid the potential erroneous assignment of 
human DNA to microbial taxa. We note that the procedure outlined above was performed across 
all datasets analyzed in main results (Supplemental Table 1) and for 377 buccal mucosa samples 
from the Human Microbiome Project that were used to evaluate Helicobacter pylori prevalence in 
oral communities [45,46]. 
 
To reduce risk of false positives from short read multimapping, we applied a novel coverage 
dispersion filter called micov which eliminated taxa with low genomic coverage 
(https://github.com/biocore/micov). Using micov, we determined coverage dispersion thresholds 
for microbial genomes that were represented or mismapped by testing on a Staphylococcus 
aureus monoculture [47] subset to various sequencing depths. We were able to distinguish 
Staphylococcus aureus and other similar species in the Staphylococcus genus from all other 
microbial mis-mappings with a sensitivity of 87.8% and specificity of 95.18%. Our criteria for 
determining if DNA reads were mis-mapped to a particular taxon when genome coverage was 
less than 10% across all samples (those taxa with >10% coverage kept, as determined using 
Zebra [47]) were: A) there were at least 4 unique areas of the taxa with mapped reads, B) greater 
than 75% of reads mapped to the same 3 consecutive bins of the genome, or C) greater than 
75% of reads mapping to the taxon are only mapped to a single consecutive region of the genome 
in any one sample (see Supplementary Methods for details). Taxa meeting any of the 3 criteria 
above were removed from downstream analyses. For the BE NCO and BE CO dataset, only 
criteria A was used for filtering due to the low microbial biomass of these samples. Within each 
dataset, samples were rarefied and samples with less than the rarefaction depth were removed 
(Supplementary Figure S3). All taxa were collapsed to species level unless otherwise stated.  
 
Additionally, to confirm our modeling results were robust to varying microbial DNA classification 
approaches, we also analyzed the BE NCO and BE CO datasets using MetaPhlAn4 with the flags 
“-t rel_ab_w_read_stats --unclassified_estimation” (run using the Nextflow workflow available at  
https://github.com/FredHutch/metaphlan-nf commit 4a31444, and the reference database version 
mpa_vJan21_CHOCOPhlAnSGB_202103) [48]. Notably, MetaPhlAn was selected as a top  
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Figure 1. Neutral and non-neutral community assembly and model dynamics in the context 
of the esophagus microbiome. A. An overview of the model. B. Neutral model with mixed 
microbes in the community and an equal birth and death rates among all microbial taxa. C. Non-
neutral model with potential domination of particular microbial taxa in the community enabled by 
different birth and death rates among microbial taxa.  
 
performing tool in the Critical Assessment of Metagenome Interpretation Round I [49] and Round 
II [50]. Finally, we performed an additional analysis that restricted mapping exclusively to a list of 
previously documented human-associated microbes (see Supplementary Table S1A from [3]). 
 
Statistical analysis of metagenomic data 
 
All statistical analysis of the metagenomic abundances generated using the methods described 
above were performed using QIIME2 (v. 2023.2.0) [51]  using the API in Python (v. 3.8.16). Beta-
diversity was calculated using dimensionality reduction of the BIOM table with Gemelli’s Robust 
Principal Component Analysis (RPCA) function using DEICODE (v. 0.2.4) [51,52] to create a 
distance matrix for PERMANOVA and RPCA-Principal Component Analysis plots. 
 
Community assembly modeling of human esophageal microbiome 
 
Figure 1A illustrates the model setup. The esophageal microbiome contains different microbial 
species undergoing growth dynamics described mathematically by stochastic birth-death-
immigration processes. We assume there are approximately constant N microbial cells in an adult 
patient’s esophageal microbiome community and Ni represents the number of microbes of 
species i in the esophagus (thus N = ΣNi). When an individual microbial cell dies in the esophagus, 
it can be replaced by either another microbial cell that replicates in the present esophageal 
community or it can be replaced by a microbial cell entering the microenvironment from a source 
pool. Immigration of microbes from a source pool to the esophagus likely includes microbes from 
the oral cavity, proximal stomach, and the adjacent normal tissue in the case of BE microbiome. 
Immigration allows new microbes to enter the esophagus eliminating the unrealistic fixation of a 
single microbial species with the above dynamics. Following the mathematical theory developed 
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previously for these modeling assumptions [23,53], we applied two different approaches for 
building the community assembly models based on the presence/absence of selection of certain 
microbial species within the community.  
 
The first approach is built on neutral theory [54] and thus assumes the rates for birth (bi) and death 
(di) are the same for all microbes in a community (i.e., bi =b and di =d). Thus in this model, no 
microbial species has a selective growth advantage over any other (Figure 1B). Here, we are 
defining a selective advantage as an increased birth or decreased death rate for one microbe 
over others. The second more general approach is built on a non-neutral model called niche 
theory which assumes that particular microbes may have a selective advantage over others. This 
model accounts for differences in proliferation and death rates across microbial species, allowing 
for certain microbes to differ in abundance and probability of extinction (Figure 1C). 
 
When a single microorganism dies, the probability of being replaced by a microbe outside the 
present esophageal community is represented by m, known as the immigration rate. Alternatively, 
the probability of being replaced by a species present in the esophagus is (1-m). The probability 
of a particular species of microbe being chosen for replacement with a birth event is based on the 
abundance of that microbe in the esophagus (Ni /N) and the source community pool probability 
for that microbe (pi). As discussed in Sieber et al. [23], we can then calculate the probability that 
the abundance of species i may increase, decrease, or remain unchanged following the death of 
a microbe in the local microorganism community using the transition probability master equations 
corresponding to Hubbell’s original neutral model [54]. 
 
If N is large, we can then assume the relative abundance of species i in the esophagus,  
xi = Ni /N, to be approximately continuous and use the Fokker-Planck equation to model the 
continuous approximation for the probability density function Φi(xi ;N , pi ,m). We can then 
approximate the long-term equilibrium solution of this equation by (see [23] for full derivation). 
 

 
To connect this to empirical data, we use nonlinear least squares minimization to fit the observed 
occurrence frequencies fi from the rarefied data to the following truncated cumulative probability 
density function for observing a particular species in a local community/sample, 

 
where N is the total number of species counts per sample and the relative abundance of species 
i in the source pool (pi) is approximated by the mean relative abundance of species i across all 
samples in a given dataset. Thus with pi and the total microbial population in the esophagus (N) 
defined, the only free parameter to fit to the data is the immigration rate m. Additionally, we 
calculated the standard coefficient of determination (R2=1 - the ratio of the sum of squared 
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residuals and the total sum of squares) to provide a measure of goodness of fit for best-fit neutral 
models in each dataset (see ref [23] for details).  
 
Incorporation of selection into model structure and Gillespie simulations 
 
In the non-neutral model, we assume that each microbial species i has a species-specific birth 
rate (bi) and death rate (di) that can vary from one another. We assume that the same evolutionary 
dynamics for immigration apply as above- when a microbe dies, it can either be replaced by a 
microbe inside the source pool or resident within the esophagus. In the non-neutral case, the 
probability of a microbe being chosen for replacement is not based solely on the relative 
abundance of the microbe but also on birth and death rates, so we modify the transition rates to 
take into account both the microbial taxa member that dies (j) and the microbial taxa which will 
increase in number (i) when calculating the abundance of microbes in the esophagus (N). 

 
In this way, the transition probabilities were modified to account for both the increase of species 
i, and the decrease of species j.  
 
The probability distribution for the community composition in the non-neutral system can be 
analytically solved at equilibrium for the case of two different microbial species. However, in a 
realistic model for a local community considering potentially hundreds of microbial species 
identified in human tissue samples, the size of the system consisting of transition probabilities 
becomes too large to be computationally feasible, as discussed in Zapién-Campos et al. [53]. 
Therefore, we use the Gillespie algorithm to perform stochastic simulations of this model using 
transition probabilities in Eq. (3) in order to compute the mean relative abundances and 
occurrence frequencies of the evolving microbial populations needed to characterize the 
evolutionary dynamics [53]. When performing simulations, we used the number of hosts, taxa, 
and microbes per host derived from the dataset of interest with a fixed time simulation of t=10. To 
set the initial conditions of the community assembly for each sample in the simulated data at a 
starting time point, we randomly drew N microbes according to the source pool distributions pi, 
where we again approximate this distribution by using the microbial relative abundances from the 
taxonomic table for that dataset. We are then able to test different hypotheses on selective growth 
advantages for certain microbial species and compare simulated results to real data. 
 
Results 
 
Microbial diversity differs across natural history of EAC progression 
 
We first quantified the microbial species present in each tissue sample by mapping DNA 
sequencing reads to curated databases of human and microbial genomes (see Materials and 
methods), and then compared relative abundances between esophageal datasets 
(Supplementary Figure S4). We found similarities at the phylum level across disease states,  
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Figure 2. Alpha- and beta-diversity metrics across disease sets. A. Microbial alpha-diversity 
represented by taxon richness (i.e., unique observed features) across disease stages. B. 
Microbial alpha-diversity represented by Shannon entropy across disease stages. C. Differences 
in community structure represented by the RPCA-PCoA between disease stages (PERMANOVA 
p=0.0001, pseudo-F=487). Shape corresponds to the disease state: square = Deshpande et al., 
2018, circle = Paulson et al., 2022, diamond = Ross-Innes et al., 2015 & International Cancer 
Genome Consortium (ICGC) et al., 2020.  
 
although healthy esophagus and GERD had higher levels of Firmicutes and Bacteroidetes 
compared to others. We found many shared taxa between datasets at the species level 
(Supplementary Figure S5). Alpha-diversity was measured across each disease-stage group 
using both richness (Figure 2A) and Shannon entropy (Figure 2B). The median Shannon entropy 
metrics across disease states were: Healthy 4.82 (IQR=4.54-5.21), GERD 5.17 (IQR=4.64-5.38), 
BE NCO 3.79 (IQR=3.71-3.98), BE CO 3.76 (IQR=3.67-3.85), EAC cohort 1 2.48(IQR=2.26- 
2.81), EAC cohort 2 2.90 (IQR=2.84-2.92). We found statistically significant differences across all 
groups in alpha-diversity (Kruskal-Wallis p=4.81 x 10-43; Shannon entropy) and then in post-hoc 
Dunn’s tests pairwise comparisons between disease stages of Healthy/GERD vs. BE vs. EAC 
(p<0.01, Shannon entropy). Non-significant differences in pairwise comparison Dunn’s tests 
(Shannon entropy) were found for Healthy versus GERD, BE CO versus BE NCO, and EAC 
cohort 1 versus EAC cohort 2. For healthy/GERD samples, we found a high richness (median = 
296 in healthy esophagus, 309.5 in GERD) and largest Shannon entropy metrics. This is 
potentially influenced by the use of esophageal brushings rather than esophageal biopsies to 
obtain these samples. Overall, we found decreasing Shannon entropy as stages progressed to 
EAC, which is consistent with previous findings [11,12].  
 
We also calculated beta-diversity with DEICODE [52] using a Robust principal component 
analysis (RPCA; Figure 2C). We observed clustering among disease state groups: Normal and 
GERD samples, BE samples, and EAC samples. As with alpha-diversity, we observed using 
pairwise PERMANOVA (pseudo-F statistic) that all datasets were statistically significantly 

Healthy

Deshpande 
et al., 2018

BE NCO

Paulson
et al., 2022

GERD

Deshpande 
et al., 2018

BE CO

Paulson
et al., 2022

EAC
cohort 1

ICGC,
et al., 2020

EAC
cohort 2

Ross-Innes
et al., 2015

Healthy
EAC 
cohort 2

EAC
cohort 1BE CO

BE NCOGERD

A

B

C

Healthy

Deshpande 
et al., 2018

BE NCO

Paulson
et al., 2022

GERD

Deshpande 
et al., 2018

BE CO

Paulson
et al., 2022

EAC
cohort 1

ICGC,
et al., 2020

EAC
cohort 2

Ross-Innes
et al., 2015

2-

3-

4-

5-

S
ha

nn
on

 E
nt

ro
py

100-

200-

300-

400-

500-

600-
O

bs
er

ve
d 

Fe
at

ur
es

Axis 1 (74.94 %)

Axis 2 (23.21 %)

Axis 3 (1.854 %)

.CC-BY-NC 4.0 International licenseavailable under a
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made 

The copyright holder for this preprintthis version posted January 16, 2025. ; https://doi.org/10.1101/2025.01.14.633020doi: bioRxiv preprint 

https://doi.org/10.1101/2025.01.14.633020
http://creativecommons.org/licenses/by-nc/4.0/


 

 

different (p=0.0001). This holds across all pairwise comparisons (p=0.0001) except for healthy 
versus GERD (p=0.4801) and BE NCO versus BE CO (p=0.5381). 
 
Neutral models generate occurrence-abundance patterns seen in development 
from normal esophagus to BE 
 
Although comparing exact taxonomic differences between datasets may be influenced by sample 
collection methods and thus the microenvironments included in the sequencing reads (see 
Supplementary Table S1), comparing population dynamics predicted by community assembly 
models can better avoid such biases because conclusions are not based as strongly on specific 
taxa. We first applied the neutral model (where no bacterial species has a growth advantage over 
another) to all esophagus disease-stage subsets (Figure 3, see Materials and methods). In 
general, we found high R2 values for samples from normal esophagus and GERD (R2>0.80) and 
BE (R2>0.65) suggesting that neutral dynamics can explain the majority of species populations in 
these cohorts. We found occurrence-abundance patterns measured in BE NCO and CO samples 
were consistent across time points, evidence that the total community structure is likely at steady 
state (Supplementary Figure S6).  
 
Neutral model goodness-of-fit R2 values decreased as stages progressed from normal to EAC. In 
the case of EAC cohort 1, the neutral model provides a poor fit to the data (R2=0.14), suggesting 
potential evidence for non-neutral microbial dynamics in EAC patients. In particular, we see there 
may be some species undergoing more neutral dynamics (S-shaped curve of data points for 
EAC), but a large number of microbial species are found in higher abundance than expected by 
the neutral expectation. The EAC samples had the largest number of microbial taxa deviating 
from the neutral curve fit. Similar results for the EAC occurrence-abundance pattern were found 
in the Ross-Innes et al. EAC cohort 2 dataset (R2=0.34, Figure 3). 
 
In Figure 3, the top five most common phyla found in the esophagus are denoted by different 
colors and H. pylori, which has been found to colonize distal esophagus and aggravate reflux 
injury [55,56], is shown in pink in each disease-stage panel. As noted above, H. pylori is of 
particular interest because of its inverse association with BE [19] and EAC development [57] in 
some studies, yet causal association in non-cardia gastric adenocarcinoma through an analogous 
intestinal metaplasia-dysplasia-adenocarcinoma sequence (also known as the Correa cascade) 
[16]. We identified H. pylori in samples from every disease stage except for EAC cohort 2 samples 
from Ross-Innes et al [35]. The only instances that data for H. pylori deviates significantly from 
the neutral curve fit was in the GERD group and the BE NCO group. This result holds when sub-
setting the cohorts by sex as an EAC risk factor (males have higher risk of EAC than females 
[58]), except in the case of males with GERD where occurrence-abundance of H. pylori was close 
to the neutral expectation. Although the sample size for the male GERD patient subset was 
modest (n=10), we also found H. pylori at a lower mean relative abundance (1x10-6) compared 
with female GERD patients (n=19) who had a mean relative abundance of 3.4x10-5. 
 
To validate these findings, we fit the neutral model to BE NCO and CO datasets after 
preprocessing with the MetaPhlan4 pipeline (see Materials and methods). We identified fewer  
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Figure 3. Community assembly dynamics in progression to EAC. Plots are ordered in 
sequence of disease state progression from healthy to EAC (see Supplementary Table S1 for 
patient/sample inclusion). The red curves represent the neutral model fit to data points 
representing unique taxa at the species level. The gray regions delineated by red dotted lines 
represent 95% bootstrap confidence intervals (obtained by resampling the hosts 100 times with 
replacement and refitting) and the R2 value represents goodness of fit to the neutral model. The 
color of the data point represents phyla. Helicobacter pylori is colored pink with a box outline. 
Vertical line indicates mean relative abundance = 10-4. H. pylori is found with the following 
occurrence frequency in each group: Healthy 19.0476%, GERD 15.3846%, BE NCO 14.2857%, 
BE CO 5.0847%, EAC cohort 1 8.8235%, EAC cohort 2 0%.  
 
 
microbial species overall with this method, but H. pylori is still identified as likely neutral in only 
the BE CO cases (Supplementary Figure S7). Finally, we restricted our microbial taxa to those 
previously documented as human-associated and still found that 1) normal esophagus, GERD 
and BE show evidence for neutral dynamics while EAC does not, and 2) GERD and BE NCO are 
the only cases where H. pylori is outside the 95% confidence interval for expected neutral 
dynamics (Supplemental Figure S8). The top 10 bacterial species with largest deviation from the 
95% confidence intervals for a neutral model fit found in each of the BE NCO and CO datasets 
are provided in Supplementary Tables S2 and S3. Other non-neutral microbes beyond H. pylori 
included Klebsiella pneumoniae in the NCO BE dataset (nearly identical occurrence-abundance 
as H. pylori), Prevotella copri in the BE CO cohort, and Neisseria mucosa in both cohorts.  
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Figure 4. Simulation results for BE patients with non-cancer outcome (NCO). A. Same data 
as shown for BE NCO panel in Figure 3, with neutral model fit for BE NCO patients. B. Neutral 
simulation with data from the BE NCO patients using the adjusted source pool conditions for H. 
pylori. All (‘A’) microbes have an equal birth and death rate of 1. C. Non-neutral simulation for BE 
NCO data with H. pylori adjusted source pool prevalence (H. pyloriSP =1e-5). For the H. pylori 
taxon, the birth and death rates are 1 and 0.5, respectively. For all other microbes, birth rates are 
drawn independently from a normal distribution (mean=1, standard deviation=0.1) and the death 
rate is set equal to 1. For A-C, the pink dot depicts data for H. pylori. For B-C, the source pool 
conditions of the H. pylori taxa are set to 1e-5 (see Results and Supplemental Figure S9 for 
details). SP = source pool; HP = H. pylori. 
 
Helicobacter pylori exhibits positive selection in non-progressing BE 
 
Because H. pylori specifically deviated from the neutral model fit in the BE NCO cohort (Figure 
3), we performed Gillespie simulations for neutral and non-neutral scenarios for this dataset. This 
allowed us to use the relative abundances of taxa observed in the BE NCO tissue samples but 
vary the birth and death rates of each microbe to evaluate what assumptions for dynamics would 
represent the data most closely. In the BE NCO neutral model simulation, we found that H. pylori 
was predicted to have occurrence-abundance data close to the neutral fit curve (Supplemental 
Figure S9A) unlike the actual data (Figure 4A). Additionally, simulated H. pylori occurrence 
frequency was much higher than the occurrence frequency measured in the actual data when 
assuming a source pool prevalence for H. pylori equaling its mean relative abundance in the BE 
data (Supplemental Figure S9A). In Supplemental Figure S9B, we show different simulation 
results for H. pylori with varying birth and death rates and source pool conditions. We found 
consistent data on H. pylori occurrence-abundance in simulations compared to the empirical data 
(pink dot with box outline) when assuming a source pool prevalence probability of 1e-05. To 
examine this assumption in independent data, we found that H. pylori was present in 39 of a total 
of 377 (15%) buccal mucosa samples from the Human Microbiome Project [45,46] at a mean 
relative abundance of 1.13e-05 [45]. Thus, with an assumption that the oral microbiome mainly 
contributes to the source pool for BE microbial communities, we used 1e-05 for H. pylori source 
abundance for all further model simulations.  
 
Even with a neutral model fit with this source pool assumption, simulated H. pylori occurrence-
abundance does not recapitulate the data (Figure 4A,B). Therefore, to test the effects of potential  
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Figure 5. ICGC EAC cohort 1 data with fits assuming neutral model at steady-state, neutral 
simulation, and non-neutral simulation. A. Same data as shown in Figure 3, neutral model fit 
to data from EAC cohort 1 patients in ICGC dataset. B. Neutral model simulation with data from 
the EAC cohort 1 patients in ICGC dataset. All (‘A’) microbes have an equal birth and death rate 
of 1. C. Non-neutral model simulation with all microbes having variable birth rate drawn 
independently from a uniform distribution ranging from 1 to 6, and a death rate of 1.  ICGC = 
International Cancer Genome Consortium. 
 
 
non-neutral dynamics, we modified the simulations by assuming that H. pylori has a selective 
advantage over other microbials species. We tested a variety of different parameter settings to 
compare to the data in Figure 4A and found that assuming a lower death rate for H. pylori 
(dHP=0.5) compared with other microbes (dA=1) accurately reflected the actual data (Figure 4C). 
We also experimented with variable birth rate and found increased birth rate gives a similar result 
and fit to the data (Supplemental Figure S9C). Overall, higher expected growth rates (birth - death) 
for H. pylori align with their known predominance in bacterial populations of the stomach when 
present. 
 
Neutral dynamics do not explain occurrence-abundance patterns in EAC tissue 
 
Because we observed that the neutral model did not fit well to the data for EAC samples, we also 
performed stochastic simulations based on this dataset to test effects of differing assumptions for 
microbial population dynamics. With relative abundances from the EAC cohort 1 used as the 
source pool prevalence for each species, we ran neutral model simulations where the birth and 
death rates across all microbes were set equal to 1 and resulting occurrence-abundance did not 
reflect the data, as anticipated (Figure 5A,B). We next created simulated data with a random birth 
rate ranging from 1 to 6 for each microbial species and a constant death rate equal to 1 for each 
species, and found R2 = 0.59, which more closely resembles the empirical data (Figure 5C).  We 
re-ran the simulations again with a random death rate ranging from 1.5 to 4 for each microbe and 
a constant birth rate equal to 4 for each species, and found a similar pattern to the original data 
with R2 = 0.74 (Supplemental Figure S10A). Finally, we varied the birth rate (normally distributed 
with mean=1, standard deviation = 0.1) as well as varied the death rate (normally distributed with 
mean=1, standard deviation = 0.1) and found that these models did not recapitulate the original 
data (Supplementary Figure S10 B,C).  
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Discussion 
 
With increasing cases of both BE and EAC in Western populations, new approaches to better 
understand contributions to EAC risk are essential. As was found with the established role of H. 
pylori in the formation of peptic ulcers and gastric cancers, and the role of a diverse oral 
microbiome in oral and systemic health [59], the esophagus also provides a microenvironment for 
microbial populations to thrive and potentially contribute to patient health and disease. The 
communities have been quantified previously in numerous studies, mainly using 16S rRNA 
sequencing, and may influence progression to BE and subsequently EAC but the expected 
population dynamics of these communities has not been previously explored. Therefore, our aim 
was to better understand the communities within the esophageal microbiome as a patient 
progresses from normal tissue to EAC.  
 
To explore dynamics within the esophageal microbiome during EAC progression, we utilized 
whole genome sequencing (WGS) data from esophageal tissue samples and applied a rigorous 
host depletion pipeline to ensure we removed all human DNA reads [36] and mapped any 
potentially microbial reads to an extensively cleaned database (WOL-clean) as well as using a 
coverage filter called micov. Comparing histological subtypes at each disease stage using the 
ecological diversity measure of Shannon entropy, we found decreasing diversity from normal 
esophagus to GERD to BE to EAC. Study limitations in these analyses include varying sampling 
techniques and centers (Supplemental Table S1), as well as a lack of reagent ‘blank’ controls and 
positive spiked controls run in parallel, which would increase confidence in minimizing 
contamination [53]. Additionally, we did not assess differences between more advanced 
premalignant stages within BE such as low-grade dysplasia and high-grade dysplasia. 
 
The effects on our results introduced by these limitations are minimized when considering the 
community dynamics with rarefied data, where we independently assess data for each disease 
stage and compare observed occurrence-abundance patterns across stages of progression. We 
observed that patterns in earlier stages of progression (normal esophagus, GERD, and BE) can 
be recapitulated with assumption of a neutral model. Zapien-Campus et al. note that such 
patterns can in fact be recreated by specific assumptions for non-neutral dynamics [60] but the 
hypothesis of neutrality cannot be rejected for this data. In contrast, patterns in the data for 
EACs appear quite different, and only a subset of the microbial taxa appear to fit a neutral 
expectation in their occurrence-abundance patterns. This may imply that more of the EAC 
microbial populations are undergoing selection pressures in the tumor microenvironment. By 
simulating data using mathematical models of microbial evolution, we can quantify the 
parameter regimes of differential selection (as measured by population growth rates) that most 
closely match the empirical data. 
 
We specifically examined H. pylori due to its potentially protective role in EAC development. 
Across disease states, the mean occurrence frequency of H. pylori was ~10%, however, its mean 
relative abundance across samples was greatest in the NCO group (10-3) compared to other 
groups (<10-4). This may suggest that H. pylori has an active role in preventing progression to 
EAC in NCO patients and BE in patients with GERD, or at least delaying the onset, but further 
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mechanistic studies are needed, particularly since confounding cannot be ruled out here. The 
only other group that demonstrated non-neutral H. pylori was the GERD group. These patients 
have not yet crossed over the critical threshold to BE and further stages but may develop BE at 
a later time point.  
 
Additionally, other microbes in the NCO BE dataset were found to be under possible selection 
including Klebsiella pneumoniae which had a very similar abundance and occurrence to H. pylori. 
K. pneumoniae is often found in the human gut but causes serious infections across other tissue 
types [61] and was linked to Acute Esophageal Necrosis in a case study [62]. There were a few 
disease-specific microbes that were identified as non-neutral in both cohorts, including Neisseria 
mucosa, commonly found in the oral and nasal mucosa but can cause upper respiratory infection 
[63]. Prevotella copri was only found to be non-neutral in the BE CO cohort, and is often found in 
the human gastrointestinal microbiome with varying positive and negative effects [64], but studies 
have found correlations between P. copri abundance and exacerbated intestinal mucositis [65] 
as well as colitis [66] in mice. Additionally, P. copri, similar to H. pylori, is implicated in gastric 
carcinogenesis [67] and was associated with an increased risk for gastric cancer development in 
a Korean population [67]. Finally, when we modeled the assumption that H. pylori has a higher 
survival rate compared to other microbes in the esophagus, which was motivated by the 
observation that H. pylori unequivocally dominates the gastric microbiome when present, the data 
recapitulated what we observe in BE non-progressors. One hypothesis is that the dominance of 
H. pylori in the esophagus is protecting against the establishment of microbes that are detrimental 
to the esophagus and promote BE transformation to EAC. Certainly, studies evaluating the impact 
of H. pylori virulence factors (e.g., CagA), H. pylori eradication, as well as the impact of gastric 
histology (e.g., gastric atrophy with or without metaplasia) and gastric pH, factors both influenced 
by H. pylori, on development and progression of BE would be informative. Although further 
validation is needed, our results suggest microbes such as H. pylori in precursor stages of GERD 
and indolent BE, as well as substantial numbers of taxa in the EAC tissue microenvironment, 
likely undergo selective pressures that influence relative abundances measured throughout 
carcinogenesis. 
 
Conclusion 
 
In summary, there is evidence for neutral population dynamics for the majority of microbial species 
in normal esophagus, GERD, and Barrett’s esophagus tissue microenvironments. This implies 
that fluctuations in relative abundances measured in previous studies at various time points and 
disease stages may simply reflect such underlying dynamics. Our data also suggest that 
Helicobacter pylori in particular may be under positive selection in pre-cancer stages, and EAC 
microenvironments exhibit population dynamics that are largely non-neutral. Bacteria are present 
in precancerous stages of esophageal adenocarcinoma, and rigorous bioinformatics methods and 
mathematical models are needed to identify these communities along with their evolutionary 
dynamics from WGS data in order to better understand what influence they may have on cancer 
progression.  
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Data availability 
All data used in our study has been previously published [14,32,34,35], as outlined in 
Supplementary Table S1.  
 
Code availability 
Code to recreate all results and apply methods to other datasets can be found on GitHub: 
https://github.com/cguccione/comad_of_EAC_progression. The code created for modeling 
analyses was adapted from [53] and [53]. The workflow used to run MetaPhlAn4 is available at  
https://github.com/FredHutch/metaphlan-nf. 
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