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Background: In an attempt to provide quantitative, reproducible, and standardized analyses in cases of eosinophilic
esophagitis (EoE), we have developed an artificial intelligence (AI) digital pathology model for the evaluation of
histologic features in the EoE/esophageal eosinophilia spectrum. Here, we describe the development and technical
validation of this novel AI tool.
Methods: A total of 10 726 objects and 56.2 mm2 of semantic segmentation areas were annotated on whole-slide im-
ages, utilizing a cloud-based, deep learning artificial intelligence platform (Aiforia Technologies, Helsinki, Finland).
Our training set consisted of 40 carefully selected digitized esophageal biopsy slides which contained the full spectrum
of changes typically seen in the setting of esophageal eosinophilia, ranging from normal mucosa to severe abnormal-
ities with regard to each specific features included in our model. A subset of cases was reserved as independent
“test sets” in order to assess the validity of the AI model outside the training set. Five specialized experienced gastro-
intestinal pathologists scored each feature blindly and independently of each other and of AI model results.
Results: The performance of the AI model for all cell type features was similar/non-inferior to that of our group of GI pa-
thologists (F1-scores: 94.5–94.8 for AI vs human and 92.6–96.0 for human vs human). Segmentation area features were
rated for accuracy using the following scale: 1. “perfect or nearly perfect” (95%–100%, no significant errors), 2. “very
good” (80%–95%, only minor errors), 3. “good” (70%–80%, significant errors but still captures the feature well),
4. “insufficient” (less than 70%, significant errors compromising feature recognition). Rating scores for tissue (1.01),
spongiosis (1.15), basal layer (1.05), surface layer (1.04), lamina propria (1.15), and collagen (1.11) were in the
“very good” to “perfect or nearly perfect” range,while degranulation (2.23) was rated between “good” and “very good”.
Conclusion:Our newly developed AI-based tool showedan excellent performance (non-inferior to a group of experienced
GI pathologists) for the recognition of various histologic features in the EoE/esophageal mucosal eosinophilia spectrum.
This tool represents an important step in creating an accurate and reproduciblemethod for semi-automated quantitative
analysis to be used in the evaluation of esophageal biopsies in this clinical context.
Introduction

The histopathological features of eosinophilic esophagitis (EoE) have
been well characterized since the earliest series describing this disease.1,2

Eosinophil-rich infiltrate (currently defined as >15 eosinophils per high
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power field) represents the only required histopathological feature for this
clinical–pathologic diagnosis.3 However, several additional abnormalities
are usually present on routine histologic examination, including lympho-
cytic inflammation (LI) (often representing the predominant inflammatory
cell type), eosinophilic abscesses (EA), basal zone hyperplasia (BZH), dilated
55905, USA.
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intercellular spaces (DIS), dyskeratosis (DK), surface epithelial change
(SEC), and lamina propria fibrosis (LPF).4,5

Peak eosinophil count (PEC) represents the most commonly reported
histopathological parameter in the context of esophageal mucosal eosino-
philia, whereby pathologists identify the area of highest concentration of
eosinophils within a given sample and count the number of eosinophils
within 1 high power field by unaided (i.e., without digital tools) visual
inspection through routine light microscopy. Recently, a more comprehen-
sive semi-quantitative method – the eosinophilic esophagitis histologic
scoring system (EoEHSS) – has been developed and validated.5–7 In
addition to the assessment of eosinophils, this method also includes
semi-quantitative scoring of various features of epithelial injury.

Although the EoEHSS has advantages over PEC alone, it does have some
important limitations, including the use of semi-quantitative (rather than
quantitative) assessment of various features, being significantly more
time-consuming and labor-intensive than PEC, and the continued suscepti-
bility to various measurement errors related to various factors. These
include the intrinsic difficulties in selecting areas of highest eosinophil con-
centration within a sample, with properly counting eosinophils, and with
dealing with the marked variation in the HPF area of different microscopes
(by various manufacturers) commonly used by pathologists.

In view of the shortcomings of currently utilized systems, and to provide
quantitative, reproducible, and standardized analyses,we have developed a
novel artificial intelligence (AI)-based digital pathology model for the eval-
uation of histologic features in the spectrum of EoE (and esophageal eosin-
ophilia more broadly). In this study, we describe the development,
validation, features, and functionality of this AI model in detail.

Materials and methods

Model description and development

Our model was developed utilizing whole-slide images and a cloud-
based, supervised deep learning artificial intelligence platform (Aiforia
Technologies, Helsinki, Finland). All slideswere scanned at×40magnifica-
tion on the Aperio ScanScope AT Turbo brightfield instrument (Leica
Biosystems) at a resolution of 0.25 μmper pixel and uploaded to the Aiforia
platform.Our training set consisted of 40 carefully selected digitized esoph-
ageal biopsy slides which contained the full spectrum of changes typically
seen in the setting of esophageal eosinophilia, ranging from normal mucosa
to severe abnormalities (with regard to each specific feature included in our
model).

The AI model was trained as a set of nested individual convolutional
neural networks (CNN), called “layers”. The individual CNNs were trained
independently of each other, but were executed in a progressive fashion so
that the topmost (parental) CNN first analyzed the slide and only the areas
identified were subsequently analyzed by the following CNN (1st child),
and so on. Each individual layer was designed to identify a single or multi-
ple classifiers, called “classes”, and annotations were provided as training
Table 1
EoE AI model layers and classes. Abbreviations: EoE, eosinophilic esophagitis.

AI model
layer

AI model class Morphological feature detected

1 Tissue Total esophageal mucosal tissue, excludes columnar/no
2 Intercellular edema Intercellular edema within epithelium (mature and bas

Granules Eosinophilic granules from eosinophils (degranulation)
3 Surface layer Mature squamous epithelial layer, including “prickle la

Basal layer Basal zone of the esophageal squamous epithelium, wh
of up to the diameter of their nuclei

Lamina propria Subepithelial connective tissue superficial to musculari
tissue and dense lymphoid aggregates

4 Collagen Individual collagen fibers or bundles
5 Eosinophils Nucleated eosinophils within epithelium (mature and b

Lymphocytes Lymphocytes within epithelium (mature and basal)
Squamous nuclei Nuclei of the epithelial cells

2

data for each class within a given layer. Our AI model was comprised of 5
layers, with each layer having a specific set of classes (total of 10), as
shown in Table 1.

A total of 10 726 objects (including 1255 eosinophils, 8766 squamous
cell nuclei, and 705 lymphocytes) and 56.2 mm2 of semantic segmentation
areas (including 32 mm2 of “tissue”, 9.1 mm2 of “tissue sublevels”,
0.05 mm2 of “intercellular edema/DIS”, 0.007 mm2 of “granules”
3.53 mm2 of lamina propria, 0.005 mm2 of “collagen”, 6.55 mm2 of “ma-
ture/surface epithelial layer”, and 4.82 mm2 of basal epithelial layer”)
were annotated for the model training.

Our EoE AI model has the capability of performing automated analyses
of all histological levels on a given slide or any specifically designated area
(region of interest, ROI) for the following features: 1. Objects: eosinophils,
lymphocytes, and squamous nuclei; 2. Semantic segmentation layers: total
tissue area (excluding non-squamous mucosa and debris), squamous epi-
thelium, epithelial layers (basal and surface), DIS, lamina propria, collagen
tissue; and 3. instance segmentation layer (counted as objects and
measured as area simultaneously): granules. Features were defined, for
the purposes of this study, as follows:

Objects (Fig. 1):
Eosinophils: Nucleated cells showing typical eosinophilic granules

within its cytoplasm were labeled as eosinophils. Scattered eosinophilic
granules (i.e., “degranulated eosinophils”) and clusters of granules (includ-
ing collections of extravasated granules and tangentially sectioned eosino-
phils with no recognizable nuclei were excluded (see description of
“granules” below).

Lymphocytes: Round or elongated cells with dark, homogeneous nuclei
and scant, clear, non-granular cytoplasm, not fulfilling criteria for other cell
types.

Squamous cell nuclei: Round to oval nuclei surrounded by amphophilic
(basal layer) or eosinophilic to pale cytoplasm (superficial layer), oftenwith
visible nucleoli, typical of squamous cells.

Semantic segmentation features (Fig. 2):
Tissue: All tissue representing esophageal squamous mucosa. Gastric/

columnar-type mucosa as well as small detached squamous and necrotic
debris were excluded.

Basal layer (Fig. 3): Squamous cell layer along the deep aspect of the ep-
ithelium showing scant, dark/amphophilic cytoplasm, and inter-nuclear
distance of up to 1 average squamous nuclear diameter (by pathologist’s
visual estimation).

Surface/mature layer (Fig. 3): Squamous cell layer along the superficial
aspect of the epithelium showing abundant, eosinophilic to clear cyto-
plasm,with inter-nuclear distance greater than 1 average squamous nuclear
diameter.

Spongiosis/DIS (Fig. 4): Any recognizable clear intercellular spaces be-
tween squamous epithelial cells, often showing recognizable intercellular
bridges.

Lamina propria (Fig. 2): All subepithelial fibroconnective tissue,
excluding muscularis mucosa smooth muscle.
Output

n-squamous mucosa. Tissue area, mm2

al), or dilated intercellular spaces (DIS) Edema area, mm2

, eosinophil cytoplasmic fragments without a nucleus Granules area, mm2 and count
yer”/stratum spinosum and surface layer Mature epithelium area, mm2

ere nuclei are separated by a distance Basal epithelium area, mm2

s mucosae; excludes smooth muscle Lamina propria area, mm2

Collagen area, mm2

asal) Count
Count
Count



Fig. 1. Cell recognition feature of the EoE AI model. A, original H&E stain (100x magnification) showing eosinophil-rich infiltrate in a case of eosinophilic esophagitis; B, D,
and E, automated recognition of eosinophils (B, green dots), lymphocytes (D, blue dots), and squamous nuclei (E, red dots). C, H&E stain of a case of EoE with eosinophilic
abscesses; F, automated recognition of eosinophils and identification of eosinophilic abscesses by spatial analysis (yellow circles). Abbreviations: H&E, hematoxylin and
eosin.
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Collagen (Fig. 5): Pink/hyaline collagen fibers of any texture or thick-
ness, located within the lamina propria.

Instance segmentation:
Granules: Any scattered granules (degranulation) or anucleated frag-

ments recognizable as eosinophil cytoplasm.
Features recognized based on spatial analysis:
Eosinophilic abscesses (Fig. 3): Recognized as 4 or more eosinophils

within a cluster, as defined by distance analysis (center-to-center distance
of 20 μm or less between cells).

High power field-based analysis:
Fig. 2.Histologic layers of the squamous mucosa recognized by the EoE AI model. A, or
superficial/mature squamous epithelium; green, basal layer; yellow, spongiosis/dilat
C, 200x). Abbreviations: H&E, hematoxylin and eosin.

3

Sincemany of the histopathological parameters in the setting of EoE are
expressed in terms of number of cells per high powerfield (HPF), ourmodel
was designed to include the tessellation of WSIs into tiles of customizable
sizes using R statistical software8 in combination with images extracted
from the Aiforia platform. We have adopted 0.24 mm2 area (calculated
from a field number of 22 and 400x objective, representing the microscope
setup used by pathologists in our service) as our standard HPF for the pur-
poses of this study. Tessellation was performed using two different
methods: a) square tile method and b) Voronoi method. In the square tile
method, tiles measuring 0.24 mm2 were used over areas of the slide or
iginal H&E stain (20x magnification); B and C, automated layer segmentation (blue,
ed intercellular spaces; and red, lamina propria); original magnification (B, 20x;



Fig. 3. Basal zone hyperplasia. A, heatmap of squamous nuclei showing highest density along the base of the epithelium (red), closely correlated to the distribution of basal
layer (green) as recognized by the EoE AI model (inter-nuclear distance of up to 1 average squamous nuclear diameter, approximately) (B). C, an example of a normal
fragment of esophageal squamous mucosa (above) in contrast with a fragment showing moderate basal zone hyperplasia (below) in the same biopsy sample (blue,
mature/superficial squamous layer; green, basal layer).
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ROI containing tissue, in a manner that all tissue was covered by tiles and
that all tiles contained some tissue (Fig. 6A–D). Given that tilesmay contain
different amounts of tissue, concentration analyses using this type of tessel-
lation can be performed both in an unadjusted (i.e., not taking into account
the % area of each tile occupied by tissue) or adjusted (i.e., correcting for
the % area of tissue) manner. In the Voronoi method, only the tissue area
per se in each slide or ROI is included in the analysis and each tissue frag-
ment is divided into areas approximating 0.24 mm2 as much as possible,
using Voronoi diagrams (Fig. 6E). Although the precise area per HPF is
4

not uniform using the Voronoi method, calculation of cell density is
corrected to reflect a standard denominator of 0.24mm2. Analyses of all ob-
jects/cell types and semantic segmentation features, therefore, can be per-
formed on a per HPF basis, in addition to on a per ROI or whole slide basis.

Grading and staging of various features were possible by using the dif-
ferent methods of tessellation described above. For grading (i.e., maximal
concentration of a given cell type in 1 HPF), the highest count within a sin-
gle HPF was recorded for each slide using the square tile and Voronoi
methods. For staging, the percentage of all HPF showing values above a



Fig. 4. Example of spongiosis (yellow) in esophageal squamous epithelium –mild (A), moderate (B), and severe (C). Hematoxylin and eosin stain, original magnification 20x.

Fig. 5. Assessment of lamina propria and collagen by the EoE AI model. A, original H&E stain (20x magnification) of a case of EoE showing lamina propria with fibrosis;
B, segmentation of lamina propria; C, segmentation of collagen within lamina propria; and D, superposition of lamina propria and collagen (ratio of lamina propria
area/collagen area = fibrous tissue density score). E and G, example of normal lamina propria. F and H, example of fibrotic lamina propria in a case of EoE.
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Fig. 6. Tesselation of biopsy fragments into high power fields (HPF) for digital analysis with the EoE AI model. A, Original H&E slide (20x magnficiation); B, grid system
subdividing the tissue fragments into tiles measuring 0.24 mm2; C, heatmap of the biopsy showing areas of highest concentration of eosinophils; D, biopsy fragments
subdivided into areas of approximately 0.24 mm2 using a method based on Voronoi diagrams. E, Voronoi tessellation method showing HPF regions and grade of each
region (eosinophilic abscesses recognized as red dots).
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Table 2
Scoring system for model performance of semantic segmentation features,
compared to visual evaluation by specialized gastrointestinal pathologists.

Score Model performance

1 Perfect or near-perfect accuracy (95%–100%, no significant errors)
2 Very good accuracy (80%–94%, only minor errors)
3 Good accuracy (70%–79%, significant errors but still captures the feature well)
4 Insufficient accuracy (below 70%, does not capture the feature to a useful level)
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certain threshold (e.g., 15 for eosinophils) for counts or percent area
(e.g., 20% for basal zone hyperplasia) for a given feature was used.

All object and instance segmentation features in our AI model can also
be studied using spatial analysis. Center-to-center distances are used for ob-
ject features (e.g., all cell types) and center-to-center, center-to-edge, or
edge-to-edge distances can be used for features recognized by instance seg-
mentation (e.g., granules). Due to this capability, eosinophilic abscesses
could be identified using spatial analysis of objects (eosinophils in this
case) alone, circumventing the necessity of recognition of this parameter
as an independent feature. Nearest neighbor distance can also be obtained
for all object and instance segmentation features, which, in turn, can be
used to calculate various clustering/distribution indexes (e.g., Hopkins
Statistics, clustering value, etc) within each fragment, ROI, or whole slide.

Intra-model reproducibility

Twelve digital slides (2 diagnosed as normal and 10with varying grades
of eosinophilia and epithelial injury) were selected. The reproducibility of
the EoE AI model was assessed in several different ways, including repeat
analysis of the same digital slide, analysis of a repeat scan of the same
slide by the same scanner, and separate analyses of different histologic sec-
tions within the same slide and on separate slides (i.e., consecutive histo-
logic sections). The impact of these factors on the assessment of each
histologic feature by our model was evaluated.

Assessment of accuracy of feature recognition by the model

A subset of 759 objects (105 eosinophils, 517 squamous nuclei, and 137
lymphocytes) in a total of 110 validation regions within 6 digital slides in
the dataset was reserved as independent “test sets” in order to assess the
validity of the AI model outside the training set. Trained AI models were
validated using the Analytical Validationmodules of our platform. Five spe-
cialized gastrointestinal pathologists used integrated annotation tools to
score the same criteria as the AI model on the reserved test set, in a blind
and independent manner. A separate independent test set of 213 ROIs
within 10 slides (727 eosinophils) was also analyzed for eosinophils only
by a single central GI pathologist. The resulting analysis yielded an inter-
operator agreement report for both human–human and human–AI compar-
ison, with total error %, false positive %, false negative %, precision, sensi-
tivity, and their harmonic mean as the F1-score. These results were used to
Table 3
Performance of the EoE AI model for each feature compared to training annotations. Ab

Feature/layer False positive False negative

Tissue 0.2% 0.1%

All sublayers 0.4% 1.6%
Basal zone 2.7% 14.3%
Surface layer 1.5% 4.2%
Granules 30.2% 9.9%
DIS 52.0% 19.2%
Lamina propria 1.5% 4.2%
Collagen 3.1% 4.6%

All cells 1.2% 4.2%
Eosinophils 1.4% 11.5%
Lymphocytes 2.9% 3.6%
Squamous nuclei 1.1% 3.1%
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assess the AI performance in relation to human performance, e.g., determi-
nation of superiority or non-inferiority for every specific object feature (i.e.,
cell types). Semantic segmentation features were also assessed by 5 inde-
pendent pathologists. Specific areas (19 validation regions of interest
[ROI] within 9 digital slides) representing the full spectrum of histologic
changes related to each feature of interest were presented to validators,
who were able to visually inspect exactly how the model performed. The
AI model’s accuracy was rated according to the criteria shown in Table 2.

Statistical analysis

Performance data (sensitivity, specificity, precision, F1-score, error rate,
false-positive rate, false-negative rate) was calculated for both pathologists
and AImodel. The normality of the distribution of the time variable was ex-
amined using the Shapiro–Wilk normality test. Average and standard devi-
ation were used for normally distributed data; otherwise, median and
interquartile range were used. Statistical analyses were performed using
MedCalc Statistical Software version 19.2.6 (MedCalc Software Ltd,
Ostend, Belgium).

Results

The AI model showed a fairly high accuracy in the recognition of most
histologic features in the spectrum of EoE, with F1 scores of >90% for the
majority of features. The performance of the model for each feature com-
pared to original annotations are described in Table 3. The performance
of the AI model for all cell type features was similar/non-inferior to that
of our group of GI pathologists (F1-scores: 94.5–94.8 for AI vs human and
92.6–96.0 for human vs human). Result details are shown in Table 4. The
additional larger independent test set analyzed for eosinophils only by a
single central pathologist yielded F1-score of 89.2, false-positive rate of
10.4%, false-negative rate of 12.1%, and precision of 92.1% (AI vs central
pathologist).

Segmentation area features were rated for accuracy using the following
scale: 1. “perfect or nearly perfect” (95%–100%, no significant errors),
2. “very good” (80%–95%, onlyminor errors), 3. “good” (70%–80%, signif-
icant errors but still captures the feature well), 4. “insufficient” (less than
70%, significant errors compromising feature recognition). Rating scores
for tissue (1.01), spongiosis (1.15), basal layer (1.05), surface layer
(1.04), lamina propria (1.15), and collagen (1.11) were in the “very
good” to “perfect or nearly perfect” range, while degranulation (2.23)
was rated between “good” and “very good”.

Intra-model reproducibility

Re-analysis of 12 esophageal biopsy digital slideswith our EoEAImodel
resulted in less than 0.1% difference for all object counts and semantic seg-
mentation area measurements. When 2 consecutive slides from the same
paraffin tissue block (each containing 3 consecutive tissue levels) were
breviations: DIS, dilated intercellular spaces.

Precision Sensitivity Specificity F1-score

99.2% 99.5% 99.2% 99.3%

97.9% 92.5% 99.6% 95.1%
96.8% 85.6% 97.3% 90.9%
98.4% 95.7% 98.5% 97.0%
74.9% 90.0% 69.8% 81.7%
60.8% 80.7% 48.0% 69.3%
98.4% 95.7% 98.5% 97.0%
96.8% 95.3% 96.9% 96.0%

98.7% 95.7% 98.8% 97.1%
98.3% 88.4% 98.6% 93.1%
97.0% 96.3% 97.1% 96.7%
98.8% 96.8% 98.9% 97.8%



Table 4
Abbreviations: AI, artificial intelligence (i.e., model); FP, false positive; FN, false
negative.

Eosinophils Lymphocytes Squamous nuclei

AI vs
Human

Human vs
Human

AI vs
Human

Human vs
Human

AI vs
Human

Human vs
Human

FP% 5.8% 4.3% 7.0% 9.7% 3.3% 5.9%
FN% 4.7% 3.6% 5.6% 7.2% 6.7% 4.7%
Error % 9.0% 6.8% 10.1% 13.2% 9.5% 9.5%
Precision% 95.2% 96.3% 94.5% 92.7% 96.8% 94.9%
Sensitivity % 95.2% 96.3% 94.3% 92.7% 93.2% 95.2%
Specificity % 94.1% 95.7% 93.0% 90.3% 96.7% 94.1%
F1-score % 94.8% 96.0% 94.5% 92.6% 94.7% 94.7%
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compared, median difference in cell counts (whole slide analyses) ranged
from 4% to 10%, while median difference in semantic segmentation areas
ranged from 4% to 33%. When individual tissue levels within slides were
analyzed separately, the median difference between consecutive levels
(i.e., 4-μm distance between sections) ranged from 0.8% to 8.8% for
cell counts and from 0.8% to 16.1% for semantic segmentation areas.
Two-level difference in measurements (i.e., levels 8 μm apart) were
3.2%–7.1% for cell counts and 1.32%–24.4% for semantic segmentation
areas. Finally, 5-level difference in measurements (levels 20 μm apart)
were 6%–13.9% for cell counts and 4%–28.5% for semantic segmentation
areas. Results are summarized in supplemental Tables 1 and 2.

Discussion

In this study, we have described the development and technical valida-
tion of a novel, supervised AI model for the evaluation of individual histo-
pathologic features in the spectrum of esophageal mucosal eosinophilia.
The goal of this study was to provide a “proof-of-principle” model in the
setting of EoE – an AI model that could serve as a semi-automated tool for
anatomic pathology, providing accurate, reproducible, quantitative assess-
ment of various microscopic features of interest, increasing both efficiency
and reporting standardization in this specific context.

The histologic evaluation of EoE is still, in practice, largely restricted
to a traditional (i.e., unaided by digital tools) assessment of eosinophils
by light microscopy. Pathologists are generally expected to provide an es-
timate of the highest concentration of eosinophils per HPF in a given
sample.3 Both parts of this apparently simple operation, however, present
some meaningful challenges. The numerator – the counting of eosino-
phils – is predicated on: (1) clearly defining what is classified as an eosin-
ophil (i.e., restricting the counting to nucleated cells or not), (2) correctly
identifying the slide, level, fragment, and precise area of highest eosino-
phils concentration, and (3) performing the actual counting correctly.
The denominator – a HPF – also represents an important contributor in
the issue of interobserver variability, as its area may vary over 3-fold de-
pending on the field diameter of different microscope manufactures and
eyepiece specifications (ranging from 0.13 to 0.37 mm2).9 In 2017, a
more comprehensive scoring system, the EoEHSS, has been proposed
and shown to be fairly reproducible. In contrast to PEC, the EoEHSS
also includes assessment of various features of epithelial injury as well
as subepithelial fibrosis.5,6

We believe our AI model represents an improvement over the currently
utilizedmethods in a fewdifferent ways. The classification of eosinophils as
“objects” in our platform allows for detailed analysis of their number, den-
sity, and localization within the tissue. Our model can yield results for the
concentration of eosinophils within different epithelial layers (basal layer
vs surface), measure density of any cell of interest on a HPF basis and can
also assess their two-dimensional spatial distribution (by various methods
of clustering analysis). One obvious application of spatial analysis, which
was utilized in our model, is the detection of eosinophilic abscesses (de-
fined as 4 or more eosinophils clustered within a pre-defined distance
from one another).
8

Eosinophil degranulation is also a feature of interest in the setting of
EoE, defined here as structures ranging from fine discohesive eosino-
philic granules scattered throughout the tissue to larger clumps of
anucleated eosinophil cytoplasm (i.e., not meeting our definition of “eo-
sinophil”, which required the presence of a nucleus). This feature pre-
sents some challenges from a technical standpoint, as the degree of
contrast with other structures, such as red blood cell fragments and the
eosinophilic/slightly granular cytoplasm of squamous cells, can be fairly
low. In our model, this feature is classified as “instance segmentation”
and, as such, can be analyzed in terms of numbers (i.e., as an object) or
in terms of area (i.e., as semantic segmentation). This way, if one wishes
to classify larger cytoplasm fragments as “eosinophils”, as advocated by
some pathologists, this would be possible (post-analytically) without the
need to modify the algorithm.

Our model also has the capability of recognizing lymphocytes, which is
a histologic feature that is not routinely evaluated or quantified, but that
may be of interest in this setting (as well as in the evaluation of cases in
the spectrum of “lymphocytic esophagitis).10–14 Squamous nuclei are also
recognized by the model and may serve as a useful denominator for
quantitative analyses of different features.

Basal layer hyperplasia is perhaps the main histologic indicator of
epithelial tissue injury in the esophageal mucosa and is most commonly de-
fined as a basal layer occupying >15%–20% of the epithelial thickness.6,15

Although this binary assessment is easily available, the simple recognition
of the basal layer and its quantitative analysis throughout the sample, as
in our current model, largely obviate the need for a specific cutoff for
“basal zone hyperplasia”. During the annotation phase, the inter-nuclear
distance (between squamous nuclei) of up to 1 average squamous nuclear
diameter was used as a general guide to the visual recognition of basal
(vs mature/superficial) zone.

Dilated intercellular spaces (DIS), also known as spongiosis or intercel-
lular edema, represents another important feature of esophageal squamous
epithelial injury, whereby the normally narrow intercellular spaces become
dilated, filled with edematous fluid, and intercellular bridges (desmosome
intercellular processes) become discernible by light microscopy.16–18 DIS
is thought to represent a morphologic manifestation of key steps in the
pathogenesis of EoE – namely, abnormalities in intercellular junction pro-
teins/epithelial barrier – leading to increased epithelial permeability. Our
model has the capability of recognizing and quantifying this otherwise
difficult-to-assess histologic feature, albeit with a higher error rate com-
pared to most other features. The relatively low specificity of our model
in detecting this feature compared to training annotations is likely related
to the relatively large ratio between the annotated areas of DIS and the
(small) ROIs used in its evaluation. This is supported by the fact that the vi-
sual inspection of DIS segmentation by GI pathologists was rated between
the “very good (score of 2)” and “perfect/nearly perfect (score of 1)”
categories, with an average score of 1.15.

Our model is capable of accurately recognizing lamina propria/
subepithelial tissue. Given the importance of fibrosis in the context of
EoE,19–23 the ability to specifically evaluate for abnormalities within
this compartment is a relevant attribute. One of the challenges in evalu-
ating fibrosis in this setting, however, is establishing the difference
between normal fibrous tissue (and its range in appearance according
to patient age, location within the esophagus, subepithelial depth, etc)
and bona-fide fibrosis.21 Considering this, we have trained our model to
simply recognize individual collagen bundles, at least to the extent that
this is feasible histologically and is within the capability of our current
platform. Therefore, within the subepithelial compartment, collagen
tissue is specifically recognized regardless of its histological “texture”,
but inter-collagen gaps, edematous interstitial spaces, blood vessels,
inflammatory cells, muscle tissue, etc., are excluded. The ratio between
collagen area and total lamina propria area is then used as a fibrosis
(or fibrous tissue) score within a given sample.

In addition, with precise tissue recognition, and specific segmentation
of the histologic layers of the squamous mucosa, our model can accurately
subdivide the appropriate areas of the sample into “standard” area units for
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the purposes of counting cells or any other analytical task. In our current
settings, our “HPF” is defined as 0.24 mm2 (representing the standard
HPF area of microscopes in our practice, an average HPF area amongst
the most common manufactures and a criterion used in previous studies);6

however, this is a customizable parameter that can easily be adjusted, if
necessary. Since the entire tissue can be analyzedwith our model (all levels
and/or slides), the region of highest concentration of eosinophils (or any
other object or semantic segmentation feature of interest) is guaranteed
to be properly identified, and all recognized cells of interest properly
counted, limited only by the accuracy of the model in recognizing the
features themselves.

Since our model has been designed to analyze tissue areas on the basis
of pre-defined individual HPF areas, features of interest can be both
“graded” (i.e., described in terms of the most affected a single HPF) and
“staged” (i.e., described in terms of average involvement of all HPFs, per-
cent of HPF areas with any involvement, or similar distribution metric).
Although this may represent a significant improvement compared to our
currently utilized non-digital histopathologic method, analyzing slides for
grade/stage on a HPF basis presents some technical challenges to be over-
come. In our model, we have applied 2 different digital strategies to
approach this problem – one that tessellates the tissue into square tiles
(similar to what has previously been done in other settings)24 and one
novel application of Voronoi diagrams which attempts to divide irregular tis-
sue fragments into areas approximating a standard HPF as much as possible.
Both strategies can yield values that are adjusted for percent of tissue within
the tile (square tile method) and for tile size (Voronoi method). Both
approaches have advantages and limitations. Most meaningfully, the
unadjusted square tile method is conceptually the most similar to what pa-
thologists currently do (i.e., analysis of a HPF area showing the highest con-
centration of eosinophils, regardless of whether a certain percentage of
“empty spaces” area is present within the field of view). Preliminary analysis
by our group showed that this method indeed has the closest correlationwith
PEC performed using the traditional method (unpublished data).

To our knowledge, this is the first AI model ever designed specifically for
the assessment of EoE/mucosal eosinophilia-related histologic findings. Fu-
ture efforts should be directed towards improved recognition of eosinophil
granules, more comprehensive evaluation of subepithelial collagen patterns,
aswell as capability to recognize additional features such as dyskeratosis, sur-
face epithelial change, and neutrophilic infiltrate. Moreover, models that
have the capabilities of accurately evaluating a wide range of H&E stains
(of varying quality, variable staining characteristics, and from different labo-
ratories) and analyzing WSIs from different scanners – an objective that was
beyond the scope of our project –would be both useful and desirable. Never-
theless, we believe the current model represents a successful proof-of-
concept, a potential blueprint for subsequent models, as well as an important
step in the semi-automation and standardization of the histologic analysis of
features in the spectrum of esophageal mucosal eosinophilia.
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