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Abstract

Background: Current histologic methods for diagnosis are limited by intra‑ and 
inter‑observer variability. Immunohistochemistry (IHC) methods are frequently used to 
assess biomarkers to aid diagnoses, however, IHC staining is variable and nonlinear and the 
manual interpretation is subjective. Furthermore, the biomarkers assessed clinically are 
typically biomarkers of epithelial cell processes. Tumors and premalignant tissues are not 
composed only of epithelial cells but are interacting systems of multiple cell types, including 
various stromal cell types that are involved in cancer development. The complex network 
of the tissue system highlights the need for a systems biology approach to anatomic 
pathology, in which quantification of system processes is combined with informatics tools 
to produce actionable scores to aid clinical decision‑making. Aims: Here, we describe a 
quantitative, multiplexed biomarker imaging approach termed TissueCypher™ that applies 
systems biology to anatomic pathology. Applications of TissueCypher™ in understanding 
the tissue system of Barrett’s esophagus (BE) and the potential use as an adjunctive tool in 
the diagnosis of BE are described. Patients and Methods: The TissueCypher™ Image 
Analysis Platform was used to assess 14 epithelial and stromal biomarkers with known 
diagnostic significance in BE in a set of BE biopsies with nondysplastic BE with reactive 
atypia (RA, n = 22) and Barrett’s with high‑grade dysplasia (HGD, n = 17). Biomarker and 
morphology features were extracted and evaluated in the confirmed BE HGD cases versus 
the nondysplastic BE cases with RA. Results: Multiple image analysis features derived 
from epithelial and stromal biomarkers, including immune biomarkers and morphology, 
showed significant differences between HGD and RA. Conclusions: The assessment of 
epithelial cell abnormalities combined with an assessment of cellular changes in the lamina 
propria may serve as an adjunct to conventional pathology in the assessment of BE.
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INTRODUCTION

The majority of tissue‑based diagnoses are made 
by manual analysis of hematoxylin and eosin 
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(H&E)‑stained slides by light microscopy. When 
biomarkers are assessed, they are typically labeled 
by immunohistochemistry (IHC) with manual 
interpretation. While these traditional pathology methods 
are valuable, they are limited by subjectivity, variability, 
and workflow inefficiencies. Digital pathology is gaining 
momentum with the adoption of high‑throughput whole 
slide scanners to digitize tissue slides,[1‑3] and algorithms 
for automated histologic grading and semi‑quantitative 
assessment of biomarkers stained by IHC.[4‑8] The Food 
and Drug Administration (FDA) has approved some 
of these algorithms for in vitro diagnostic use.[9,10] This 
transition to a digital workflow will improve efficiency 
and objectivity, however, even with digital slide analysis 
the accuracy of chromogenic IHC is limited by inherent 
variability in staining intensity and multiplexing of IHC 
is challenging. Furthermore, the majority of biomarkers 
used in anatomic pathology are markers of epithelial cell 
processes. The structure of the tissue system and the vital 
interactions of epithelial cells with stromal components, 
including multiple types of immune cells, demonstrate 
the need for a systems biology approach to anatomic 
pathology testing.[11,12] Assessment of tumors and 
premalignant tissues as a “system” has the potential to 
improve on the current diagnostic tools by creating high 
content profiles that capture key features of the tissue 
environment, and quantify both genetic and nongenetic 
heterogeneity. This tissue systems approach termed 
“TissueCypher™” is the subject matter of multiple issued 
patents and patent applications.[13‑16]

Technologies that measure changes in gene expression or 
mutations require tissues to be digested to extract nucleic 
acids, resulting in loss of morphology and spatial data that 
are critical for accurate measurement and interpretation 
of many biomarkers. Therefore, a spatial systems biology 
approach is required that builds on standard pathology 
methods to measure multiple key biomarkers in the 
appropriate context of tissue architecture.

TissueCypher™ is a platform for multi‑channel 
fluorescence whole slide digital image reading, image 
object segmentation and high‑dimensional biomarker 
and morphology feature measurements. This is coupled 
to classifier software to integrate biomarker data with 
morphology data and clinical data to produce diagnostic, 
prognostic and predictive scores. The TissueCypher™ 
approach has broad applications in anatomic pathology, 
particularly in disease areas where there is significant 
observer variability, where tissue sample volume is 
limited, and where multiple biomarkers are required for 
accurate assessment of diagnosis, prognosis or response to 
therapies.[13‑16]

Barrett’s esophagus (BE) surveillance is one such area 
in which there is significant variability in the histologic 
diagnosis of premalignant stage, and limited biopsy 

material available for analysis of multiple biomarkers 
assessed by traditional IHC methods.[17,18] BE develops in 
a background of chronic inflammation and both epithelial 
and stromal processes play a role in disease progression. 
BE is a precursor to esophageal adenocarcinoma (EAC), 
which develops in a defined sequence of changes from 
benign metaplasia, to low grade dysplasia (LGD), to high 
grade dysplasia (HGD) to EAC. The risk of progression to 
EAC is very low,[19‑21] however, treatment options for EAC 
are limited and thus early detection is critical. Patients 
with BE are frequently screened by endoscopy with 
biopsies and management decisions are based on histologic 
evaluation of esophageal biopsies by pathologists.[22] The 
difficulties in accurately diagnosing dysplasia in BE by 
morphology alone has been well‑described.[23,24] Pathology 
analyses are frequently confounded by ambiguous cases, 
such as reactive atypia (RA) and dysplasia, which can 
appear morphologically similar, but have very different 
clinical outcome and require different management. RA 
is believed to reflect epithelial regeneration in response 
to inflammation and does not indicate increased risk of 
cancer. Dysplasia, particularly when high‑grade, is the 
morphologic manifestation of neoplastic transformation 
and is associated with a high risk of cancer. Current 
clinical guidelines recommend intervention with 
endoscopic ablative therapy for confirmed HGD[22] and 
there is growing evidence to support ablative therapy 
for confirmed LGD.[25,26] The histologic differences 
between dysplastic and reactive epithelia can be subtle 
and subject to observer variability, particularly in a 
background of inflammation, adjacent to ulcers or 
erosions and in mucosa near the junction between 
squamous and columnar tissue. For example, both 
dysplastic and reactive epithelium exhibit nuclear 
changes such as hyperchromasia, however, the atypia 
is usually more variable in reactive versus dysplastic 
epithelium. Further, both dysplastic and reactive epithelia 
display enlarged nuclei, however, dysplasia is associated 
with irregular nuclear contours whereas reactive nuclei 
typically have regular nuclear contours.[27,28] These 
histologic abnormalities form a continuous spectrum and 
while some cases can be confidently diagnosed, it can be 
difficult to define a precise line of demarcation between 
dysplasia and RA. Diagnostic uncertainty is exacerbated 
by the need to interpret limited samples in small 
biopsies. Both genetic‑ and protein‑based biomarkers 
have been shown to contribute to diagnostic accuracy 
in BE[29‑32] and have the potential to aid pathologists in 
the distinction of regenerative epithelium and dysplasia. 
However, the difficulties in managing multiple IHC 
tests on small biopsies and in manually integrating 
morphologic and molecular findings into a diagnosis have 
hindered the clinical use of biomarkers in BE. There is no 
single biomarker that can accurately diagnose the grade 
of dysplasia of BE[33] and it is clear that a multi‑biomarker 
approach is required. The TissueCypher™ platform will 
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enable quantitative measurement of multiple epithelial 
and stromal biomarkers in the context of BE morphology. 
The TissueCypher™ approach provides the ability to 
integrate the results of multiple biomarkers on small 
tissue samples while meeting both the need for improved 
objectivity in BE diagnostic testing and the need to 
extract the key molecular and spatial information from 
the “tissue system” for accurate diagnosis and prognosis. 
This approach can be applied as an adjunctive tool to 
conventional pathological analysis to improve objectivity 
and accuracy in the assessment of BE and enable 
targeting of ablative therapies to patients with dysplasia. 
Here, we describe the TissueCypher™ image analysis 
methods and evaluate the applications of the technology 
in distinguishing HGD from RA in BE.

PATIENTS AND METHODS

BE cases with gastrointestinal (GI) subspecialist‑
confirmed diagnoses of nondysplastic BE with RA 
(RA, n = 22 patients) and BE with HGD (HGD, 
n = 17 patients) were retrieved from two institutions 
with accompanying clinicopathological data. The 
biopsies with RA were from patients with at least 
4 years endoscopic surveillance data showing no 
subsequent disease progression. The biopsies with HGD 
were from patients with endoscopic surveillance data 
demonstrating disease progression to either confirmed 
adenocarcinoma (n = 14) or HGD suspicious for 
adenocarcinoma (n = 3). The clinicopathological data 
elements included the original diagnoses provided by a 
generalist pathologist as part of endoscopic surveillance. 
Of the 22 cases with GI subspecialist diagnosis of RA, 
the original diagnoses were LGD (n = 5), indefinite for 

dysplasia (n = 10) and nondysplastic (n = 7). Of the 
17 cases with subspecialist diagnosis of HGD, the original 
diagnoses were HGD (n = 13), LGD (n = 1), indefinite 
for dysplasia (n = 1) and nondysplastic (n = 2). The 
study was approved by the institutional review boards at 
each institution.

Fluorescence Immunolabeling
Five‑micrometer sections of formalin‑fixed 
paraffin‑embedded (FFPE) Barrett’s biopsies were stained 
with H&E by standard histology methods. Additional 
sections were labeled by multiplexed immunofluorescence 
for cytokeratin 20 (CK‑20), Ki‑67, b‑catenin, p16, 
alpha‑methylacyl‑coenzyme A racemase (AMACR), p53, 
human epidermal growth factor receptor‑2/neu (HER2/
neu), CDX‑2, CD68, nuclear factor kappa‑B (NF‑kB) 
p65, cyclooxygenase‑2 (COX‑2), hypoxia‑inducible 
factor‑1 alpha (HIF‑1a), CD45RO, CD1a plus Hoechst 
to label nuclei. The panel of biomarkers evaluated is 
summarized in Table 1 and includes epithelial‑type 
biomarkers as well as biomarkers of stromal processes 
such as angiogenesis and specific immune cell subsets, 
e.g., macrophages. The biomarkers were selected to 
demonstrate the ability of the TissueCypher Image 
Analysis Platform to detect systems molecular and cellular 
changes between different disease states in the spectrum 
of BE. The biomarkers were multiplexed in four‑channel 
fluorescence sub‑panels consisting of Hoechst and three 
biomarkers per slide. Briefly, slides were baked for 30 min 
at 60°C, dewaxed by immersion in Aqua DePar (Biocare 
Medical, Concord, CA), followed by epitope retrieval 
in Tris‑ethylenediaminetetraacetic acid pH 9 buffer at 
97–99°C for 30 min then room temperature for 20 min. 
Slides were then washed, blocked first with Image‑iT 
FX Signal Enhancer (Life Technologies, Carlsbad, CA) 

Table 1: Biomarkers evaluated by TissueCypher

Biomarker Process/function Abnormality/expression pattern in BE Selected 
literature

p53 Tumor suppressor, apoptosis Nuclear overexpression or loss in epithelial cells [34,35]
p16 Cell cycle control Cellular loss in epithelial cells [31,36]
β‑catenin Adhesion, migration Nuclear translocation in epithelial cells [37,38]
HER2/neu Cell growth, proliferation Plasma membrane overexpression in epithelial cells [39,40]
AMACR Lipid metabolism Overexpression in peroxisomes and mitochondria of epithelial cells [41‑43]
Ki‑67 Proliferation Increased expression in nuclei of metaplastic cells [44,45]
NF‑κB p65 Inflammation Nuclear translocation [46,47]
COX‑2 Inflammation Overexpression in epithelial and stromal cells [48,49]
CD68 Macrophages Stromal density and phenotype of macrophages [50,51]
CD45RO Memory lymphocytes Stromal density [52,53]
CD1a Dendritic cells Stromal density [54,55]
HIF‑1α Angiogenesis Expression and subcellular localization in stromal cells [56,57]
Cytokeratin‑20 Metaplasia Plasma membrane expression in epithelial cells [58]
CDX‑2 Metaplasia Nuclear expression in epithelial cells [59]
Hoechst DNA label DNA content, nuclear morphology [60,61]

BE: Barrett’s esophagus, HER2: Human epidermal growth factor receptor 2, AMACR: Alpha‑methylacyl‑coenzyme A racemase, NF‑κB: Nuclear factor kappa‑B, COX‑2: Cyclooxygenase‑2, 
HIF‑1α: Hypoxia‑inducible factor‑1 alpha
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then with 5% goat serum blocking buffer followed by 
incubation with a primary antibody cocktail containing (i) 
anti‑CK‑20, anti‑Ki‑67, and anti‑b‑catenin; (ii) anti‑p16, 
anti‑AMACR, and anti‑p53; (iii) anti‑HER2/neu, 
anti‑CK‑20, and anti‑CDX‑2; (iv) CD68, NF‑kB p65, 
and anti‑COX2; or (v) anti‑HIF‑1a, anti‑CD45RO and 
anti‑CD1a antibodies for 1 h at room temperature. 
Antibody sources are detailed in Supplemental 
Table 1. Slides were washed and incubated for 1 h at 
room temperature with a secondary antibody cocktail 
containing Alexa Fluors 488‑, 555‑ and 647‑conjugated 
goat‑anti isotype‑specific mouse and goat anti‑rabbit 
IgG antibodies (Life Technologies), which were specific 
to each primary antibody cocktail. Slides were washed, 
labeled with Hoechst 33342 (Life Technologies) for 
3 min, washed again, and mounted with a glass coverslip 
using Prolong Gold Antifade (Life Technologies).

Whole Slide Scanning
H&E‑stained slides were imaged at ×20 magnification on 
a NanoZoomer Digital Pathology scanner (Hamamatsu 
Photonics, K.K., Japan). Fluorescently‑labeled slides 
were imaged by whole slide 4‑channel fluorescence 
scanning at ×20 magnification on a ScanScope 
FL (Aperio Technologies/Leica BioSystems, Vista, 
CA) utilizing a BrightLine® Pinkel quadband filter 
set optimized for 4’,6‑diamidino‑2‑phenylindole, 
fluorescein isothiocyanate, tetramethylrhodamine, 
and Cy5 (FF01‑440/521/607/700‑25), and BrightLine® 
single‑band bandpass excitation filters FF01‑387/11‑25, 
FF01‑485/20‑25, FF01‑560/25‑25, and FF01‑650/13‑25 
(Semrock, Rochester, NY, USA). A light source calibration 
device was utilized to ensure the consistent illumination 
necessary for quantitative image analysis (Lumen 
Dynamics/Excelitas Technologies Corp., Waltham, MA). 
A standardized imaging protocol was developed with 
optimal exposure times for each channel.

TissueCypher™ Image Analysis Platform
Whole slide fluorescence images were analyzed 
using Cernostics’ TissueCypher™ Image Analysis 
Platform (Cernostics, Inc., Pittsburgh, PA), which 
includes a high performance file reading mechanism 
based on BigTiff format to decode raw image data, 
MatLab algorithms for segmenting low level tissues 
objects such as nuclei, cytoplasm, plasma membrane, and 
whole cells to allow feature collection at the cellular and 
sub‑cellular level and also higher order computer vision 
models for spatial quantification of biomarkers in tissue 
compartments, such as epithelium, metaplastic areas, and 
lamina propria.

Tissue detection
A tissue detection algorithm was developed to detect 
individual tissue fragments on the slide. This algorithm 
first converts the four channel tissue image to RGB via 
R = 485 nm channel plus 650 nm channel, G = 560 nm 

channel plus 650 nm channel, B = 387 nm channel, then 
performs image thresholding using Otsu’s method[62] and 
applies a morphological dilate operation followed by a 
flood‑fill operation.

Cellular object segmentation
A nuclei segmentation algorithm was used to 
generate nuclei masks based on anisotropic diffusion 
and morphological image processing operations; 
two‑dimensional anisotropic was used,[63] followed by 
histogram equalization[64] and conversion to binary 
using Otsu’s method. A cell mask was utilized to 
segment cells containing nuclei by first creating a 
distance map to which the watershed operation[65] was 
applied, and then connected components labeling[66] 
was performed. A cytoplasm mask was generated by 
subtracting the nuclei mask from the cell mask. Plasma 
membrane masks were generated using two‑dimensional 
anisotropic diffusion, histogram equalization, and 
the conversion to binary using a biomarker signal. 
A nuclei cluster mask was developed based on Gaussian 
smoothing in the Hoechst channel, rank order filter,[66] 
image threshold using Otsu’s method, morphological 
operations to remove small objects followed by 
connected components labeling. Autofluorescence 
was reduced by removal of overlapping signal above 
312.5 (in 10 bit tissue image) in the Alexa Fluor 488 
and 555 channels.

Computer vision models for tissue structure segmentation
A metaplastic cell mask for BE was developed based on 
CK‑20 signal. Histogram equalization was performed on 
CK‑20 signal followed by Gaussian smoothing, rank order 
filter, anisotropic diffusion, image threshold using Otsu’s 
method, and morphological image closing operation, 
which is a dilation followed by an erosion using the same 
flat, disk‑shaped structuring element.[67] A metaplastic 
nuclei mask was derived by masking nuclei within 
the metaplastic cell mask. An epithelial cell mask was 
developed based on b‑catenin plasma membrane signal. 
Histogram equalization was performed on b‑catenin 
signal followed by Gaussian smoothing, rank order filter, 
anisotropic diffusion, image threshold using Otsu’s 
method, and a morphological image closing operation. 
An epithelial nuclei mask was derived by masking nuclei 
within the epithelial cell mask. A lamina propria mask 
was generated by subtracting the metaplastic cell mask, 
and the epithelial cells mask from the whole tissue 
area. A nuclei cluster mask was developed by Gaussian 
smoothing of the Hoechst signal, then rank order filter, 
Otsu’s image thresholding, morphological operations 
to remove small objects (image open (erosion followed 
by a dilation using the same structuring element[68]), 
close (dilation followed by an erosion using the 
same structuring element[67]) and dilate using a flat, 
disk‑shaped structuring element[69]) and finally connected 
components labeling.
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Quantitative biomarker and morphology feature 
measurements
TissueCypher™ Image Analysis Platform was used 
to measure an array of features of biomarkers and 
morphology within segmented cellular objects and 
segmented tissue structures. Biomarker features 
included: (i) Basic pixel intensity features (mean, sum, 
standard deviation, moment), (ii) pixel intensity ratio 
features (ratio of a biomarker in different subcellular 
compartments, ratio of one biomarker to another in the 
same or a different subcellular compartment), and (iii) 
Haralick texture features (correlation, difference entropy, 
difference variance, energy, entropy, information measures 
of correlation, inverse difference moment, sum average, 
sum entropy, sum of variances, sum variance).[70] Nuclei 
morphology features included object area, equivalent 
diameter, solidity, eccentricity, and were applied to 
all individual nuclei in tissue fragments and nuclei 
within metaplastic masks and epithelial masks within 
tissue fragments. Extracted image analysis features 
were summarized as multiple measures, including 
percentiles (5th, 15th, 25th, 50th, 75th, 85th, 90th, 95th, 
and 97th), interquartile range and area under the curve. 
Threshold‑based features were calculated using Boolean 
filters on the cell object‑based features. Features were 
summarized on the population of cell‑objects passing 
through the Boolean filters, e.g., nuclear area was 
quantified on cells with nuclei p53 mean intensity >95 
and cell p16 mean intensity <100 (on a scale of 0–1023 
in the 10 bit tissue images). Features were also localized 
to rectangular regions (161 × 161 pixels) of tissue 
images to create microenvironment‑based features. These 
features were summarized to quantify the cell‑based 
biomarker characteristics described above in the top 
scoring 5 or less microenvironments and the top scoring 
5% of microenvironments on each slide.

RESULTS

TissueCypher™ image processing and image analysis 
algorithms were developed to decode raw image data from 
multi‑channel whole slide fluorescence slides, detect tissue 
fragments on slides, apply masks to segment subcellular 
compartments and tissue compartments as individual 
objects, and calculate multiple biomarker features and 
morphological features within the segmented cellular and 
tissue compartments. The TissueCypher Image Analysis 
Platform is potentially scalable to any tissue biomarker, 
since it calculates an array of intensity and morphologic 
features within each type of segmented object (cell, 
nuclei, cytoplasm, plasma membrane), and to segmented 
objects within computer vision masks such as epithelial 
and stromal tissue compartments. These algorithms 
were used to assess a panel of 14 biomarkers with known 
diagnostic significance in BE in a set of BE biopsies with 
GI subspecialist‑confirmed diagnoses of nondysplastic 

BE with RA (RA, n = 22) and BE with HGD (HGD, 
n = 17). The RA cases were from patients with at 
least 4 years of endoscopic surveillance data showing 
no disease progression, and the HGD cases were from 
patients with subsequent disease progression. The panel 
of biomarkers evaluated is summarized in Table 1 and 
includes epithelial‑type biomarkers as well as biomarkers 
of stromal processes, including immune cell subsets. 
The goal was not to discover novel biomarkers; the goal 
was to select a panel of well‑established biomarkers 
to demonstrate the ability of the TissueCypher Image 
Analysis Platform to detect systems molecular and cellular 
changes between different disease states. Serial sections 
of FFPE BE biopsies were fluorescently immunolabeled 
for multiple epithelial and stromal biomarkers (3 per 
slide) with Hoechst labeling of DNA and imaged by 
whole slide fluorescence scanning. Example images of 14 
biomarkers and DNA labeled in BE biopsies are shown 
in Figure 1. Whole slide fluorescence images were read 
into the TissueCypher™ image analysis platform, and 
individual BE biopsy fragments were identified using the 
automated tissue detection algorithm [Figure 2]. Cell 
segmentation masks were applied to the detected biopsy 
fragments to segment individual nuclei, whole cells, 
cytoplasm, and plasma membrane [Figure 3]. Tissue 
structure masks were applied to segment epithelial cells, 
metaplastic cells, and lamina propria within the biopsy 
fragments [Figure 4].

Biomarker and morphology features were extracted and 
evaluated in the confirmed BE HGD cases versus the 
nondysplastic BE cases with RA. Multiple image analysis 
features showed significant differences between HGD 
and RA [Figure 5]. Increases in p53 nuclear intensity, 
a nuclear area in cells with p53 overexpression and p16 
loss and nuclear DNA content were observed in HGD 
versus RA [Figure 5a‑c]. Microenvironments of strong 
epithelial AMACR expression, stromal cells expressing 
HIF‑1a and CD68 (a macrophage marker) in nuclei 
clusters in the lamina propria distinguished HGD from 
RA [Figure 5d‑f].

Nuclear Ki‑67 signal intensity and nuclear area were 
evaluated in cells within the metaplasia mask produced 
by the image analysis. The image analysis features that 
were evaluated utilized multiple registered channels 
of tissue image data, including CK‑20 to mask the 
metaplastic tissue compartment, nuclear Ki‑67 to 
assess proliferation and nuclear Hoechst to segment 
nuclei as individual objects and to calculate nuclei 
area. Higher levels of proliferation and increased the 
nuclear area within metaplastic cells were observed in 
HGD biopsies compared to nondysplastic biopsies with 
RA [Figure 6].

Combinations of epithelial and stromal cell biomarkers 
were evaluated in whole slide analyses of cells within BE 
biopsies. Dysplastic cells in BE frequently overexpress p53 
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protein as a result of point mutations that inactivate the 
protein and slow the rate of p53 degradation, leading to 
its nuclear accumulation.[34] Loss of p16 protein expression 
is common in BE and is due to mutation and genomic 
loss of the p16 gene. Our analysis showed that p53 
accumulation and p16 loss occurs in the same cells that 
p53 accumulation and p16 loss occurred in the same cells 
[Figure 7a‑b, e and f]. Analysis of CD45RO and HIF‑1a in 

the same biopsies revealed heavy infiltration of the lamina 
propria by CD45RO+ memory lymphocytes and cells 
expressing HIF‑1a in HGD, versus relatively low density 
of CD45RO+ and HIF‑1a‑expressing stromal cells in the 
nondysplastic biopsy with RA [Figure 7c,d, g and h].

A biopsy of BE is a heterogeneous sample that includes 
normal tissue and a mixed sample of Barrett’s mucosa. It 

Figure 1: Multiplexed panels of tissue system biomarkers. (a‑d) Ki‑67 (green), cytokeratin 20 (red), beta‑catenin (yellow) and overlay 
of Ki‑67, cytokeratin 20 and beta‑catenin. (e‑h) p16 (green), alpha‑methylacyl‑coenzyme A racemase (red), p53 (yellow) and overlay of 
p16, alpha‑methylacyl‑coenzyme A racemase and p53. (i‑l) human epidermal growth factor receptor 2/neu (green), cytokeratin 20 (red), 
CDX‑2 (yellow) and overlay of human epidermal growth factor receptor 2/neu, cytokeratin 20 and CDX‑2. Panels (m‑p) CD68 (green), 
nuclear factor kappa‑B p65 (red), COX‑2 (yellow) and overlay of CD68, nuclear factor kappa‑B and COX‑2. (q‑t) hypoxia‑inducible factor‑1 
alpha (green), CD45RO (red), CD1a (yellow) and overlay of hypoxia‑inducible factor‑1 alpha, CD45RO, and CD1a. Hoechst labeling is 
shown in blue
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is well described that epithelial dysplasia can be limited 
to focal areas on the tissue slide,[71] which underscores 
the need to consider features limited to small areas or 
“microenvironments” of a biopsy. Microenvironment‑based 
image analysis features were evaluated to capture focal 
epithelial abnormalities and clusters of stromal cells in the 
lamina propria that may be associated with dysplasia in BE. 
Cell object‑based features (i.e., biomarker and morphology 
features localized to nuclear, cytoplasm, plasma membrane, 
or whole cell) were localized to discrete regions of the 
whole slide images to create microenvironment‑based 
features. Alpha‑methylacyl‑CoA racemase (AMACR) is 
involved in degradation of branched‑chain fatty acids. 
AMACR expression has been shown to be a specific marker 
in differentiating HGD from nondysplastic BE.[41,42] The 
scoring system for AMACR by IHC follows a standard 
0–3+ system, in which a score is assigned based on the 
percentage of epithelial cells expressing the biomarker.[41,43] 
Although, the scoring system does take into account the 
heterogeneity of epithelial AMACR expression, this manual 
scoring system is subject to observer variability and does 
not take into account its co‑expression patterns with other 
biomarkers. A TissueCypher microenvironment AMACR 
feature was evaluated in the set of HGD and RA BE 
cases. The standard deviation of AMACR cellular intensity 
in tissue microenvironments, reflecting heterogeneous 
and localized high expression was significantly higher in 
HGD versus RA biopsies [Figure 5d]. Heat maps of this 
feature in tissue images demonstrated microenvironments 
of strong AMACR signal in HGD compared to RA 
biopsies [Figure 8 a‑i]. Multivariate analysis of AMACR, 
p16, and p53 within the same tissue showed a population 
of cells within the HGD biopsy with strong AMACR 
expression. A subset of the AMACR+ cells showed loss of 
p16 and a subset had a moderate overexpression of p53.

DISCUSSION

Despite advances in other technologies such as DNA 
microarrays and massively parallel sequencing, anatomic 

pathology and microscopic analysis remains the most 
informative and widely utilized technology for diagnosis and 
decision‑making for cancer patients and patients in cancer 
screening programs. Although there is a long history of 
success with regard to manual microscopic diagnosis, there 
remain areas of well‑documented diagnostic uncertainty as 
in the case of evaluating dysplasia in BE specimens. It is 
in areas of morphologic uncertainty such as this that the 
utility of the classic microscopic method can be enhanced 
by the addition of newer technologies. Additional sections 
taken from the same FFPE tissue blocks used for routine 
pathology can be used for multiplexed fluorescence 
biomarker labeling and quantitative image analysis, 
revealing molecular and cellular differences that may not 
be evident with the traditional methods of H&E slides and 
single marker IHC with manual interpretation.

Setting the stage for the possibility of image analysis as 
a diagnostic tool is the proliferation of digital imaging 
platforms for pathology in recent years that continues to 
gain traction. Improvements to the digital workflow have 
been shown to enhance the pathologist’s user experience.[72] 
Advances in tissue image color normalization and algorithms 

Figure 2: Automated detection of Barrett’s esophagus biopsies by 
TissueCypher Image Analysis Platform. Sections of formalin‑fixed 
paraffin‑embedded Barrett’s biopsies were stained with H&E and 
scanned at ×20 (a). Additional sections from the same tissue blocks 
were fluorescently immunolabeled for Ki‑67 (green), cytokeratin 
20 (red), beta‑catenin (yellow) plus Hoechst labeling of nuclei and 
scanned at ×20 (b). Whole slide fluorescence images were read into 
the TissueCypher image analysis software to decode raw image data 
and detect individual tissue fragments (c)

cba

Figure 3: Cellular object segmentation with TissueCypher 
Image Analysis Platform. TissueCypher performs cellular object 
segmentation based on the Hoechst channel (a). Individual nuclei, 
cells, and cytoplasm are segmented (b‑d). Plasma membrane 
segmentation is based on signals from biomarkers that are 
expressed in the plasma membrane such as beta‑catenin in resting 
state or cytokeratins (e and f). Biomarker and morphology feature 
measurements are made within these segmented cellular object 
masks
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for the objective assessment of morphology and standard 
IHC biomarkers will aid adoption of digital imaging in 
pathology.[8,73‑76] The College of American Pathologists 
Pathology and Laboratory Quality Center has released 
guidelines for validating whole slide imaging systems for 
diagnostic purposes, which will further spur implementation 
of digital pathology into the clinical workflow.[77]

This study specifically evaluated the ability of 
TissueCypher™ to measure multiple epithelial and 
stromal biomarkers and nuclear morphology in biopsies 
of BE with correlation to subspecialist diagnoses of HGD 
and RA and outcomes of disease progression. A panel 
of 14 epithelial and stromal biomarkers with known 
diagnostic and/or prognostic significance in Barrett’s 

Figure 4: Tissue structure segmentation by TissueCypher Image Analysis Platform. TissueCypher segments Barrett’s esophagus fragments 
into structural compartments to enable contextual measurements of biomarkers and morphology. An epithelial cell mask utilizes 
beta‑catenin signal (a) to segment epithelial cells (b). An epithelial nuclei mask is generated by masking nuclei objects within the epithelial 
mask (c). A metaplastic cell mask utilizes cytokeratin 20 (d) to segment metaplastic epithelium (e). A lamina propria mask is derived by 
subtracting the metaplastic and epithelial cell masks from the whole tissue area (f)
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Figure 5: Comparison of TissueCypher quantitative features in Barrett’s esophagus biopsies with reactive atypia versus high‑grade 
dysplasia. Box and whisker plots showing image analysis features in Barrett’s esophagus biopsies with reactive atypia (n = 22) and Barrett’s 
esophagus biopsies with high‑grade dysplasia (n = 17). (a) p53 nuclear mean intensity; (b) nuclear area in p53+ p16− cells; (c) DNA nuclear 
95th percentile intensity; (d) alpha‑methylacyl‑coenzyme A racemase microenvironment standard deviation; (e) hypoxia‑inducible factor‑1 
alpha microenvironment variation; (f) CD68 (macrophages) mean intensity in nuclei clusters. P values on each panel are from unpaired 
t‑tests comparing the mean of the features in the high‑grade dysplasia versus reactive atypia biopsies. Error bars show minimum and 
maximum values
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was evaluated. The biomarkers included markers of 
epithelial cell abnormalities known to occur in the 
malignant progression of BE and also stromal biomarkers, 
including markers of angiogenesis and immune cell 
subsets that play roles in cancer development. The 
TissueCypher technology captured multiple molecular 
and cellular differences between HGD and RA that may 
not be evident on H&E slides and/or are difficult to 

assess by single marker IHC with manual interpretation. 
Multiple image analysis features derived from epithelial 
and stromal biomarkers and also nuclear morphology 
showed different levels in biopsies with HGD versus 
nondysplastic biopsies with RA. The biomarkers include 
markers of epithelial cell abnormalities known to occur 
in the malignant progression of BE such as p16, p53 and 
AMACR,[42,78,79] and also stromal biomarkers like HIF‑1a. 
Microenvironments of cells expressing HIF‑1a were found 

Figure 6: TissueCypher detection of differences in proliferation and morphology in reactive atypia and the high‑grade dysplasia biopsies. 
Barrett’s esophagus biopsies with reactive atypia or high‑grade dysplasia were H&E stained (a, f) or labeled for cytokeratin 20, Ki‑67 and 
Hoechst (b, g), imaged and analyzed by TissueCypher. H&E‑stained slides were imaged to assess morphology in the reactive atypia (a) and 
high‑grade dysplasia (f) biopsies. The reactive atypia patient had 4 years surveillance showing no progression. The high‑grade dysplasia patient 
was diagnosed with esophageal adenocarcinoma 100 days later. Nuclei masks (c, h) and cytokeratin 20 plasma membrane masks (d, i) are 
shown. Metaplastic cell proliferation and nuclear area were increased in the high‑grade dysplasia (g‑j) versus reactive atypia biopsy (b‑e)
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Figure 7: TissueCypher detection of molecular and cellular changes in high‑grade dysplasia versus reactive atypia. Biopsies with reactive 
atypia or high‑grade dysplasia were labeled for p16, alpha‑methylacyl‑coenzyme A racemase, p53 or CD45RO, hypoxia‑inducible factor‑1 
alpha, CD1a, plus Hoechst, imaged and analyzed by TissueCypher. Low p53 levels were detected in reactive atypia (a) whereas diffuse high 
p53 was detected in high‑grade dysplasia (e). The bivariate analysis in reactive atypia (b) and high‑grade dysplasia (f) biopsies showed that 
the majority of p53‑high cells had a p16 loss in high‑grade dysplasia. Analysis of CD45RO (red) and hypoxia‑inducible factor‑1 alpha (green) 
in the same biopsies showed low density of CD45RO+ cells and hypoxia‑inducible factor‑1 alpha+ cells in reactive atypia (c, d) versus high 
density in high grade dysplasia (g, h)
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in biopsies with HGD but not in RA, indicating that in 
addition to assessing epithelial features, assessment of 
stromal processes such as angiogenesis can aid in the 
diagnosis and prognosis of BE.

The quantitative fluorescence approach employed by the 
TissueCypher™ Image Analysis Platform carries distinct 
advantages over transmitted light immunohistochemical 
methods by providing higher resolution linear labeling of 
multiplexed biomarkers. This technique consumes less 
of the biopsy tissue by imaging multiple biomarkers in 
separate fluorescence channels on each slide. The ability 
to measure multiple biomarkers in spatially overlapping 
fluorescence channels enables assessment of co‑localization 
of biomarkers of diagnostic and prognostic importance such 
as the co‑expression of Ki‑67 and CK20 in proliferating 

metaplastic tissue and to assess nuclear morphology in 
populations of cells defined by expression of multiple 
biomarkers, e.g., cells with p16 loss and p53 overexpression.

The limitations of this study include the retrospective 
nature of the cohort, which can result in selection bias. 
The cohort included patients in surveillance at academic 
referral centers and community practice centers and the 
biopsies tested were had collection dates spanning a 
10‑year period, which prevented standardization of biopsy 
fixation and storage protocols. However, the biopsies were 
all collected during endoscopic surveillance and thus 
reflect routine BE samples requiring a risk assessment.

Gene, expression profiling tests and DNA sequencing 
approaches, have been developed for cancer diagnostics. 

Figure 8: TissueCypher assessment of microenvironment‑based biomarker features. Panels (a and d) show H&E, (b and e) 
alpha‑methylacyl‑coenzyme A racemase (red) and Hoechst (blue) and (c and f) heat maps of alpha‑methylacyl‑coenzyme A racemase cell 
intensity standard deviation in microenvironments in reactive atypia and high grade dysplasia biopsies, respectively. Multivariate analysis 
showed a population of cells within the high‑grade dysplasia biopsy with high alpha‑methylacyl‑coenzyme A racemase, including a subset 
with the p16 loss (g) and a p53‑high subset (h). Evaluation of the top 5% of alpha‑methylacyl‑coenzyme A racemase microenvironments 
showed high levels in the high‑grade dysplasia versus reactive atypia biopsy (i)
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These technologies have a significant disadvantage in that 
they require tissues to be digested to extract nucleic acids 
for testing. This results in loss of cellular morphology and 
spatial relationships, which as shown here to relate to 
diagnosis and outcome. Furthermore, it is clear that both 
genetic and nongenetic heterogeneity occur in tumors,[80] 
implying the need for a spatial systems biology approach 
to cancer diagnostics that measures multiple biomarkers 
in the appropriate subcellular compartment in the 
context of tissue architecture.

The TissueCypher Image Analysis Platform is potentially 
scalable to any tissue biomarker since it calculates 
an array of intensity and morphologic features within 
each type of segmented object (cell, nuclei, cytoplasm, 
plasma membrane) and to segmented objects within 
computer vision masks such as epithelial and stromal 
tissue compartments. Quantitative image analysis of 
systems biomarkers within the appropriate subcellular 
compartment and tissue structures has many potential 
clinical applications. The expression, tissue localization, 
subcellular localization, and ratio of biomarkers between 
different tissue and cellular compartments are relevant to 
their diagnostic, prognostic and/or predictive significance. 
For example the subtypes and spatial distribution 
of immune cells in tumor‑draining lymph nodes are 
correlated with clinical outcome in breast cancer, and 
quantitative approaches to biomarker analysis can aid 
in the understanding of these tissue profiles.[81‑83] The 
subtypes and distributions of immune cell subsets in 
primary tumors have also been shown to have prognostic 
and predictive significance.[52,84] The ability to collect 
an array of features within cellular objects and tissue 
structures enables extraction of high‑dimensional 
biomarker and morphology data from tissues, which 
can be mined for signatures associated with diagnosis, 
prognosis, and responses to therapies. Multivariable 
classifiers can be utilized to integrate quantitative 
biomarker and morphology data with relevant clinical 
variables to produce actionable diagnostic, prognostic, 
and predictive scores.

In addition to applications in aiding diagnosis of BE 
as described here, the TissueCypher technology may 
have applications in predicting future risk of malignant 
progression in BE. Despite extensive screening programs 
aimed at preventing EAC, the incidence of this cancer 
continues to rapidly increase and survival rates remain 
extremely poor.[85,86] EAC can be effectively prevented 
if dysplasia is detected and treated early with measures 
such as radiofrequency ablation (RFA) and endoscopic 
mucosal resection (EMR).[87,88] The challenge is to 
identify patients at high risk for disease progression 
so that treatments such as RFA and EMR can be 
appropriately targeted to reduce the incidence and 
mortality of EAC and to improve the cost‑effectiveness 
of the treatments and screening programs. Biomarkers 

have been described to have prognostic significance 
in predicting future risk of progression to EAC.[33,89] 
However, there is no single biomarker that can accurately 
predict risk for EAC. A multivariable, objective approach 
that quantifies epithelial and stromal processes will 
likely improve upon current histologic methods by 
detecting high‑risk molecular and cellular changes that 
precede the morphologic changes that are evaluated by 
histopathology.[90]

In summary TissueCypher™ is a quantitative, 
multiplexed biomarker‑morphology imaging approach 
that enables measurement of multiple key biomarkers 
in the context of tissue morphology. The ability to 
multiplex biomarkers and measure relationships between 
biomarkers and spatial distributions of biomarkers enables 
a systems biology approach to anatomic pathology in 
which key epithelial and stromal biomarkers, including 
immune biomarkers, can be quantified in the context 
of tissue morphology. This approach was utilized to 
detect statistically significant differences between BE 
biopsies with HGD and nondysplastic biopsies with 
RA. These findings demonstrate the potential of the 
technology as an addition to standard histopathology in 
the diagnosis of BE, particularly in distinguishing HGD 
from RA, which show histologic similarities but are 
distinct at the molecular and cellular level and require 
different clinical management. The assessment of 
epithelial cell abnormalities, such as changes in p53 and 
p16 protein levels resulting from mutations, combined 
with assessment of cellular changes such as infiltration 
of immune cell subsets and angiogenesis in the lamina 
propria, may serve as an adjunct to conventional 
pathology in the assessment of BE risk.
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Supplemental Table 1: Primary antibodies

Primary antibody Vendor Catalog

AMACR Dako M3616
β‑catenin Biocare Medical CM406A
CD1a Cell Marque 101M‑14
CD45RO Biocare Medical CM006B
CD68 Dako M0876
CDX‑2 Invitrogen 39‑7800
c‑erbB‑2 oncoprotein Dako A0485
Cytokeratin‑20 Dako M7019
COX‑2 Biocare Medical CRM306A
HIF‑1α Biocare Medical CME349A
Ki‑67 Cell Marque 275R‑14
NF‑κB p65 Santa Cruz Biotechnology Sc‑372
p16 (JC8) Santa Cruz Biotechnology Sc‑56330
p53 Dako M7001

AMACR: Alpha‑methylacyl‑coenzyme A racemase, COX‑2: Cyclooxygenase‑2, 
HIF‑1α: Hypoxia‑inducible factor‑1 alpha, NF‑κB: Nuclear factor kappa‑B


