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Background and Aims: Characterization of visible abnormalities in patients with Barrett’s esophagus (BE) can
be challenging, especially for inexperienced endoscopists. This results in suboptimal diagnostic accuracy and poor
interobserver agreement. Computer-aided diagnosis (CADx) systems may assist endoscopists. We aimed to
develop, validate, and benchmark a CADx system for BE neoplasia.

Methods: The CADx system received pretraining with ImageNet and then consecutive domain-specific pretrain-
ing with GastroNet, which includes 5 million endoscopic images. It was subsequently trained and internally vali-
dated using 1758 narrow-band imaging (NBI) images of early BE neoplasia (352 patients) and 1838 NBI images of
nondysplastic BE (173 patients) from 8 international centers. CADx was tested prospectively on corresponding
image and video test sets with 30 cases (20 patients) of BE neoplasia and 60 cases (31 patients) of nondysplastic
BE. The test set was benchmarked by 44 general endoscopists in 2 phases (phase 1, no CADx assistance; phase 2,
with CADx assistance). Ten international BE experts provided additional benchmark performance.

Results: Stand-alone sensitivity and specificity of the CADx system were 100% and 98% for images and 93% and
96% for videos, respectively. CADx outperformed general endoscopists without CADx assistance in terms of sensi-
tivity (P = .04). Sensitivity and specificity of general endoscopists increased from 84% to 96% and 90% to 98%
with CAD assistance (P < .001). CADx assistance increased endoscopists’ confidence in characterization (P <
.001). CADx performance was similar to that of the BE experts.

Conclusions: CADx assistance significantly increased characterization performance of BE neoplasia by general
endoscopists to the level of expert endoscopists. The use of this CADx system may thereby improve daily Barrett
surveillance. (Gastrointest Endosc 2024;100:616-25.)

(footnotes appear on last page of article)

Patients with Barrett’s esophagus (BE) undergo regular
endoscopic surveillance to enable early detection of dys-

neoplasia is, however, crucial to enable endoscopic therapy,
which is associated with excellent outcomes.”

plasia or esophageal adenocarcinoma. Because progression
to neoplasia is rare (<1% per patient-year') and early BE
neoplasia often displays only subtle endoscopic changes,
most endoscopists are not familiar with the endoscopic
appearance of early BE neoplasia.”” Timely detection of

Endoscopic detection of BE neoplasia typically involves
a 2-step process: primary detection using high-definition
white-light endoscopy (WLE) in overview, followed by tar-
geted characterization of abnormalities using optical chro-
moendoscopy techniques such as narrow-band imaging
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(NBI). Just as endoscopists may struggle with the primary
detection of early BE neoplasia, their diagnostic accuracy
and interobserver agreement for subsequent NBI-based
characterization are also suboptimal.”® Suboptimal accu-
racy in NBI characterization may lead to falsely disregard-
ing primary detections, thereby missing already detected
lesions. Computer-aided diagnosis (CADx) systems have
been shown to provide valuable assistance in polyp charac-
terization” ' and may also be able to assist endoscopists in
the characterization of Barrett’s neoplasia. Moreover, a
CADx system may dismiss any false-positive detections by
a primary computer-aided detection (CADe) system using
WLE.

Recently, the BONS-AI (Barrett’s Oesophagus Imaging
for Artificial Intelligence) consortium has developed an
effective CADe system that has been shown to improve
the primary detection of early BE neoplasia by general en-
doscopists.'""'* The same consortium has now also set out
to engineer an NBI-based CADx system. The aim of the
current study was 3-fold: (1) to develop and validate an
NBI-based CADx system for the characterization of BE
neoplasia, with hardware and software specifications that
allow for direct integration into current endoscopy sys-
tems; (2) to compare the performance of the NBI-based
CADx system with that of BE experts and general, nonex-
pert endoscopists; and (3) to evaluate if the performance
of general endoscopists improves when they are provided
with CADx assistance.

METHODS

BONS-AI consortium

This study was conducted by the BONS-AI consortium.
The consortium is led by the Department of Gastroenter-
ology and Hepatology of the Amsterdam UMC and the
Department of Electrical Engineering of Eindhoven Univer-
sity of Technology. The Medical Research Involving Human
Subjects Act did not apply to this study; official approval
was therefore waived by the medical ethics review commit-
tee of all participating centers. The study was registered at
the Dutch Trial Register under the number NL8411.

Patient and public involvement

No patients were involved in determination of study
design, outcome measures, or plans for dissemination of
study results.

Development of the CADx system

The envisioned NBI-based CADx system is developed to
work in conjunction with an WLE-based CADe system.
Upon initial detection by the WLE-based CADe system,
the endoscopist inspects the suspicious area in more detail
using NBI. Subsequently, the CADx system can either
confirm the primary CADe detection, and advise targeted
biopsy acquisition, or assess the area as nondysplastic BE

(NDBE), which may lead the endoscopist to disregard
the primary CADe detection. The CADx system was de-
signed to classify endoscopic images and videos as either
“neoplastic” or “NDBE” using output probability scores.
We also included the outcome “failure to classify” for those
cases in which the system cannot reliably classify neoplasia
or NDBE (Fig. 1).

The development process of the CADx system can be
divided into 4 stages: (1) pretraining using both general
and domain-specific data; (2) training with Barrett-specific
data; (3) internal validation; and (4) external testing, including
benchmarking performance.

CADx pretraining. The CADx system was initially pre-
trained by using ImageNet, a data set of 1.2 million images
labeled into 1000 categories such as animals, houses, and
cars. This process, known as generic pretraining, allows
the deep learning system to learn basic features of images
such as shapes and colors. The weights of the neural
network are then transferred to the next phase of training.
This generic pretraining on ImageNet prevents the system
having to learn basic image features during the final appli-
cation phase, where data are more scarce.

Pretraining, however, is likely to be more effective if the
images for pretraining resemble the envisioned application
(ie, domain-specific pretraining). Therefore, after generic
pretraining on ImageNet, the system underwent domain-
specific pretraining using GastroNet, a data set of 5,084,494
endoscopic images compiled by our consortium from the
endoscopic databases of 7 Dutch hospitals. These endoscopic
images were gathered from the period between 2012 and
2021 and were recorded by using endoscopy equipment
of Olympus (Hamburg, Germany), Fujifilm (Tilburg, the
Netherlands), and Pentax (Hamburg, Germany). In previous
work, we have shown that domain-specific pretraining im-
proves the performance of deep learning systems in GI
endoscopy." "

Acquisition of Barrett-specific training data. The
CADx system was subsequently trained by using NBI
imagery of neoplastic and NDBE, all containing histopath-
ologic ground truth labels. A combination of retrospective
and prospective endoscopic imagery of patients with BE,
collected from 8 participating centers in our consortium,
was used.

Retrospectively collected images were recorded between
2012 and 2021 by using Olympus Q160Z and HQ190 endo-
scopes (Olympus Europa SE & Co KG, Hamburg, Germany).
Endoscopic imagery was extracted from the endoscopy re-
porting system, after which histopathologic results were
confirmed. After this, all imagery was de-identified directly
at the participating center using previously developed ano-
nymization software. "'

Furthermore, between 2020 and 2022, endoscopic im-
ages and videos were collected prospectively following a
standardized acquisition protocol. Prospective endoscopic
imagery was obtained by using Olympus HQ190 and
EZ1500 endoscopes and CV190 and X1 processors using
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Figure 1. Output of the computer-aided diagnosis (CADx) system. Left: a neoplastic prediction by the CADx system. Middle: nondysplastic prediction by
the CADx system. Right: failure to classify by the CADx system. The color bars indicate red for neoplastic, green for nondysplastic, and gray for failure to

classify.

the NBI near focus function. For cases performed with
EZ1500 endoscopes, the area was also recorded without
the NBI near focus function (ie, standard focus) as this
endoscope has an adjusted standard focal distance range
that allows for detailed inspection without the use of the
near focus mode.

Imagery was recorded by using 2 recording devices:
USB300 (MediCapture, Plymouth Meeting, Penn, USA)
for CV190 processors and HVO-4000ST (Sony, New York,
NY, USA) for X1 processors.

All imagery was selected based on image quality, both
content independent and content dependent. Content-
independent quality parameters were sufficient contrast,
sharpness, and absence of blur. Content-dependent quality
parameters were mucosal cleanliness (in terms of absence
of bubbles and blood) and illumination. Neoplastic imagery
required the following: (1) endoscopically visible abnor-
malities; and (2) confirmation of high-grade dysplasia or
esophageal adenocarcinoma in corresponding biopsy or
endoscopic resection specimens. NDBE imagery required
the following: (1) absence of visible lesions; and (2) no
dysplasia in biopsy specimens.

Examples of retrospectively and prospectively collected
data are provided in Figure 2.

Ground truth development of prospective imag-
ery. Expert endoscopists recorded targeted areas with
and without neoplasia. All areas were sampled for histopath-
ologic examination for ground truth confirmation and were
only included when pathology results showed NDBE or
high-grade dysplasia/esophageal adenocarcinoma.

Training and validation of the CADx system with
endoscopic images and videos. The Barrett-specific
training set consisted of 1713 neoplastic images derived
from 333 patients and 1755 NDBE images derived from
166 patients. To optimize the performance of the CADx
system, the system was internally validated on 128 prospec-
tively collected images. Based on this data set, the (hyper)
parameters of the CADx system were optimized, and the
image-based thresholds were selected. This internal valida-
tion data set consisted of 45 neoplastic images (derived
from 22 patients) and 83 NDBE images (derived from 31

patients). An additional 40 neoplastic videos and 82
NDBE videos, originating from the same patients as the im-
age validation set, were used for video-specific optimiza-
tion (Supplementary Table 1, available online at www.
giejournal.org).

Testing the CAD system

The image and video test sets were collected prospec-
tively and displayed identical areas of interest from the
same patients; that is, every image in the image test set
had a corresponding video (with an approximate length of
5-10 seconds) in the video test set. The test sets consisted
of 161 areas derived from 51 patients (Supplementary
Table 1).

The test sets were isolated for a single performance test.
There was no overlap in patients between the test set and
the training or validation sets.

Benchmark performance of video test set

The CADx system was designed to aid general endo-
scopists without specific experience in BE. To provide
benchmark performance and to evaluate the additive value
of the CADx system, 44 endoscopists from 6 different
countries reviewed the near focus video test set. A previ-
ously designed web-based module (Meducati AB, Gote-
borg, Sweden)'"'>'° was adjusted for this specific study.

The benchmarking process comprised 2 phases. In the
first phase, endoscopists evaluated the test set without
CADx assistance. In the second phase, the same videos
were assessed in a different, randomized order, and endo-
scopists were provided with CADx assistance. In both
phases, endoscopists evaluated videos for the presence/
absence of neoplasia by assigning them to 1 of 3 cate-
gories: (1) yes, likely neoplastic, indication for targeted bi-
opsy; (2) uncertain, but I would like to take a targeted
biopsy; or (3) not likely neoplastic, no indication for tar-
geted biopsy. To ensure unbiased assessment, no feedback
was given to the endoscopist in between assessment
phases, and all videos were evaluated without further infor-
mation on patient status. There was no washout period in
between assessment phases.
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Figure 2. Examples of neoplastic Barrett images used in this study. Top row: retrospectively collected images. Bottom row: prospectively collected im-
ages, collected in accordance with acquisition protocol. The left image is in near focus, and the right image is in standard focus. A pair of corresponding

videos was also recorded from every prospectively recorded area.

We also asked 10 international experts from 6 different
countries with expertise in the use of optical chromoscopy
techniques and treatment of early Barrett neoplasia to eval-
uate the video test set. The goal was to provide an expert
reference for the performance of the CADx system and
serve as a reference for the CADx-assisted performance
of the general endoscopists.

Architecture of the CADx system

To extract relevant image information, an EfficientNet-
Litel feature encoder'” was used (Supplementary Fig. 1,
available online at www.giejournal.org). This architecture
is optimized for fast and efficient processing of real-time
video imagery and can be directly implemented into cur-
rent endoscopy systems. Additional technical details are
described in the Appendix 1 section (available online at
www.giejournal.org).

Outcomes and performance metrics of CADx
and endoscopists

Primary outcomes. The primary study outcomes
were (1) stand-alone classification by the CADx system,
the general endoscopists, and the BE experts on images
and/or videos in terms of sensitivity and specificity; and
(2) the change in classification performance by general en-
doscopists in the video test when assisted by the CADx
system.

Secondary outcome. The secondary outcome was
percentage in which the CADx system failed to classify

and the percentage of uncertain predictions by the general
endoscopists with and without CADx assistance and the
expert endoscopists. Uncertain predictions (for the endo-
scopists) and “failure to classify” (for the CADx system)
were excluded from the classification performance.

Clinically relevant comparisons of the
outcomes measurements

For the test set, we aimed for 4 clinically relevant com-
parisons: (1) stand-alone performance of CADx versus the
performance of general endoscopists without CADx assis-
tance; (2) performance of general endoscopists without
CADx assistance versus general endoscopists with CADx
assistance; (3) stand-alone performance of CADX versus
the performance of the BE experts; and (4) performance
of general endoscopists with CADx assistance versus the
performance of BE experts.

Statistical analysis

For descriptive statistics, the median and interquartile
range are used for continuous variables. Categorical vari-
ables are represented by frequencies with percentages.
Performance metrics were calculated by using Python
3.8.10 (Python Software Foundation, Wilmington, Del,
USA). Statistical analyses were conducted in R Studio
Version 4.2.1 (RStudio, PBC, Boston, Mass, USA).

To compare sensitivity scores, a mixed-effects logistic
regression model (Ime4 package, R, Version 1.1-30, https://
CRAN.R-project.org/package=Ime4) was used on a subset
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of neoplastic images/videos exclusively. Sensitivity is defined
as the ratio of true positives (neoplastic images/videos de-
tected by the specific group of interest) to all positives (ie,
all neoplastic images/videos in the data set). This resulted
in a conditional odds ratio for sensitivity, along with likeli-
hood profile 95% confidence intervals. Specificity was evalu-
ated by using a similar model but on the subset of
nondysplastic images/videos. Specificity measures the ratio
of true negatives (nondysplastic images/videos defined as
flat BE without neoplastic lesion by the specific group of in-
terest) to all negatives (ie, all nondysplastic images/videos in
the data set).

More information on the mixed-effect logistic regres-
sions models and noninferiority analysis is provided in
the Appendix 1 (available online at www.giejournal.org).

RESULTS

Threshold selection based on validation data

An upper threshold and a lower threshold were chosen
based on performance testing in the internal validation
data set. For images, outputs of the CADx system <.1
were regarded as NDBE and outputs >.7 were regarded
as neoplastic predictions. If the CADx system produced
an output ranging from .1 to .7, the image was registered
as “failure to classify.” For video frames, the thresholds
were set at <.3 and >.8. These thresholds were chosen
in such a way that they optimized sensitivity and specificity
in the internal validation set, while keeping the amount of
“failures to classify” <20%.

Stand-alone CADx performance

In the image test set, CADx had a sensitivity, specificity,
and failure to classify of 98%, 98%, and 22%, respectively.
The distribution of the individual image classification
scores is displayed in Figure 3. In the video test set,
CADx had a sensitivity, specificity, and failure to classify
of 96%, 94%, and 14%. In none of the cases did the
CADx system provide a neoplastic and a nondysplastic pre-
diction within the same video. Stratification of the perfor-
mance results between imagery in standard focus and in
near focus is presented in Table 1.

Endoscopist benchmark versus stand-alone
CADx performance on video test set

In the benchmarked video test set, general endoscopists
had a median sensitivity, specificity, and uncertainty of 84%,
90%, and 22%, respectively. Sensitivity of CADx was signifi-
cantly higher than that of general endoscopists (P = .04),
whereas CADx was not significantly better than general en-
doscopists in terms of specificity (P = .07) or certainty
(P = .06). There was no statistical difference between the
performance of CADx and the BE experts, who had a median
sensitivity, specificity, and uncertainty of 95% (P= .26), 96%
(P = 38), and 13% (P = .71). Individual results of general
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Figure 3. Distribution of classification scores for images in near focus and
standard focus. The x-axis represents the classification output score of the
computer-aided diagnosis (CADx) system. The y-axis does not include in-
formation and is only used to spread the individual predictions. Green
dots have a nondysplastic Barrett’s esophagus (NDBE) ground truth,
and purple triangles have a neoplastic ground truth. Left to the .1
threshold are NDBE predictions, and right to the .7 threshold are the
neoplastic predictions. In between the .1 and .7 threshold are the images
that fail to classify. The most left neoplastic triangle is the lesion that was
falsely predicted by the CADx system to be NDBE. This standard focus im-
age had a probability score of .096.

endoscopists and BE experts are shown in Figure 4, and re-
sults are summarized in Tables 2 and 3.

Additional value of CADx assistance for general
endoscopists

Sensitivity, specificity, and uncertainty all improved
significantly with CADx assistance. Sensitivity increased
from 84% to 96% (P < .001), specificity from 90% to 98%
(P < .001), and the percentage of uncertain predictions
decreased from 22% to 13% (P < .001) (Fig. 5). When
aided by the CADx system, the performance of the general
endoscopists was not statistically different from that of BE
experts. Sensitivity was 96% for general endoscopists and
95% for BE experts (P = .42). Specificity was 98% for gen-
eral endoscopists and 96% for BE experts (P = .053), and
the percentage of uncertain predictions was 13% for both
(P = .94). Results are summarized in Tables 2 and 3. Re-
sults stratified according to endoscopists’ experience are
presented in the Appendix 1.

DISCUSSION

The current study describes the development and eval-
uation of a CADx system for the detailed characterization
of Barrett’s neoplasia using NBIL. The CADx system outper-
formed general endoscopists, and CADx assistance
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TABLE 1. Stand-alone results of CADx system

Test set Focus Sensitivity Specificity Failure to classify
Images Near focus and standard focus 98% 98% 22%
Near focus 100% 98% 26%
Standard focus 94% 98% 17%
Videos Near focus and standard focus 96% 94% 14%
Near focus 93% 96% 14%
Standard focus 100% 91% 13%
CADx, Computer-aided diagnosis.
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Figure 4. Individual results in terms of sensitivity, specificity, and uncertainty of general endoscopists (left) and Barrett’s esophagus experts (right) on
video test set. The different colors depict different amounts of uncertain predictions. It is important to consider the amount of uncertain predictions when
assessing endoscopist performance as uncertain predictions affect performance calculation by being excluded from calculation. Assessing more cases as
uncertain makes it easier to achieve a high performance score. CADx, Computer-aided diagnosis.

TABLE 2. Summary of performance on videos in near focus of the CADx system, general endoscopists without/with CADx assistance, and BE

experts
Scored by Sensitivity Specificity FTC/uncertain
CADx 93% 96% 14%

General endoscopists 84% (IQR, 72%-90%)

90% (IQR, 80%-97%) 22% (IQR, 14%-31%)

General endoscopists + CADx 96% (IQR, 91%-97%)

98% (IQR, 95%-100%) 13% (IQR, 9%-23%)

BE experts 95% (IQR, 93%-96%)

96% (IQR, 87%-100%) 13% (IQR, 9%-20%)

CADx, Computer-aided diagnosis; BE, Barrett’s esophagus; FTC, failure to classify; IQR, interquartile range.

improved endoscopists’ performance significantly to the
level of BE experts.

The CADx system had a stand-alone sensitivity, speci-
ficity, and uncertainty of 98%, 98%, and 22% for images
and 96%, 94%, and 14% for videos, respectively. When
tested on a video test set, the CADx system significantly
outperformed 44 general endoscopists in terms of sensi-
tivity. In addition, the use of the CADx system significantly

improved the sensitivity and specificity of general endo-
scopists with 12% and 8%. In addition, CADx assistance
significantly reduced the number of cases in which endo-
scopists were uncertain about the diagnosis, with a relative
reduction of 41%.

The envisioned use of the CADx system during Barrett’s
surveillance is to supplement a WLE-based CADe system.
Upon primary detection by this system, the endoscopist
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TABLE 3. Results of mixed-effect model analysis of 4 four aimed comparisons for the video test set

Mixed-effect model

Comparison Metric OR (95% Cl) P value
1. CADx vs general endoscopists Sensitivity 1.75 (1.03-2.97) .04
Specificity 1.55 (.96-2.49) .07
FTC/uncertain 0.82 (.67-1.01) .06
2. General endoscopists + CADx vs general endoscopists Sensitivity 4.39 (3.09-6.24) <.01
Specificity 7.70 (5.61-10.57) <.01
Uncertain .60 (.53-0.67) <.01
3. General endoscopists + CADx vs BE experts Sensitivity 1.57 (53-4.72) 42
Specificity 3.19 (.99-10.29) .05
Uncertain 1.02 (91-1.16) 94
4. CADx vs BE experts Sensitivity 1.66 (.69-3.99) .26
Specificity 1.39 (.67-2.88) .38
FTC/uncertain 94 (.69-1.29) 71
OR, Odds ratio; Cl, confidence interval; CADx, computer-aided diagnosis; FTC, failure to classify; BE, Barrett's esophagus.
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Figure 5. Change in performance of individual general endoscopists when computer-aided diagnosis (CADx) assistance was available. The left graph is

without CADx assistance; the right graph is with CADx assistance.

inspects the area of interest with NBI. Subsequently, the
CADx system either confirms the detection and recom-
mends targeted biopsy or assesses the area as NDBE and
advises to disregard the primary CADe detection (Supple-
mentary Video 1). In addition, the CADx system can be
used independently by endoscopists as a stand-alone tool
for characterization of areas of interest detected otherwise.
Besides aiding endoscopists in lesion characterization,
CADx could also serve as a training tool, helping endoscop-
ists better identify Barrett’s neoplasia through CADx
feedback.'”

Although CADx systems for polyp characterization are
already commercially available, only a few and relatively
small-sized studies have reported on CADx systems for Bar-
rett’s neoplasia.'” !

In contrast to other studies, we did not force a binary
outcome on the CADx prediction. If the CADx system is
“not certain enough” to classify the image as either
“neoplastic” or “nonneoplastic” it will output a score “fail-
ure to classify.” This is a deliberate design to mitigate the
potential negative consequences of incorrect predictions.
In our opinion, it is preferable to refrain from predictions
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rather than to provide potentially false-positive finding or,
even worse, false-negative predictions. We hypothesized
that a maximum failure to classify rate of 20% would be
acceptable for a user-friendly CADx system. When during
real-time inspection the CADx system fails to classify, it is
likely that the endoscopist will alter the visualization of
the region of interest (which may provide the CADx system
with sufficient information to make a prediction) or that
the endoscopist simply elects to perform a biopsy of the
area of interest. In the current study, the use of CADx by
general endoscopists resulted in 13% of areas of interest
having a failure to classify score, which was found to be
identical to the performance by BE experts participating
in this study.

It is important to note that there was only minimal
difference in performance between images and videos.
This can be attributed to the fact that we included
magnified imagery with relatively fixed areas of interest,
as there was generally little to no significant movement
of the endoscope during the video recordings. Conse-
quently, the potential advantages of video, such as the
provision of additional temporal and segmental infor-
mation, may be of less relevance under these specific
circumstances.

Moreover, there was no significant difference in the
CADx performance between imagery captured in near focus
and standard focus. This can be attributed to the adjusted
focal distance of the latest version of the EZ1500 endoscope,
in conjunction with the Olympus Xl-processor, which
enables detailed inspection of the mucosa when the endo-
scope tip is brought into close proximity to the area of inter-
est without losing focus, similar to the near focus mode.
However, it is worth noting that the CADx system did
miss a neoplastic image in standard focus that was relatively
zoomed out, thus containing a substantial amount of non-
dysplastic mucosa. This highlights a potential limitation of
our system (Supplementary Fig. 2, available online at
www.giejournal.org).

This study has several unique features. First, it is the
largest study to date evaluating the use of CADx for Barrett’s
neoplasia. Second, the additive value of CADx was evalu-
ated in a 2-phase benchmarking study involving 44 general
endoscopists and 10 international BE experts from 6
different countries. The 2-phase design of the study allowed
for evaluation of the interaction between the endoscopists
and the CADx system, enhancing the clinical relevance
of results. Third, the performance of our algorithm was
tested on a corresponding set of images and videos, in
both near focus and standard focus, providing a compre-
hensive understanding of the capabilities of the CADx
system over multiple modalities. Finally, an important limi-
tation of most CAD systems toward clinical implementation
is their high computational complexity. One distinctive
feature of our CADx system is its low computational de-

mands, enabling real-time video-based assessment, and,
most importantly, direct integration into existing endos-
Copy systems.

Our study also has limitations that should be acknowl-
edged. First, the CADx system was trained, validated, and
tested on high-quality data collected by expert endoscop-
ists from 8 international centers. The performance of the
system when presented with lower quality imagery has
not been formally evaluated. Important parts of high-
quality examinations to acquire high-quality data are in-
spection time, cleaning, and thorough inspection. A CAD
system (and an endoscopist) can only detect what is visu-
alized. We are therefore currently also working on a quality
control algorithm to improve the procedural quality during
Barrett surveillance endoscopy.

Second, the current study did not include imagery with
low-grade dysplasia because of the associated uncertainty
with pathologic diagnosis. Third, the system was only
trained and tested on Olympus imagery. The performance
on endoscopy systems of other manufacturers is unknown
and should be investigated in future studies. Fourth, there
was a partial overlap between our internal validation set
and training set. Ideally, a strict separation of these data
sets is preferred; however, to augment the volume of
data for testing and internal validation purposes, we
permitted a limited degree of overlap. It is crucial to
note that the test set was rigorously segregated from the
training and validation sets and used solely for a single per-
formance assessment. Fifth, a learning effect between
assessment phases 1 and 2 cannot be ruled out. This is
inherent to the 2-phase design of the study. To limit this
effect, no feedback was given after assessment round 1,
and a strict washout period in between the phases was
applied. Sixth, this study evaluated the CADx system as a
stand-alone tool, while in clinical practice its true value
may lie in conjunction with an earlier CADe system. The
implementation of a supplemented CADx system has the
potential to decrease the rate of false-positive results
generated by the CADe system. We plan to conduct a pilot
study examining the real-time interaction between the en-
doscopist and the CADx system. This study could explore
the interaction between an initial CADe and a secondary
CADx system and the effect of re-imaging areas where
the system initially failed to classify.

In conclusion, we have developed and evaluated a ready-
for-use CADx system for the detailed characterization of Bar-
rett’s neoplasia. The system was tested prospectively on both
image and video and accurately distinguished neoplasia from
NDBE. The performance of the CADx system was superior
to that of general endoscopists and was comparable to that
of BE experts. Moreover, CADx assistance significantly
increased characterization performance of general endoscop-
ists, indicating its additive value during Barrett surveillance
endoscopies.
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APPENDIX 1

Statistical analysis of 4 separate comparisons

The structure of the benchmark study allowed for 4 clin-
ically relevant comparisons: (1) stand-alone performance
of computer-aided diagnosis (CADX) versus general endo-
scopists; (2) general endoscopists without CADX assistance
versus general endoscopists with CADx assistance; (3)
stand-alone performance of CADx versus Barrett’s esoph-
agus (BE) experts; and (4) general endoscopists with
CADx assistance versus BE experts.

Comparisons between endoscopists and/or CADx
comprised repeated measurements (ie, with and without
CADx assistance) or clustered measurements (ie, evalua-
tion of same videos by multiple endoscopists or same en-
doscopist evaluation of multiple videos). All outcome
parameters of these comparisons were binary variables
(ie, correct prediction of either neoplasia or nondysplastic
BE). Therefore, mixed-effects logistic regression models
(Ime4 package in R Studio) were used.

First, for the comparison between CADx and general en-
doscopists, the fixed effect was the evaluating entity being
either an endoscopist or a CADx system. The video was
considered a random effect. Second, for the comparison be-
tween general endoscopists without CADx assistance and
general endoscopists with CADx assistance, the fixed effect
was the assistance of CADx. The video and evaluating endo-
scopist were considered random effects. Third, for the com-
parison between the CADx system and BE experts, the fixed
effect was the evaluating entity being either an endoscopist
or a CADx system. The video was considered a random ef-
fect. Finally, for the comparison between general endoscop-
ists with CADx assistance and BE experts, expertise was
considered the fixed effect. The video and the evaluating
endoscopist were considered random effects.

All comparisons were tested two-sided. Fixed-effect cor-
relations with a P value <.05 were considered significant.

Technical details of the developed CADx system

Many deep neural networks in healthcare involve a
considerable large number of parameters, which impose
considerable hardware requirements, in terms of computa-
tion, memory, and bandwidth. This renders the direct im-
plementation of these applications on the typical hardware
platforms of current endoscopy systems unattainable. In
this work, we have therefore focused on reducing the
model’s complexity to make real-time artificial intelligence
directly feasible for endoscopic systems.

The CADx system was constructed using an EfficientNet-
litel feature encoder (Supplementary Fig. 1), which is opti-
mized for fast and efficient processing of real-time imagery.
The EfficientNet-lite1 architecture comprises an input layer
and 7 stages (Supplementary Table 2), which are con-
structed with Mobile Conv layers (Supplementary Fig. 3).
Here, each stage has a specific kernel size, and a specific

amount of repeating Mobile Conv layers. Progressing deeper
into the network, the feature maps are down-scaled using
strided convolutions.

To achieve real-time performance using this architec-
ture, 4 specific optimizations were incorporated into the
network: (1) the architecture is specifically optimized to
achieve the best accuracy per number of operations; (2)
the operations are strongly parallelizable, which means
that many operations can be performed at the same
time, instead of sequentially; (3) batch normalization oper-
ations are completely removed from our model by folding
the batch-normalization values into the convolutional fil-
ters after the training is completed; and (4) all operations
are quantized to operate in a limited integer range of 8 bits.

Because these quantized functions can only operate in a
limited range, an activation function such as Rectified-Layer
Unit with an unbounded activation output is not suitable.
As a solution, Rectified-Layer Unit 6 is introduced to
constraint the activation range by clipping the output at
a value of 6. This alteration improves the conversion of
the model from a higher precision float32 to integer-8 pre-
cision, as the high precision model already needs to learn
to operate in a limited range.

Moving from a higher precision float value to a lower pre-
cision integer-8 value is a lossy process; hence, the network
can have a significant loss of accuracy. To minimize the per-
formance loss, the quantization-aware training (QAT) tech-
nique is introduced in the training process. This technique
simulates the low precision behavior in the forward pass,
while preserving high precision in the backward pass for up-
dating the weights. For this purpose, a quantization error is
induced in the total loss, which the optimizer can precisely
reduce by adjusting the parameters accordingly. The result
is an almost lossless model, which attains similar accuracies
as high precision float32 models, and can operate on simple
edge devices without vast computing capabilities.

Output stability function for video
classification

Video classification was based on a stability algorithm,
which provided a weighted prediction in real time. As the
certainty of the CADx system increases, a gray bar located
to the left of the real-time video becomes filled. Once the
bar is completely filled, the bar turns red or green and the
text “Neoplasia” or “No Dysplasia” is displayed (Fig. 1).

To provide a stable video classification with the proposed
architecture, we propose to use a stability function on the
classification output of the architecture (Supplementary
Fig. 4). This stability function ensures a stable video-
classification output by incorporating temporal information
embedded in the frame-sequence. Real-time feedback of the
combination of the algorithm and the stability function is
ensured by subsampling 1 every 3 frames of 50 fps input
videos, while 25 fps input videos are analyzed at the input
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frame rate. The stability function consists of 5 fundamental
output states (Idle, Under Inference [Neoplastic], Under
Inference [Nondysplastic], Final Inference [Neoplastic],
and Final Inference [Nondysplastic]) with corresponding
output classes (Class 0, before classification; Class 1, under
classification; Class 2, Neoplastic; and Class 3, Nondysplas-
tic), with possible transitions in between the states. The tran-
sitions are dependent on the frame-based detected class
(Neoplastic, “Failure to Classify” or Nondysplastic) of the
neural network architecture, whereas the update values for
each transition are dependent on the frame-based probabil-
ity score (Supplementary Fig. 5).

At the beginning of each video, the stability function is
initialized with cumulative value Ky,,, = 0 (with maximum
value Kgm max = 2"), which changes over time as infer-
ence proceeds (Supplementary Fig. 4). The workflow for
each processed video frame consists of 4 steps. First, the
frame is provided to the neural network, which produces
a dysplasia probability score. Second, this probability score
is compared with the predefined Lower Threshold and Up-
per Threshold (Supplementary Fig. 5) to obtain the frame-
based detected class and corresponding update value.
Third, the corresponding transition is according to the sta-
bility function. Lastly, the stability is calculated with
Rounddown([KsymKsum max] X 100). At each frame of
the video, the current output class and the value of stability
are shown to the user.

Multistage transfer learning

ImageNet pretraining has been an established method
to learn valuable features, which have proven to also be
useful even in out-of-domain data applications. Hence, us-
ing weights pretrained with natural images such as those in
the ImageNet data set leads to better results compared
with training from scratch with small data sets.

To increase the robustness of the model, we used an
additional pretraining using a domain-specific data set,
called GastroNet,""™"* consisting of 5,084,494 images of
the GI tract and a set of 3743 labeled images in the classes:
esophagus, stomach, small intestines, colon, and other.

Using a semi-supervised framework called Unsupervised
Data Augmentation, we train a network to (1) recognize
the 5 labeled classes; and (2) to predict the same output
of heavily and lightly augmented images of the unlabeled
data set. As shown,'""" domain-specific pretraining on a
data set that resembles the target domain can aid in
improving the performance.

After the pretraining steps, the CADx system is fine-
tuned into 2 separate stages: first, a training state in full
float32 precision; and second, a QAT stage that simulates
the quantized state of the model. The first step ensures
that the network weights converge toward a good mini-
mum in the loss landscape, before fine-tuning the quan-
tized weights. Because the loss landscape is not as
smooth during QAT due to the introduced rounding er-
rors, it can be more difficult to find a good point of gener-
alization if the training is started directly with the QAT
approach.

Development infrastructure

The CADx system was developed and evaluated using
the Tensorflow/Keras toolkit in the Python Framework.
Tensorflow/Keras was extended with the “Tensorflow
Model Optimization” toolkit to quantize the model. All ex-
periments were performed on a workstation with the
following specifications: Ryzen 9 5900X CPU (AMD, Santa
Clara, Calif, USA), 32 GB random-access memory, and a
GeForce RTX 3080 Ti (NVIDIA, Santa Clara, Calif, USA)
with 12 GB video random access memory.

False-negative CADx prediction

Results stratified according to endoscopists’ expe-
rience. Supplementary Table 3 presents the results strati-
fied according to the experience of the endoscopist.
Supplementary Figure 6 shows the change in performance
of individual general endoscopists when CADx assistance
was available, stratified according to experience.
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EfficientNet-litel
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Supplementary Figure 1. Overview of the neural network design. The network uses an EfficientNet-litel feature encoder. Here, each independent
convolutional operation is denoted with [k x k] x f, where k refers to the filter size and f to the number of filters, and is followed up with a
Rectified-Layer Unit 6 activation function, except for the output layers.

Supplementary Figure 2. Neoplastic lesion incorrectly classified by the computer-aided diagnosis system as nondysplastic in standard focus (right)
while being correctly classified as neoplastic in near focus (left).
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RelU6

If B{b}> 1

Supplementary Figure 3. Mobile Convolution block using Depthwise Separable Convolutions, which are used in the Efficient Net-lite architecture.
RelLUG, Rectified-Layer Unit 6.
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Supplementary Figure 4. Graphical diagram of the output stability function, supplementing the neural network architecture for video classification.
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Supplementary Figure 5. Graphical illustration of the values for the update rules in the stability function.
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Supplementary Figure 6. Change in performance of individual general endoscopists when computer-aided diagnosis (CADx) assistance was available,
stratified according to experience. The left graph is without CADx assistance; the right graph is with CADx assistance.
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SUPPLEMENTARY TABLE 1. Overview of data sets used for the development of the CADx system

No. of images (no. of

Type of patients)

Data set and purpose imagery Neoplastic = NDBE Acquisition Type of labeling

1. General pretraining on nonendoscopic images ImageNet 1,200,000 (NA) NA NA

2. Domain-specific pretraining on general GastroNet 5,084,494 (unknown) Retrospective Subset: hand-labeled by 2 experts

endoscopic images acquisition

3a. Training images Barrett 801 (267) 201 (68) Retrospective Hand-labeled by 3 experts,
specific acquisition corresponding pathology

3b. Training images Barrett 912 (66) 1554 (98) Prospective Hand-labeled by 3 experts,
specific acquisition corresponding pathology

4a. Validation images Barrett 45 (22) 83 (31) Prospective Hand-labeled by 3 experts,
specific acquisition corresponding pathology

4b. Validation videos Barrett 40 (19) 82 (31) Prospective Hand-labeled by 3 experts,
specific acquisition corresponding pathology

5a. Testing near focus images Barrett 30 (20) 60 (31) Prospective Hand-labeled by 3 experts,
specific acquisition corresponding pathology

5b. Testing standard focus images Barrett 20 (14) 51 (26) Prospective Hand-labeled by 3 experts,
specific acquisition corresponding pathology

5c. Testing near focus videos benchmark test set Barrett 30 (20) 60 (31) Prospective Hand-labeled by 3 experts,
specific acquisition corresponding pathology

5d. Testing standard focus videos Barrett 20 (14) 51 (26) Prospective Hand-labeled by 3 experts,
specific acquisition corresponding pathology

CADx, Computer-aided diagnosis; NDBE, nondysplastic Barrett's esophagus; NA, not applicable.

SUPPLEMENTARY TABLE 2. EfficientNet-lite1 detailed specifications

Kernel
size Input resolution No. of mobile conv

Stage i Operator [ki x kil (H{i} x W{i}) Channels (C{i}) Stride (S{i}) blocks (B{b}) Expand ratio (ER{i})
Input stage Conv 3 256 x 256 32 2 n/a n/a
1 MBConv 3 128 x 128 16 1 1 1
2 MBConv 3 128 x 128 24 2 3 6
3 MBConv 5 64 x 64 40 2 3 6
4 MBConv 3 32 x 32 80 2 4 6
5 MBConv 5 16 x 16 112 1 4 6
6 MBConv 5 16 x 16 192 2 5 6
7 MBConv 3 8 x 8 320 1 1 6
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SUPPLEMENTARY TABLE 3. Results stratified according to experience

Experience Phase Sensitivity Specificity FTC/uncertain

<3 years (n = 17) Phase 1 86% 88% 26%
Phase 2 92% 98% 18%
Change 6% 10% -8%

3-10 years (n = 21) Phase 1 83% 90% 21%
Phase 2 96% 98% 13%
Change 13% 8% -8%

>10 years (n = 6) Phase 1 81% 98% 22%
Phase 2 96% 100% 9%
Change 15% 2% -13%

FTC, Failure to classify.
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