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Abstract
Introduction: Capsule endoscopy (CE) is a minimally in-
vasive exam suitable of panendoscopic evaluation of the
gastrointestinal (GI) tract. Nevertheless, CE is time-
consuming with suboptimal diagnostic yield in the up-
per GI tract. Convolutional neural networks (CNN) are
human brain architecture-based models suitable for
image analysis. However, there is no study about their
role in capsule panendoscopy. Methods: Our group
developed an artificial intelligence (AI) model for pan-
endoscopic automatic detection of pleomorphic lesions
(namely vascular lesions, protuberant lesions, hematic
residues, ulcers, and erosions). 355,110 images (6,977
esophageal, 12,918 gastric, 258,443 small bowel, 76,772
colonic) from eight different CE and colon CE (CCE)

devices were divided into a training and validation
dataset in a patient split design. The model classification
was compared to three CE experts’ classification. The
model’s performance was evaluated by its sensitivity,
specificity, accuracy, positive predictive value, negative
predictive value, and area under the precision-recall
curve. Results: The binary esophagus CNN had a diag-
nostic accuracy for pleomorphic lesions of 83.6%. The
binary gastric CNN identified pleomorphic lesions with a
96.6% accuracy. The undenary small bowel CNN distin-
guished pleomorphic lesions with different hemorrhagic
potentials with 97.6% accuracy. The trinary colonic CNN
(detection and differentiation of normal mucosa, pleo-
morphic lesions, and hematic residues) had 94.9% global
accuracy. Discussion/Conclusion:We developed the first
AI model for panendoscopic automatic detection of
pleomorphic lesions in both CE and CCE from multiple
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brands, solving a critical interoperability technological
challenge. Deep learning-based tools may change the
landscape of minimally invasive capsule panendoscopy.

© 2024 The Author(s).

Published by S. Karger AG, Basel

Deep Learning e Endoscopia Minimamente Invasiva:
Deteção panendoscópica de lesões pleomórficas

Palavras Chave
Deep learning · Endoscopia por cápsula · Inteligência
artificial · Panendoscopia

Resumo
Introdução: A endoscopia por cápsula (EC) é um exame
minimamente invasivo que avalia todo o trato gastrointes-
tinal. Contudo, é morosa, com acuidade limitada no trato
digestivo superior. As redes convolucionais neurais (RCN) são
modelos baseados na arquitetura cerebral humana aper-
feiçoados para análise de imagens. Contudo, o seu papel na
panendoscopia por cápsula ainda não foi estudado.
Métodos: Desenvolveu-se um modelo de inteligência arti-
ficial (IA) para deteção panendoscópica de lesões pleo-
mórficas (nomeadamente lesões vasculares, protuberantes,
resíduos hemáticos, úlceras e erosões). 355,110 imagens
(6,977 esofágicas, 12,918 gástricas, 258,443 do intestino
delgado e 76,772 colónicas) de oito dispositivos diferentes de
enteroscopia e panendoscopia por cápsula foram divididas
num dataset de treino e validação num desenho patient split.
A classificação da RCN comparou-se com a de três espe-
cialistas em CE. O modelo foi avaliado através da sensibili-
dade, especificidade, valor preditivo positivo, valor preditivo
negativo, acuidade e área sob curva precision-recall.
Resultados: A RCN binária esofágica teve acuidade de 83.6%
para lesões pleomórficas. A RCN binária para lesões gástricas
pleomórficas teve acuidade de 96.6%. A RCN de 11 cate-
gorias de intestino delgado diferenciou lesões pleomórficas
com diferente potencial hemorrágico com acuidade de
97.6%. A RCN trinaria colónica (mucosa normal, lesões
pleomórficas e resíduos hemáticos) teve acuidade de 94.9%.
Discussão/Conclusão:Desenvolveu-se o primeiromodelo de
IA com elevada acuidade na deteção panendoscópica de
lesões pleomórficas em dispositivos de enteroscopia e
panendoscopia por cápsula, solucionando um desafio de
interoperabilidade tecnológica. A utilização de modelos de
deep learning pode alterar o panorama da panendoscopia
por cápsula. © 2024 The Author(s).

Published by S. Karger AG, Basel

Introduction

Capsule endoscopy (CE) is a minimally invasive
exam preconized in the study of the small bowel [1, 2],
but capable of evaluating the entire gastrointestinal
(GI) tract [3]. With the development of colon capsule
endoscopy (CCE), CE-based panendoscopy is an
evolving concept with the need to achieve a minimally
invasive alternative for the evaluation of the entire GI
tract [4, 5]. Whereas conventional esophagogas-
troduodenoscopy and colonoscopy are the current
standards of care for evaluating the esophagic, gastric,
and colonic mucosa, there is a need to consider the
invasiveness of the exam, with a non-neglectable risk of
complications like infection, bleeding, perforation and
cardiopulmonary adverse events [6]. Moreover, the use
of sedation techniques during the exam can increase
costs related to the procedure and loss of working days
by the patients [7], limiting the cost-effectiveness of
both procedures in a screening setting.

Nevertheless, we must consider the intrinsic limitations
of CE, especially in the upper GI tract. CE diagnostic
performance for esophagic gastric lesions is still suboptimal.
In fact, esophagus transit time is short and common pa-
thologies are identified near the esophagogastric junction
[8], with the scarcity of images affecting CE diagnostic yield.
Regarding the stomach, the absence of insufflation in CE
limits the observation of the complete structure, especially
the more proximal region [9]. CE dependence of the
peristaltic movements can also be a challenge concerning its
diagnostic yield in the upper GI tract.

CE is a time-consuming exam, with reading times
that can reach up to 120 min per exam [10]. The large
number of frames produced by a single CE exam favors
the use of artificial intelligence (AI) tools for image
analysis. Convolutional neural networks (CNN) are a
multi-layer architecture inspired by the human visual
cortex, with high accuracy for imaging analysis, es-
pecially image pattern detection [11]. CNN models
have been studied in several medical areas [12–14]. CE
is the main focus of study for developing CNN-based
technologies [15–17], augmenting its cost-effectiveness
by increasing the diagnostic yield with a reduction in
the reading time. Whereas there are several works
about AI tools in CE for the evaluation of the small
bowel [17, 18], colon [19], and even gastric mucosa
[20], the role of this technology in the identification of
esophageal lesions by CE is still to be explored. In this
study, our group aimed to create the first worldwide AI-
based model for panendoscopic (esophageal, gastric,
enteric, and colonic) automatic detection of
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pleomorphic lesions in a multi-device design, namely
vascular lesions, hematic residues, protruding lesions,
ulcers, and erosions.

Methods

Study Design
Our group aimed to develop an AI-based algorithm for the

panendoscopic automatic detection of pleomorphic lesions in-
cluding vascular lesions (red spots, angiectasia, and varices),
xanthelasma, xanthomas, luminal blood, protruding lesions, ul-
cers, and erosions. This multicentric multi-device study was based
on esophageal, gastric, small bowel, and colonic images obtained
from eight different CE types (PillCam SB3™; PillCam SB1™;
PillCam Crohn’s™; PillCam Colon 1™, PillCam Colon 2™,
MiroCam Capsule Endoscope™, Olympus Endocapsule™,
OMOMHDCapsule Endoscopy System™) in two different centers
(Centro Hospitalar Universitário São João and ManopH), com-
prising 5,846 CE exams in 4,372 patients between June of 2011 and
December of 2022.

Our study was developed in a non-interventional fashion,
respecting the Declaration of Helsinki, and was approved by the
Ethics Committee of São João University Hospital/Faculty of
Medicine of the University of Porto (No. CE 407/2020). Potentially
identifying information of the subjects was omitted and each
patient received a random number assignment in order to obtain
effective data anonymization for researchers involved in the CNN
network. The non-traceability of the data in conformity with
general data protection regulation was ensured by a legal teamwith
Data Protection Officer (DPO) certification (Maastricht
University).

CE Protocol
CE procedures were conducted using eight different CE devices:

the PillCam SB1™ system (Medtronic, Minneapolis, MN, USA),
the PillCam SB3™ system (Medtronic, Minneapolis, MN, USA),
the PillCam Colon 1™ (Medtronic, Minneapolis, MN, USA), the
PillCam Colon 2™ (Medtronic, Minneapolis, MN, USA), the
PillCam Crohn’s™ (Medtronic, Minneapolis, MN, USA), the
MiroCam Capsule Endoscope™ (IntroMedic, Seoul, Korea), the
Olympus Endocapsule™ (Olympus, Tokyo, Japan), and the
OMOM HD™ Capsule Endoscopy System (Jinshan Science &
Technology Co., Chongqing, Yubei, China).

Images from PillCam SB3, PillCam SB1, PillCam Colon 2, and
PillCam Crohn’s CE were reviewed using the PillCam™ Software
version 9 (Medtronic), whereas PillCam Colon 1 images were
reviewed with an older version of PillCam™ software. The
Olympus Endocapsule images were revised in the Endocapsule 10
System (Olympus). The MiroCam images are viewed in the
MiroView Software (IntroMedic). The Vue Smart Software (Jin-
shan Science & Technology Co.) was used for reviewing the
OMOM HD videos. After the removal of potential patient-
identifying information, extracted frames were stored and la-
beled with a consecutive number.

Each patient underwent bowel preparation following pre-
vious recommendations by the European Society of Gastro-
intestinal Endoscopy [1]. Briefly, patients kept a clear liquid diet
on the day before capsule ingestion, fasting the night before the

exam. In the patients performing small bowel capsule endos-
copy (SBCE), 2 L of polyethylene glycol solution was consumed
before the exam. Simethicone was the chosen anti-foaming
agent. 10 mg of domperidone was given to each patient as a
prokinetic if the capsule remained in the stomach 1 h after
ingestion (implying hourly image review on the data recorder
worn by the patient). When performing CCE, a bowel prepa-
ration consisting of 4 L of polyethylene glycol solution was
taken in split form (2 L in the evening before the exam and 2 L in
the morning of the exam). Two boosters of 25 and 20 mL of a
sodium phosphate solution were ingested when the capsule
entered the small bowel and 3 h later.

Classification of Lesions
The different segments of each CE exam were reviewed for

the identification of pleomorphic lesions. The pleomorphic
lesions included vascular lesions (red spots, angiectasia, and
varices), xanthomas, lymphangiectasias, protruding lesions,
ulcers, and erosions. Our model was also evaluated for the
detection of luminal blood. Classification scores used in SBCE
were adapted for the definition of the different lesions [21].
Lymphangiectasias were considered white-colored points of the
intestinal mucosa, while xanthomas were defined as yellowish
plaque-like lesions.

Red spots were defined as flat punctuate lesions under 1 mm,
with a bright red area, without vessel appearance [21]. An-
giectasia consisted of reddish lesions of tortuous and dilated
clustered capillaries. Varices were defined as raised serpiginous
venous dilations. The subgroup of protruding lesions consisted
of polyps, flat lesions, nodules and subepithelial lesions. Mu-
cosal erosions were described as areas of minimal loss of epi-
thelial layering with normal surrounding mucosa. Ulcers were
defined as depressed loss of epithelial covering, with a whitish
base and surrounding swollen mucosa, with an estimated di-
ameter of >5 mm.

The lesions identified in the small bowel were classified into
three levels of bleeding risk with the Saurin classification [22], with
P0, P1, and P2 classification for absent, intermediate or high
hemorrhagic risk, respectively. P0 lesions encompassed lym-
phangiectasia and xanthomas. P1 lesions comprised red spots,
mucosal erosions, small ulcers and the majority of the protuberant
lesions, whereas P2 classification encompassed angiectasia and
varices, large ulcerations (>20 mm) and large (>10 mm) or ul-
cerated protuberant lesions. Three CE expert gastroenterologists,
with an experience of over 1000 CE exams prior to the study,
classified each of the extracted images.

CNN Development
The study design is displayed through a flowchart in Fig. 1.

Table 1 displays the characteristics and methodological specific-
ities of each CNN.

A total of 6,977 selected esophageal images were inserted in
our CNN with transfer learning. The full esophageal dataset
consisted of 3,920 images of normal mucosa and 3,057 images of
esophageal lesions (namely vascular lesions, hematic residues,
ulcers, erosions, and protuberant lesions). The images were
divided into a training and validation dataset, in a patient split
design (with all the images from a given patient allocated to the
same dataset). The binary esophageal CNN (normal mucosa vs.
pleomorphic lesions) was evaluated as the mean of the
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Fig. 1. Study flowchart for the training and validation phases. CE, capsule endoscopy; CCE, colon capsule
endoscopy; N, normal mucosa; P3, hematic residues; P1PE, P1 red spots; P2V, P2 vascular lesions; P1PR, P1
protuberant lesions; P0L, P0 lymphangiectasia; P2U, P2 ulcers; P2PR, P2 protuberant lesions; P0X, xan-
thomas; P1U, P1 ulcers; P1E, P1 erosions; PP, pleomorphic lesions.
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Table 1. CNN methodological characteristics in the different locations

CNN organ No. of
images

No. of
exams

CE devices (No. of
exams)

CNN evaluation

Esophagus 6,977 536 PillCam SB3 (270) The binary CNN (normal mucosa vs. pleomorphic lesions) was
evaluated as the mean of the outcomes of three different
validation dataset evaluation with different parameters

PillCam Crohn’s (207)
OMOM (59)

Stomach 12,918 107 PillCam SB3 (84) The binary CNN (normal mucosa vs. pleomorphic lesions) was
evaluated with the validation dataset (comprising around 10% of
the total of images)

OMOM (14)
PillCam Crohn’S (9)

Small
bowel

258,443 957 PillCam SB3 (724) The undenary CNN was evaluated with the validation dataset
(comprising around of the total of images)OMOM (137)

PillCam Crohn’s (88)
Colon 2 (3)
MiroCam (2)
PillCam SBI (2)
Olympus (1)

Colon 76,772 148 PillCam Crohn’s (97) The trinary CNN (normal mucosa vs. pleomorphic lesions vs.
hematic residues) was evaluated with the validation datasetPillCam SB3 (25)

PillCam colon 1 (17)
PillCam Colon 2 (5)
OMOM (4)

CNN, convolutional neural network.

Fig. 2. Output obtained from the application of the CNN, for the
pleomorphic lesions in diverse locations (esophagus [a]; stomach
[b]; small bowel [c]; colon [d]). The bars represent the estimated
probability by the CNNmodel. Thefindingwith the highest probability
was outputted as the predicted classification. The blue bars represent a

correct prediction, whereas the red bars represent an incorrect pre-
diction. N, normal mucosa; P3, hematic residues; P1PE, P1 red spots;
P2V, P2 vascular lesions; P1PR, P1 protuberant lesions; P0L, P0
lymphangiectasia; P2U, P2 ulcers; P2PR, P2 protuberant lesions; P0X,
xanthomas; P1U, P1 ulcers; P1E, P1 erosions; PP, pleomorphic lesions.
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outcomes of three different evaluations of the CNN with dif-
ferent model parameters.

Regarding the gastric CNN, 12,918 gastric images were used,
including 6,844 normal images and 6,074 images of gastric lesions.
The images were divided into a training (around 90% of the total
images, n = 11,289) and validation dataset (around 10% of the total
images, n = 1,629), in a patient split design. A 3-fold cross-
validation was used in the development of the stomach CNN,
with experimentation of different model parameters for obtaining
the fittest model. The validation dataset was used to evaluate the
performance of the model.

A total of 258,443 images were used for the construction of the
small bowel dataset, with 62,792 normal images and 195,691
images of enteric lesions. The images were divided in a training
(around 80% of the total images, n = 205,498) and validation
dataset (around 20% of the total images, n = 52,945) in a patient
split design. A 5-fold cross-validation was used to test the different
model parameters and obtain the fittest model. The enteric CNN
consisted of an undenary model, with a total of 11 categories,
including normal mucosa, hematic residues and pleomorphic
lesions with different hemorrhagic potential. The performance of
the model was evaluated with the validation dataset.

Our colonic dataset contained 76,772 images, with 53,989 normal
mucosa images, 3,918 images from hematic residues and 18,865
images from pleomorphic lesions. The images were divided into
training (n = 72,438) and validation (n = 4,334) datasets, with the latter
being used for the evaluation of themodel. This CNNwas evaluated as
a trinary model, testing the CNN for distinguishing between normal
mucosa, hematic residues and pleomorphic colonic lesions.

The Xception model pre-trained on ImageNet was used for the
creation of the CNN. Convolutional layers of the model were kept in

order to transfer this learning to our data, while the last fully con-
nected layers were removed, and fully connected layers were attached
based on the number of classes used to classify the CE images.

Themodel consisted of 2 blocks, comprising fully connected layers
followed by a Dropout layer of 0.25 drop rate. Following these 2
blocks, a Dense layer with a size defined as the number of categories to
classify was added. Our group set by trial and error a learning rate of
0.0001, batch size of 128, and the number of epochs of 20. We used
Tensor-flow 2.3 and Keras libraries to prepare the data and run the
model. The analyses were performed with a computer equipped with
an Intel® Xeon® Gold 6130 processor (Intel, Santa Clara, CA, USA)
and a NVIDIA Quadro® RTX™ 4000 graphic processing unit
(NVIDIA Corporate, Santa Clara, CA, USA).

Performance Measures and Statistical Analysis
For a given image, the CNN model calculated the probability

for each category (normal mucosa vs. pleomorphic lesions in
the esophagus and stomach, normal mucosa vs. ten categories of
lesions with different hemorrhagic potential in the small bowel,
normal mucosa vs. pleomorphic lesions vs. hematic residues in
the colon), with a given probability (Fig. 2), with higher
probability values translating greater CNN prediction confi-
dence. The software generated heatmaps identifying features
that were the base of the prediction (Fig. 3). The CNN output
was compared to the consensus classification by three CE ex-
perts’, nowadays considered the gold standard for the evalua-
tion of CE. The confusion matrix between experts and the CNN
classification is presented in Table 2.

The primary performance measures included sensitivity, speci-
ficity, positive predictive value (PPV), negative predictive value (NPV)
and accuracy (Table 3). These measures were represented with their

Fig. 3. Heatmaps obtained from the application of the CNN showing pleomorphic lesions in the esophagus
(a), stomach (b), small bowel (c), and colon (d), as identified by the CNN.
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means and 95% confidence intervals (CI). The precision-recall (PR)
curve and the area under the precision-recall curve (AUC-PR) were
used tomeasure the performance of themodel. Statistical analysis was
performed using Sci-Kit learn version 0.22.2 [23].

Results

Esophagus
A total of 6,977 esophageal images from 536 CE

exams in three different devices (PillCam SB3; PillCam
Crohn’s; OMOM HD capsule endoscopy system) were

used for the development of the CNN. The esophagus
CNN had a mean sensitivity of 76.3%, specificity of
86.2%, PPV of 90.6%, and NPV of 79.0%, with a mean
accuracy of 83.6% and AUC-PR of 0.90. These results
were achieved with an image processing time of 95
images per second.

Stomach
A total of 12,918 gastric images were obtained from a

total of 107 CE exams in 3 different devices (PillCam SB3;
PillCam Crohn’s; OMOM HD capsule endoscopy

Table 2. Confusion matrix between experts and CNN classification

Sn sp VPP VPN Acc AUC-PR

Esophagus (n = 6,977)
Training dataset mean 55.1 (50.4–59.4) 87.3 (85.3–89.1) 67.3 (65.0–69.5) 68.5 (67.2–69.7) 68.8 (66.7–70.8)
Validation dataset 76.3 (71.1–80.9) 86.2 (80.5–90.9) 90.6 (86.5–93.5) 79.0 (73.7–83.2) 83.6 (79.9–86.9) 0.90

Stomach (n = 12,918)
Training dataset mean 87.8 (86.9–88.7) 92.3 (91.6–93.0) 91.4 (90.6–92.0) 89.2 (88.5–89.9) 90.2 (89.6–90.7)
Validation dataset 97.4 (96.0–98.4) 95.9 (94.4–97.1) 95.0 (93.3–96.3) 97.8 (96.7–98.6) 96.6 (95.6–97.4) 1.00

Small bowel (n = 258,443)
Training dataset mean 81.5 (69.5–91.0) 98.5 (97.2–99.3) 82.6 (70.7–90.3) 98.5 (97.4–99.3) 97.5 (95.8–99.3)
Validation dataset 78.6 (76.9–80.7) 97.6 (97.5–97.7) 72.5 (69.8–77.3) 99.2 (99.2–99.3) 97.6 (97.5–97.7)
N versus ALL 85.2 98.4 89.9 96.6 96.5 0.95
POL versus ALL 95.2 98.0 59.5 99.8 98.0 0.91
POX versus ALL 93.1 99.8 91.6 99.9 99.7 0.97
PIPE versus ALL 87.9 99.4 82.1 99.6 99 0.93
PIPR versus ALL 96.1 99.5 99.1 97.8 98.3 1.00
PIU versus ALL 91.0 99.0 81.8 99.5 98.6 0.95
PIE versus ALL 83.1 99.5 80.0 99.6 99.1 0.91
P2V versus ALL 92.5 99.7 70.1 99.9 99.6 0.91
P2PR versus ALL 1.4 99.9 9.1 99.9 99.8 0.07
P2U versus ALL 42.3 99.8 63.0 99.6 99.5 0.55
P3 versus ALL 97.3 80.4 70.7 98.4 85.9 1.00
PO versus PI 99.1 97.5 80.6 99.9 97.6
PO versus P2 99.9 99.5 99.9 99.7 99.8
PO versus ALL 95.7 97.9 70.2 99.8 97.8
PI versus P2 99.4 71.6 99.0 79.4 98.4
PI versus ALL 95.6 96.8 96.2 96.3 96.3
P2 versus ALL 68.0 99.5 70.9 99.5 99.0

Colon (n = 76,772)
Training dataset mean 86.5 (85.3–87.7) 93.0 (92.4–93.6) 87.6 (86.5–88.6) 94.4 (93.8–94.9) 92.5 (92.0–93.0)
Validation dataset 85.7 (81.1–89.6) 94.0 (91.8–95.5) 87.4 (82.9–90.1) 93.5 (91.2–95.2) 94.9 (94.2–95.5)
PP versus ALL 84.2 93.5 83.4 93.7 90.8 0.91
PP versus P3 99.4 93.6 99.6 90.7 99.1
PP versus N 84.6 93.4 83.9 93.7 90.8
P3 versus ALL 74.7 99.6 78.7 99.5 99.2 0.84
P3 versus N 78.7 99.6 85.5 99.4 99.1
N versus ALL 93.1 84.4 93.2 84.1 90.4 0.98

CNN, convolutional neural network; Class, classification; N, normal mucosa; P3, hematic residues; P1PE, P1 red spots; P2V, P2
vascular lesions; P1PR, P1 protuberant lesions; P0L, P0 lymphangiectasia; P2U, P2 ulcers; P2PR, P2 protuberant lesions; P0X,
xanthomas; P1U, P1 ulcers; P1E, P1 erosions; PP, pleomorphic lesions.
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system). The CNN had a sensitivity of 97.4%, specificity
of 95.9%, PPV of 95.0%, NPV of 97.8%, and global ac-
curacy of 96.6%, with an AUC-PR of 1.00. The model
achieved these results with an image processing time of
115 images per second.

Small Bowel
A total of 258,443 enteric images were obtained from

957 CE exams in seven different devices (PillCam SB3;
PillCam SB1, PillCam Crohn’s; PillCam Colon 2, OMOM

HD capsule endoscopy system, MiroCam Capsule En-
doscope™, Olympus Endocapsule™). The CNN revealed
a global sensitivity of 78.6%, specificity of 97.6%, PPV of
72.5%, NPV of 99.2%, and accuracy of 97.6%.

When regarding the identification of specific enteric
lesions, the model presented a global accuracy of 96.5%
for normal mucosa, 98.0% for lymphangiectasias, and
99.7% for xanthomas. The model excelled for small
protuberant lesions, ulcers, and erosions (98.3%, 98.6%,
and 99.1% accuracy, respectively). The global accuracy

Table 3. CNN performance for panendoscopic automatic detection of pleomorphic lesions

Sn Sp VPP VPN Acc AUC-PR

Esophagus (n = 6,977)
Training dataset mean 55.1 (50.4–59.4) 87.3 (85.3–89.1) 67.3 (65.0–69.5) 68.5 (67.2–69.7) 68.8 (66.7–70.8)
Validation dataset 76.3 (71.1–80.9) 86.2 (80.5–90.9) 90.6 (86.5–93.5) 79.0 (73.7–83.2) 83.6 (79.9–86.9) 0.90

Stomach (n = 12,918)
Training dataset mean 87.8 (86.9–88.7) 92.3 (91.6–93.0) 91.4 (90.6–92.0) 89.2 (88.5–89.9) 90.2 (89.6–90.7)
Validation dataset 97.4 (96.0–98.4) 95.9 (94.4–97.1) 95.0 (93.3–96.3) 97.8 (96.7–98.6) 96.6 (95.6–97.4) 1.00

Small bowel (n = 258,443)
Training dataset mean 81.5 (69.5–91.0) 98.5 (97.2–99.3) 82.6 (70.7–90.3) 98.5 (97.4–99.3) 97.5 (95.8–99.3)
Validation dataset 78.6 (76.9–80.7) 97.6 (97.5–97.7) 72.5 (69.8–77.3) 99.2 (992–99.3) 97.6 (97.5–97.7)
N versus ALL 85.2 98.4 89.9 96.6 96.5 0.95
POL versus ALL 952 98.0 59.5 99.8 98.0 0.91
POX versus ALL 93.1 99.8 91.6 99.9 99.7 0.97
PIPE versus ALL 87.9 99.4 82.1 99.6 99 0.93
PIPR versus ALL 9,611 99.5 99.1 97.8 98.3 1.00
PIU versus ALL 91.0 99.0 81.8 99.5 98.6 0.95
PIE versus ALL 83.1 99.5 80.0 99.6 99.1 0.91
P2V versus ALL 92.5 99.7 70.1 99.9 99.6 0.91
P2PR versus ALL 1.4 99.9 9.1 99.9 99.8 0.07
P2U versus ALL 42.3 99.8 63.0 99.6 99.5 0.55
P3 versus ALL 97.3 80.4 70.7 98.4 85.9 1.00
PO versus PI 99.1 97.5 80.6 99.9 97.6
PO versus P2 99.9 99.5 99.9 99.7 99.8
PO versus ALL 95.7 97.9 70.2 99.8 97.8
PI versus P2 99.4 71.6 99.0 79.4 98.4
PI versus ALL 95.6 96.8 96.2 96.3 96.3
P2 versus ALL 68.0 99.5 70.9 99.5 99.0

Colon (n = 76,772)
Training dataset mean 86.5 (85.3–87.7) 93.0 (92.4–93.6) 87.6 (86.5–88.6) 94.4 (93.8–94.9) 92.5 (92.0–93.0)
Validation dataset 85.7 (81.1–89.6) (91.8–95.5) 87.4 (82.9–90.1) 93.5 (91.2–95.2) 94.9 (94.2–95.5)
PP versus ALL 84.2 93.5 83.4 93.7 90.8 0.91
PP versus P3 99.4 93.6 99.6 90.7 99.1
PP versus N 84.6 93.4 83.9 93.7 90.8
P3 versus ALL 74.7 99.6 78.7 99.5 99.2 0.84
P3 versus N 78.7 99.6 85.5 99.4 99.1
N versus ALL 93.1 84.4 93.2 84.1 90.4 0.98

CNN, convolutional neural network; Sn, sensitivity; Sp, specificity; PPV, positive predictive value; NPV, negative predictive value;
Acc, accuracy; AUC-PR, area under precision-recall curve; N, normal mucosa; P3, hematic residues; P1PE, P1 red spots; P2V, P2
vascular lesions; P1PR, P1 protuberant lesions; P0L, P0 lymphangiectasia; P2U, P2 ulcers; P2PR, P2 protuberant lesions; P0X,
xanthomas; P1U, P1 ulcers; P1E, P1 erosions; PP, pleomorphic lesions.
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for vascular lesions, protuberant lesions, and ulcers with
high hemorrhagic potential were 99.6%, 99.8%, and
99.5%, correspondingly. Nevertheless, the CNN pre-
sented lower sensitivities for diagnosing high-risk pro-
tuberant lesions and ulcers. These results are translated in
the PR curves, with AUC-PR above 0.90 for the majority
of the categories, excluding ulcers, and protuberant le-
sions with high hemorrhagic potential.

Finally, when considering the ability to distinguish
between lesions with different hemorrhagic potentials,
the CNN accurately differentiates P0 from P1 lesions
(sensitivity 99.1%, specificity 97.4%, accuracy 97.6%), P0
from P2 lesions (sensitivity 99.9%, specificity 99.5%, and
accuracy of 99.8%) and P1 from P2 lesions (sensitivity
99.4%, specificity 71.6%, and accuracy of 98.4%). These
results were achieved with an image processing time of
282 images per second.

Colon
A total of 76,772 colonic images from 148 CE exams in

five different devices (PillCam SB3; PillCam Crohn’s;
PillCamColon 1, PillCamColon 2, OMOMHD™ capsule
endoscopy system) were used. The trinary CNN had a
global sensitivity of 85.7%, specificity of 94.0%, PPV of
87.4%, NPV of 93.5% and global accuracy of 94.9%. The
AUC-PR for normal mucosa, colonic blood and pleo-
morphic lesions was 0.98, 0.84, and 0.91, respectively.
Furthermore, the CNN had an image processing time of
282 images per second.

Discussion

In this proof-of-concept study, our group developed
the first AI model proficient in panendoscopic detection
of pleomorphic lesions, in both SBCE and capsule pan-
endoscopy devices. These results were accompanied by an
image processing time that favors the clinical application
of this CNN. Additionally, our group developed the first
multi-device model for automatic detection of pleo-
morphic esophageal lesions in CE. Therefore, our group
recognizes that AI-powered CE might change the land-
scape regarding the clinical applicability of minimally
invasive capsule panendoscopy.

First, it’s necessary to consider some methodologic
points about the study. The division between training and
validation in all the CNNs was performed in a patient
split design, with all the images from a single patient
included in the same dataset. This methodology signifi-
cantly reduces the overfitting bias of the model (as the
model would recognize similar images in the training and

testing dataset). On the other side, our group preferred
PR curves instead of the more common receiver oper-
ating characteristic (ROC) curves to assess the discrim-
inating ability of the model as ROC curves reveal ex-
cessive optimism in the evaluation of model performance
in cases of data imbalance [24, 25], with PR curves being
less affected [26]. In our CNNs, the presence of normal
mucosa images was commoner than pleomorphic lesions,
thereby justifying the use of PR curves, given our ob-
jective of determining all the lesion images, instead of the
commoner true negative images (implied in the ROC
curve concept).

The interoperability challenge is one of themain points
of interest in the discussion of the AI-based technology’s
role in Medicine [27, 28], with the generalization of a
given technology in multiple devices as a requisite for the
clinical applicability of an AI tool. Therefore, our group
results in eight different CE devices, either in SBCE or
capsule panendoscopy, solve the interoperability chal-
lenge with proof of diagnostic accuracy in different de-
vices. This is, to our knowledge, not only the first pan-
endoscopic CE CNN for detection of pleomorphic lesions
but also the first capable of automatic detection in eight
different CE devices, being the AI model with the largest
representation of devices worldwide.

In recent years, CE-based panendoscopy has been a
matter of discussion [29, 30], despite CCE is a time and
resource-consuming exam, producing up to 50.000 image
frames [31]. Additionally, despite numerous deep
learning-based studies about small bowel and colon
evaluation by CE [10, 16], there is a scarcity of studies
about CNNmodels for esophagogastric evaluation in CE.
Specific esophageal and gastric CNNs are of uttermost
importance for increasing diagnostic accuracy while re-
ducing the exam reading time and subjective bias in
image evaluation by experts, which is pivotal for the
implementation of minimally invasive panendoscopy.

Regardless, it is important to consider some intrinsic
limitations of CE in the evaluation of the upper GI tract,
which explains the different technology readiness levels
(TRL) of the specific CNNs. The absence of air insuf-
flation and dependence on abdominal peristalsis is as-
sociated with a scarcity of esophageal images and a re-
duction in stomach surface visualization, especially the
cardia and fundus [9]. Recently, some works about CNN
models for gastric evaluation have been published [32],
inclusively with the use of magnetically controlled CE
(MCE). However, our work is performed in much
commoner CE devices (in both SBCE and CCE devices)
devices and is methodologically stronger, with a patient
split design that solves the overfitting problem.
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On the other side, the diagnostic yield of CE in the
esophagus is suboptimal, mainly because of the short transit
time and scarcity of esophageal images, with a reduced
number of lesion image frames [8]. The development of
specific esophageal CE devices has partially overcome these
limitations, without augmenting sufficiently the diagnostic
yield [33]. The use of AI tools could increase the diagnostic
yield of esophageal evaluation by CE. Our group developed
the first multi-device CNN model for pleomorphic esoph-
ageal lesions detection, with good accuracy and image
processing time.

The comprehension of the upper GI characteristics is
important for the interpretation of the different CNN results.
These specificities justify the lower TRLs of the esophageal
and stomach CNN, with a lower number of images.
However, the existence of an AI-based panendoscopy is
dependent on specific gastric and esophageal models, as-
suring a high diagnostic yield in all GI tract locations.

This study has several limitations. First, it was performed
in a retrospective manner. In the future, larger prospective
multicentric studies are needed to study the clinical appli-
cability of these technologies. Additionally, the results were
based on the evaluation of still images, and studies with real-
time evaluation of CE videos are needed in the future for the
application of the AI model in a real-life scenario.

In conclusion, AI-based technologies might change the
landscape of minimally invasive panendoscopic CE. To our
knowledge, this is the first AI model capable of panendo-
scopic detection of pleomorphic lesions, with excellent
image processing times, in both SBCE andCCEdevices. This
is the first study about CNN-based esophageal evaluation in
CE. Additionally, this is the first study about CNN-based
stomach evaluation in both SBCE and CCE devices. Fur-
thermore, the AI model is the first to distinguish between
several categories of small bowel lesions with different
hemorrhagic potential in a patient split design, being also the
first to excel in the diagnosis and differentiation of pleo-
morphic colonic lesions. The AI model was totally con-
structed in a patient split design, with a methodological
advantage that reduces the overfitting bias of the model.

The application of these systems will improve the cost-
effectiveness of a panendoscopy CE evaluation, increasing

the diagnostic yield of the exam while reducing its time-
consuming nature. In the future, larger real-time mul-
ticentric studies are needed for the development and
application of these models.
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