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ABSTRACT
Barrett’s esophagus (BE) is metaplasia of the squamous epithelium to a 

specialized columnar epithelium. BE progresses through low- and high-grade dysplasia 
before developing into esophageal adenocarcinoma. The BE microenvironment is 
not well defined. We compare 12 human clinical BE and adjacent normal squamous 
epithelium biopsies using single cell immunophenotyping by flow cytometry. A 
cassette of 19 epithelial and immune cell markers was used to detect differences 
between cellular compartments in normal and BE tissues. We found that the BE 
microenvironment has an immunological landscape distinct from adjacent normal 
epithelium. BE has an increased percentage of epithelial cells with a concomitant 
decrease in the percentage of immune cells, accompanied by a shift in the immune 
landscape from a predominantly T cell rich microenvironment in normal tissue to a 
B cell rich landscape in BE tissue. Hierarchical clustering separates BE and normal 
samples into two discrete groups based upon our 19-marker panel, but also reveals 
unexpected, shared phenotypes for three patients. Our results suggest that flow based 
single cell analysis may have the potential for revealing clinically relevant differences 
between BE and normal adjacent tissue, and that surface immunophenotypes could 
identify specific subpopulations from dysplastic tissue for further investigation.

INTRODUCTION

The esophageal mucosa is a prototype stratified 
squamous epithelium, comprising proliferative basal 
cells that reside upon the basement membrane and 
migrate towards the luminal surface undergoing a 
differentiation program from suprabasal cells to superficial 
squamous cells [1]. Eventually, the superficial layer 
of cells desquamates and the gradient of proliferative-

differentiated cells renews on a regular basis. Such a 
gradient is regulated exquisitely through a network of 
transcriptional factors, but is subject to noxious stimuli, 
such as acid and bile reflux, infectious microorganisms, 
and malignant transformation [2].

Acid and bile reflux induce epithelial cell oxidative 
stress and DNA damage, and when combined with 
inflammation in the subepithelium or submucosa, induce an 
adaptive change of the normal stratified squamous epithelium 
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to intestinal epithelial metaplasia. This metaplastic process 
is referred to as Barrett’s esophagus or Barrett’s metaplasia 
[1]. While metaplasia may remain dormant, a subset of 
metaplastic cells can undergo a transition to low-grade 
dysplasia and high-grade dysplasia with culmination in 
esophageal adenocarcinoma. Barrett’s esophagus is estimated 
to affect 6-8 million individuals in the United States. It is 
estimated that the annual risk of progression from Barrett’s 
esophagus to esophageal adenocarcinoma is approximately 
0.33% per year [3]. If one incorporates both high-grade 
dysplasia and esophageal adenocarcinoma as an endpoint 
of progression from Barrett’s esophagus, it is believed the 
incidence is about 0.9–1.0% per year [4, 5].

Established risk factors for the emergence of 
Barrett’s esophagus include increasing age, white 
Caucasian males, central obesity, and acid and bile reflux. 
The preponderance of Barrett’s esophagus is sporadic in 
nature, however, a small proportion may have a hereditary 
basis. Mechanistically, epithelial cell intrinsic factors 
have been identified that underlie the pathogenesis of 
Barrett’s esophagus, and involve changes in the genomic 
landscape. A key driver is TP53 mutation [6–8], apart 
from epigenetic alterations and copy number variation. 
Epithelial cell extrinsic factors involve the induction 
of various cytokines, chemokines and growth factors. 
Inflammation has been implicated in the pathogenesis of 
a number of cancers and studies have established the role 
of an aberrant microenvironment in aberrant growth and 
transformation. That being said, the precise composition 
of the immune landscape in Barrett’s esophagus is not 
known, thereby forming the rationale of this human-based 
study and analysis. A comprehensive characterization of 
the BE immune microenvironment would thus permit a 
new perspective on preventive and therapeutic strategies in 
Barrett’s esophagus and its progression to adenocarcinoma. 
In addition, many challenges remain predicting which 
patients will progress to dysplasia and then adenocarcinoma. 
An understanding of immune and epithelial cells will aid in 
the potential implementation of preventive, early detection 
and therapeutic strategies, all synergized to disrupt the 
continuum from dysplastic BE to adenocarcinoma.

RESULTS

Patient characteristics and study design

Biopsies of Barrett’s esophagus and adjacent normal 
squamous epithelium were dissociated enzymatically 
(range of 10.1 mg – 40.0 mg; median of 23.3 mg), passed 
through a 70µm filter, and treated with RBC lysis buffer 
to obtain a single cell suspension (Figure 1A), which was 
then probed with a Live/Dead cell stain to assess viability. 
The number of viable cells ranged from 0 - 2,643,200 
cells (median of 154,672 cells) for the 18 pairs of samples. 
The total number of cells ranged from 15,000 - 3,200,000 
(median of 217,500 cells), thus the percentage of viable 

cells ranged from 0.0 - 94.3% (median = 72.6%). Five 
patients had fewer than 20,000 viable cells for one or both 
of their matched samples and were therefore excluded from 
further analysis. One sample pair that could not be stained 
with all required markers was also excluded from further 
analysis (Figure 1B). Of the 12 samples used for further 
analysis, the majority (66.7%) were male and all (100%) 
were white (Table 1). The median age of the cohort was 
61 years (range 53 – 81) and median BMI was 30.6 (23.5 
– 35.0). The rate of active cigarette use in the cohort was 
8.3%, 25% were former smokers, and 66.7% were never 
smokers. Eight patients (66.7%) had intestinal metaplasia 
only without dysplasia, one (8.3%) patient had low-grade 
dysplasia, one (8.3%) patient had high-grade dysplasia, two 
patients (16.7%) had adenocarcinoma, and all patients had a 
documented Prague classification (Supplementary Table 1).

Differential biomarker expression in Barrett’s 
esophagus and adjacent normal tissues

For comprehensive immunophenotyping, we 
compiled a cassette of canonical epithelial targets (EpCAM, 
CD24, CD44, CD49f, Her2/neu (Her2), CD133, CD90, 
CD166, CD184, and CD29) and immune cell markers 
(CD3, CD45, CD127, CD56, CD4, CD8, CD14, CD25, and 
CD19) (Supplemtary Table 2)to discern differences across 
normal and BE tissues (gating strategy shown in Figure 2). 
We (abstract 2113, AACR 2018) and others have previously 
shown these markers to be unaffected by tissue processing 
[9, 10]. To test if the differences in cellular composition 
of BE and normal adjacent squamous epithelium tissue 
were significant, a generalized linear model (GLM) was 
used to generate estimates for each tissue/surface marker 
interaction. This was followed by correcting for multiple 
testing, using the general linear hypothesis testing approach 
(GLHT), which generated the mean and confidence 
intervals for the difference between BE and normal 
squamous estimates for each surface marker (Figure 3A). 
Parallel coordinate plots for each marker are shown in 
Figure 3B, in descending order as ranked by the GLM for 
expression in BE tissue. BE tissue had a significantly higher 
percentage of live cells as compared to normal squamous 
tissue. Among the epithelial markers measured, BE samples 
are characterized by a higher percentage of epithelial cells 
(CD45-, EpCAM+) including cells expressing Her2, a 
marker of BE and esophageal adenocarcinoma, and the cell 
adhesion marker CD49f. Expression of CD133, CD184, 
CD166, CD24, and CD44 were all significantly lower in 
BE samples as compared to normal tissue, while there were 
no significant differences in CD29 or CD90.

Next, we investigated the composition of the immune 
microenvironment of BE as compared to matched adjacent 
normal squamous epithelium using markers against T 
cells (CD3, CD4, and CD8), B cells (CD19), monocytes 
(CD14), NK cells (CD56), and T-regulatory cells (Tregs; 
CD25 and CD127). While BE tissue had an increased 
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Figure 1: Schematic overview of single cell analysis for tissue immunophenotyping. (A) Matched diseased and adjacent 
normal tissue biopsies are dissociated into single cell suspensions by enzymatic dissociation. Cells are passed through a 70µm filter and 
RBCs are lysed and washed away. Cell numbers and viability are estimated using Vi-CELL XR automated cell viability analyzer. Cells are 
then labeled with fluorochrome-conjugated antibodies so that immunophenotypic signatures can be analyzed by flow cytometry. (B) Total 
and viable cell yields after tissue dissociation. Threshold for inclusion into the analysis was set at 20,000 total viable cells (red line), with 
5 samples (UPENN30, UPENN33, UPENN39, UPENN40 and UPENN 43) excluded for insufficient viable cells. UPENN34 was not able 
to be stained with all markers so was also excluded. Excluded samples are highlighted in grey.
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percentage of B cells as compared to adjacent normal 
tissue, this difference did not reach statistical significance 
due to the wide range of expression among BE samples. 
There was also no significant difference in the percentage 
of monocytes, Tregs, CD4+ T cells, CD8+ T cells, or NK 
cells between BE and adjacent normal squamous tissue 
(Figure 2). In comparison with BE, adjacent normal 
squamous tissue had an increased percentage of CD45+ 
immune cells and CD3+ T cells. CD3+ T cells, followed 
by monocytes, comprised the two largest subsets of 
CD45+ cells detected in both BE and normal tissue (Figure 
3C). Taken together, these results suggest that significant 
differences exist in marker expression at a single cell level 
between matched diseased and adjacent normal biopsies 
from Barrett’s esophagus patients.

Marker panel facilitates accurate clustering of 
BE from normal tissue

To assess whether our marker panel could accurately 
distinguish between BE and matched normal tissue, we 

next used t-distributed stochastic neighbor embedding 
(t-SNE) as shown in Figure 4. t-SNE showed that BE and 
normal squamous tissue formed separate clusters but also 
revealed unexpected similar phenotypes. The BE tissues of 
patient UPENN32 and UPENN47 (patient with confirmed 
adenocarcinoma), clustered with normal squamous tissues, 
and the normal squamous tissue of patient UPENN42 
clustered with BE tissues. As shown in Figure 5, 
hierarchical clustering supports this grouping. A heatmap 
with distance trees was able to recapitulate the clustering 
of BE samples away from normal squamous samples into 
two discrete groups (Figure 5), and as seen with t-SNE 
analysis, normal adjacent squamous tissue from patient 
UPENN42 clustered with BE tissues while BE tissues 
from patient UPENN47 and UPENN32 clustered with 
normal squamous tissues. Hierarchical clustering revealed 
low expression of EpCAM in BE tissue for UPENN47 and 
UPENN32, consistent with the EpCAM levels of other 
patients’ squamous tissue, and high expression of EpCAM 
in the normal squamous tissue for UPENN42, consistent 
with EpCAM levels for other patients’ BE tissue. This 

Table 1: Patient characteristics.

n (%)

All patients
(n = 12)

Median age

 Median 61 (53 – 81)

Sex

 Male 8 (67)

 Female 4 (33)

Race

 White 12 (100)

 Other 0 (0)

Months from Diagnosis

 Median 33.8 (2.0 – 84.3)

BMI

 Median 30.6 (23.5 – 35.0)

Smoking status

 Active 1 (8)

 Former 3 (25)

 Never 8 (67)

Pathology

 Intestinal Metaplasia 8 (67)

 Low Grade Dysplasia 1 (8)

 High Grade Dysplasia 1 (8)

 Adenocarcinoma 2 (17)
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clustering analysis suggests that the selected panel of 19 
markers can effectively distinguish BE and normal tissue 
for the majority of patients in our cohort.

Selection of markers most important for 
distinguishing phenotypic states

We reasoned that a 19-marker flow panel might 
prove unwieldy for eventual deployment in a clinical flow 
cytometry lab where 5- or 10-marker panels are more 

routinely used. To determine whether the accuracy of a 
smaller panel would be sufficient and to identify those 
markers that are essential for accurately distinguishing BE 
from normal adjacent tissue, we next employed the random 
forest (RF) model to rank the 19 markers according to 
their predictive power of a biological phenotype. As 
shown in Figure 6, 14 of the 19 markers have a positive 
Mean Decreased Accuracy (MDA) score and positively 
contribute to the model’s accuracy. To determine the 
accuracy of our marker panel as well as subsets of those 

Figure 2: Gating strategy for single-cell immunophenotyping. Gating strategy for epithelial (A) and immune cell (B) marker 
panel on LSRFortessa X-20 with representative image of Barrett’s esophagus tissue (UPENN42-B) cell suspension. Hoechst and amine 
staining are used to eliminate cellular debris and non-viable cells present in the sample. CD45-negative cells are analyzed for a set of 
epithelial cell markers. CD45-positive cells are analyzed for a set of immune cell markers.
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Figure 3: Differential biomarker expression in Barrett’s esophagus and adjacent normal tissues. (A) Results for a 
generalized linear model (GLM) used to generate estimates for each tissue-surface marker interaction. For each marker, the mean difference 
between BE and normal squamous is indicated by the circle and the 95% confidence interval of the differences by the black line. The 
general linear hypothesis testing approach (GLHT) was used to correct for simultaneous testing. Markers whose confidence intervals do 
not overlap with zero are significantly different between Barrett’s and Squamous tissue types (p-values listed and significantly different 
markers denoted by asterisks). (B) Percent positive of the parent population for each surface marker in each individual normal/BE pair. 
For each marker, the parent population is listed in the top grey row and the marker of interest in the bottom grey row above each plot. (C) 
Comparison of immune marker profiles of BE and normal Squamous tissue. Immune subsets of CD45+ WBCs were determined based on 
the gating scheme shown in Figure 2B, and including markers for: CD3+ T cells, CD3-CD19+ B cells, CD3-CD14+ monocytes, and CD3-
CD19-CD56+ NK cells. The height of each bar represents the median percent of CD45+ cells in each immune subset.
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markers, we next used recursive feature elimination (RFE) 
in an iterative fashion, removing the lowest performing 
predictors after each iteration. Performing RFE for panels 
ranging from 5 to 19 markers, we found that accuracy 
varied only slightly from a low of 0.8167 for 12 markers 
to a high of 0.8778 for 13 markers. The accuracy of a 5, 
8 or 9 marker panel was very similar to the accuracy of 
the 13 marker panel at 0.8611. These results suggest that 
a smaller, more feasibly sized panel of 5 markers would 
achieve similar accuracy as the full 19-marker panel 
(accuracy 0.8444). The minimal differences between the 
accuracy of the marker sets is most probably because the 
top markers are shared in every combination of markers 

used in the RFE and are likely driving the accuracy in each 
of the marker sets (Supplementary Table 3).

DISCUSSION

Barrett’s esophagus represents metaplasia of the 
esophagus that can progress through stages of low- and high-
grade degrees of dysplasia to esophageal adenocarcinoma. 
Previous studies have strongly implied a role for 
inflammation in the pathogenesis of BE [11–14]. Fitzgerald 
et al. analyzed bulk cell mRNA for a limited panel of 
cytokines and reported the presence of an inflammatory 
cytokine gradient in BE with higher expression of pro-

Figure 4: t-distributed stochastic neighbor embedding (t-SNE) of marker expression of Barrett’s esophagus vs. normal 
adjacent squamous tissues. Phenotypic clustering of BE and squamous tissues is displayed as a t-SNE plot.
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inflammatory cytokines IL-8 and IL-1β at the new 
squamocolumnar junction [15]. Another group studying the 
immune cell composition of BE compared the Th1 and Th2 
effector cell infiltrate of patients with BE to that of patients 
with reflux esophagitis (RE). Immunohistochemical analysis 
revealed that the proportion of Th2 effector cells (plasma 
cells and mast cells) was higher in BE than RE. By contrast, 
the immune composition of RE had a proinflammatory 
Th1 (CD8+ T cell) signature [14]. However, this study did 
not comprehensively analyze other immune cell subsets. 
A comprehensive and precise analysis of the composition 

of the immune and epithelial cell landscape in Barrett’s 
esophagus compared to normal squamous tissue has 
been lacking, thus providing the rationale for our studies. 
Utilizing single-cell flow analysis and probing for markers 
of T cells, B cells, monocytes, NK cells, and Treg cells, 
as well as epithelial markers, our study identifies marked 
differences in the surface immunophenotypes of matched 
BE and normal adjacent tissue. To our knowledge, our 
study is the first deep immunophenotypic characterization 
of the microenvironment of both BE and normal adjacent 
squamous tissue.

Figure 5: Heatmap with distance trees displaying clusters of individual samples using surface markers or cell 
types. Unsupervised hierarchical clustering (complete clustering method using Euclidean distance) of marker expression in cells from BE 
and normal squamous tissue as detected by flow cytometry. Scale bar refers to percent positive for each sample/marker combination. BE, 
Barrett’s esophagus; HGD, High Grade Dysplasia; IM, Intestinal Metaplasia; LGD, Low Grade Dysplasia.
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Inflammation, and more specifically shifts from 
a chronic cell-mediated environment to a humoral 
phenotype, has been thought to facilitate malignant 
growth by repression of cellular immunity and 
surveillance[16–21]. We report a decrease in the T cell 
population from normal squamous tissue to BE tissue 
that is accompanied by an increase in B cells, as the 
above studies would predict. Shifts from a T cell-rich 
microenvironment to a more B cell dominated landscape 
may potentially predict disease progression, although 
larger studies would have to be done to confirm this. In 
addition, these results highlight important unanswered 
questions about the molecular pathogenesis of BE. We 
demonstrate that an increase in B cells is accompanied 
by an increase in CD49f+ and Her2+ epithelial cells, 
suggesting that crosstalk between the epithelial and 
immune cell compartment may be an important factor 
in the pathogenesis of BE. Indeed, work by Derks et 
al. characterizes expression of the PD-1 ligand PD-
L2 expression in epithelial BE and adenocarcinoma 
cells. Further in vitro work in adenocarcinoma cell lines 
demonstrates that Th2 cytokines, characteristically 
observed in BE, can augment PD-L2 expression [22]. 
Thus, our study paves the way for identification of 
shifts in cellular composition across the spectrum of 
disease, leading to novel hypotheses regarding disease 
pathogenesis. This work also demonstrates the feasibility 
of deep immunophenotyping to investigate the molecular 
crosstalk between specific epithelial and immune cell 
compartments and the role of epithelial cells in mediating 
the inflammatory response in BE. While expanded studies 

are required, it is tempting to speculate that strategies 
to disrupt the infiltration of B cells and/or augment 
the persistence of effector T cells may identify new 
therapeutic strategies to ameliorate progression of BE to 
dysplastic states and beyond to adenocarcinoma.

Our study also examines the expression patterns of 
epithelial cell markers. Previous immunohistochemical 
studies by Ecker et al. demonstrated that high-grade 
dysplasia in BE overexpress the HER family of receptor 
tyrosine kinases as compared to low-grade dysplastic 
lesions [11]. Additionally, Her2 expression in high 
grade dysplasia correlated with degree of dysplasia and 
disease progression [13, 23, 24]. Our results expand on 
these previous findings and demonstrate that a higher 
percentage of BE cells express Her2 across various 
stages of metaplasia, implicating a role for Her2 in the 
pathogenesis of BE and its progression to adenocarcinoma. 
When these epithelial markers were combined with 
immune cell markers for a panel of 19 total markers, 
this yielded a signature that could accurately distinguish 
normal from diseased tissue. While flow panels of this size 
or larger can be easily analyzed on a research basis, this 
number of markers might be unwieldy for adaptation to a 
clinical testing environment. Further analysis identified a 
5 marker panel with similar accuracy for distinguishing 
normal from adjacent diseased tissue that could be readily 
deployed on 3- or 4-laser flow cytometry instruments. 
While this demonstrates the flexibility of our approach, 
additional experiments with larger numbers of patients 
will need to be done to determine the optimal combination 
of markers. Taken together, our results demonstrate the 

Figure 6: Marker importance as measured by the mean decrease in accuracy for each biomarker in a random forest 
model. The model directly measures the impact of each feature on accuracy of the model. Markers whose values are greater than zero, i.e., 
above the red horizontal line, positively contribute to the model accuracy.
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feasibility of deep phenotyping for comprehensive disease 
characterization and the eventual development of clinically 
relevant diagnostic tools and therapeutic strategies.

MATERIALS AND METHODS

Patient cohorts

Our cohort consisted of eighteen Barrett’s esophagus 
patients. Biopsies were obtained from Barrett’s esophagus, 
as defined by endoscopic appearance (confirmed by 
histopathology) and adjacent normal squamous epithelium. 
Viable cells were obtained from dissociated tissues (Figure 
1A) and samples with fewer than 20,000 viable cells were 
excluded from further analysis. Deep flow cytometric 
phenotypic analysis requires multiple levels of sub-gating, 
thus we selected a cut-off of 20,000 viable cells. Five 
samples (UPENN30, UPENN33, UPENN39, UPENN40 
and UPENN 43) were excluded for having a viable cell 
yield below this threshold (Figure 1B). Sample UPENN34 
was excluded for technical problems with surface marker 
staining. The remaining 12 patients with matched biopsies 
from BE and adjacent normal squamous epithelium were 
included in our study (Table 1). This study was approved 
by the University of Pennsylvania Institutional Review 
Board (IRB).

Esophageal tissue extraction and dissociation

Biopsies from Barrett’s esophagus and matched 
normal adjacent squamous tissue were collected 
endoscopically and immediately stored in sterile DPBS 
(Corning, Corning, NY, USA) on ice. Each matched tissue 
was treated identically such that the normal tissue could 
serve as an internal control for the Barrett’s esophagus 
tissue. De-identified tissue specimens were received by 
research staff within one hour of collection. Specimens 
were immediately weighed, placed in HypoThermosol 
FRS Preservation Solution (Sigma-Aldrich Chemical 
Company, St Louis, MO, USA), and shipped overnight 
on ice to BD Technologies and Innovation. Tissue was 
dissociated enzymatically into single cells as described 
previously [25–28]. Briefly, BE and adjacent normal 
biopsies were decanted through a 70μm filter and the 
supernatant was stored (workflow shown in Figure 1A). 
Biopsies were then transferred by forceps to a vessel 
with reconstituted BD Horizon™ Dri Tumor & Tissue 
Dissociation Reagent (BD Biosciences, San Jose, CA) and 
placed in a 37oC water bath for 30 minutes with frequent 
agitation. The enzymatic reaction was stopped by rinsing 
in PBS (Cellgro, Manassas, VA) with 1% Bovine Serum 
Albumin and EDTA (Sigma-Aldrich Chemical Company, 
St. Louis, MO), and the cell suspension pooled with the 
stored supernatant was filtered again through a 70 μm 
filter. After centrifugation, if blood was visible in the 
pellet, the samples were treated with ACK Buffer (Life 

Technologies, Grand Island, NY) to remove contaminating 
red blood cells, rinsed with PBS, centrifuged, and then re-
suspended in Pre-Sort Buffer (BD Biosciences, San Jose, 
CA). Cell number and viability were estimated using Vi-
CELL XR automated cell viability analyzer (Beckman 
Coulter, Indianapolis, IN).

Cell staining for flow cytometry and analysis

Following dissociation, single-cell suspensions 
were incubated for 30 minutes on ice in FcR Blocking 
Reagent (Miltenyi Biotec, Auburn, CA), then diluted in 
PBS and evenly distributed into wells of a 96-well plate 
containing viability dye (LIVE/DEAD Fixable Aqua Dead 
Cell Stain reagent, Invitrogen, Eugene, OR) and Hoechst 
33342 (Invitrogen, Eugene, OR) at 0.2μg/mL for viable 
nucleated cell identification. Fluorochrome-conjugated 
monoclonal antibodies were added and cells were 
incubated for 30 minutes at room temperature in the dark, 
then washed twice in PBS before acquisition on a BD flow 
cytometry cell analyzer (detailed list of staining antibodies 
in Supplementary Table 2). The first five pairs of samples 
(UPENN31, UPENN32, UPENN 35, UPENN36 and 
UPENN37 ) were run on a BD LSRII using a 10-color 
panel; the remaining 7 pairs of samples (UPENN38, 
UPENN41, UPENN42, UPENN44- UPENN47) were run 
on a BD LSRFortessa X-20 analyzer. The transition to 
the X-20 instrument allowed us to include an additional 
marker, CD14 FITC, and to increase the number of 
markers per well, thus reducing the number of wells 
needed for testing. For each sample, the total viable cells 
were divided evenly between the wells to be analyzed. Due 
to sparse cellularity we were unable to run fluorescence 
minus one (FMO) controls, and we used matched normal 
tissue populations and normal donor RBC-lysed peripheral 
whole blood samples stained in parallel with the test 
samples to act as experimental controls and as a reference 
for setting gates. Analysis was performed using FACSDiva 
software (version 6.1.3 LSRII or version 8.1 LSRFortessa 
X-20). Secondary analysis and graphical representations 
of the data were performed using R [R Core Team (2017). 
R: A language and environment for statistical computing. 
R Foundation for Statistical Computing, Vienna, Austria. 
URL https://www.R-project.org/]. For data modeling we 
used marker combinations for established, functionally 
distinct cell types (T cells, B cells, monocytes, NK cells, 
and T-regulatory T cells) and positive % of live cells for 
all other individual markers.

Statistical analysis

To determine which markers are important in 
distinguishing BE vs. squamous tissues, we used two 
different approaches. First, to test if the differences 
in cellular composition of BE and normal adjacent 
squamous epithelium were significant, a generalized 

https://www.R-project.org/
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linear model (GLM) with a logit link was used to 
generate estimates for each tissue/surface marker 
interaction (Figure 3A). This was followed by correcting 
for multiple testing, using the general linear hypothesis 
testing approach (GLHT), which generated the mean 
and confidence intervals for the difference between BE 
and normal squamous estimates for each surface marker. 
Second, a random forest model was used to generate 
a measure of importance of each marker to correctly 
classify the sample types as either BE or squamous. 
Previous studies have utilized the RF model to rank 
genes according to their predictive power for leukemia, 
prostate and colon cancer [29]. Markers that have higher 
values are more important to the model for accurately 
predicting tissue disease state. Recursive feature 
elimination (RFE) is a feature selection method that 
fits a model and iteratively removes the weakest feature 
(or features) until the specified number of features is 
reached. We tested the accuracy of our RF model using 
the top 5 to 14 markers from our original 19 marker RF 
model. t-Distributed Stochastic Neighbor Embedding 
(t-SNE) is a non-linear dimensionality reduction 
algorithm used for exploring high dimensional data in 
two (or three) dimensional space, suitable for human 
observation.
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