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ABSTRACT

Objectives: Virtual Chromoendoscopy (VCE) is pivotal for assessing activity and predicting outcomes in Ulcerative Colitis
(UC), though interobserver variability and the need for expertise persist. Artificial intelligence (AI) offers standardized VCE-
based assessment. This study introduces a novel AI model to detect and simultaneously generate various endoscopic modalities,
enhancing Al-driven inflammation assessment and outcome prediction in UC.

Methods: Endoscopic videos in high-definition white-light, iScan2, iScan3, and NBI from UC patients of the international
PICaSSO iScan and NBI cohort (302 and 54 patients, respectively) were used to develop a neural network to identify the acqui-
sition modality of each frame and for inter-modality image switching. 2535 frames from 169 videos of the iScan cohort were
switched to different modalities and trained a deep-learning model for inflammation assessment. Subsequently, the model was
tested on a subset of the iScan and NBI cohorts (72 and 51 videos, respectively). Performance in predicting endoscopic and histo-
logical activity and outcomes was evaluated.

Results: The model efficiently classified and converted images across modalities (92% accuracy). Performance in predicting en-
doscopic and histological remission was excellent, especially with different modalities combined in both iScan (accuracy 81.3%

Abbreviations: Al artificial intelligence; AUROC, area under the receiver operating characteristic curve; CI, confidence interval; DOR, diagnostic odds ratio;
HD-WLE, high-definition white-light; HR, hazard ratio; IBD, inflammatory bowel disease; IQR, interquartile range; MCC, Matthews correlation coefficient; NBI,
narrow band imaging; NHI, Nancy histological index; NN, neural network; NPV, negative predictive value; PHRI, PICaSSO Histologic Remission Index; PICaSSO,
Paddington International Virtual Chromoendoscopy Score; PPV, positive predictive value; RHI, Robarts Histopathology Index; SD, standard deviation; UC, ulcerative
colitis; UCEIS, ulcerative colitis endoscopic index of severity; VCE, virtual chromoendoscopy.
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and 89.6%; AUROC 0.92 and 0.89 by UCEIS and PICaSSO, respectively) and the NBI cohort. Moreover, it showed a remarkable

ability in predicting clinical outcomes.

Conclusions: Our multimodal “AI-switching” model innovatively detects and transitions between different endoscopic modali-
ties, refining inflammation assessment and outcome prediction in UC by integrating model-derived images.

1 | Introduction

Endoscopic remission (ER) is the primary target in Ulcerative
Colitis (UC), guiding disease management [1]. Endoscopic
assessment routinely relies on white-light endoscopy (WLE),
which faces challenges in differentiating between mild-patchy
activity/remission and accurately assessing vascular changes
[2]. Therefore, virtual chromoendoscopy (VCE) has been
introduced to enhance disease assessment by highlighting
subtle mucosal and vascular features suggestive of minimal
inflammation [3]. VCE has proven more effective in predicting
disease activity/remission and outcomes, showing a stronger
correlation with histology [4]. Notably, VCE-enabled vascular
assessment through Narrow-Band Imaging (NBI) has shown a
remarkable ability to predict relapse risk in patients in clinical
remission [5].

Different VCE platforms have been developed. The iScan plat-
form (Pentax, Tokyo, Japan) offers various modalities: iScanl
sharpens surface vessels and enhances mucosal texture, iScan2
increases the contrast between mucosa and vessels, and iScan3
enhances vessel visibility, including those in dimly illuminated
far-field regions [6]. Similarly, the NBI platform (Olympus,
Tokyo, Japan) maximizes contrast between vessels and sur-
rounding mucosa, improving assessment of microvessel archi-
tecture [7].

Efforts have been made to standardize disease assessment
through VCE using appropriate scores, including the PICaSSO
(Paddington International Virtual Chromoendoscopy Score),
which was developed on the iScan platform [8], later reproduced
on the NBI platform and validated in a multicentre study [9, 10].
Despite its better correlation with histology and effective out-
come prediction compared to WLE-based scores, it is not widely
adopted due to a lack of training and high inter- and intra-
observer variability.

Assessing disease activity through VCE requires experience and
training [11, 12]. Artificial intelligence (AI) can standardize dis-
ease assessment, offering objective evaluation of ER and outcome
prediction [13, 14]. Our group pioneered an AI model applied to
WLE and VCE, enabling accurate disease assessment through
the Ulcerative Colitis Endoscopic Index of Severity (UCEIS)
and PICaSSO score. This model effectively distinguished dis-
ease activity from remission, remarkably predicting clinical out-
comes [15].

A comprehensive evaluation of disease activity, combining
WLE and multiple VCE modalities, could be promising for a
deeper disease assessment. Hence, this study aims to develop a
new Al switching model to simultaneously detect and convert
different endoscopic modalities (HD-WLE, iScan2, iScan3, and
NBI), obtaining simultaneous multiple endoscopic modalities

during a single procedure. Therefore, we evaluated the model's
ability to predict endoscopic and histologic activity and clini-
cal outcomes in different cohorts through different endoscopic
modalities.

2 | Materials and Methods
2.1 | Ethical Approval

Videos were extracted from studies approved by the West
Midlands Research Ethics Committee (17/WM/0223),
Research Ethics Committee Northern Ireland (17/N1/0148) for
the UK, ethics approval n.2678, and CARMS n.14392 for the
UK and local competent committees for other international
centers. All patients gave informed consent to participate in
the study.

2.2 | Patient Selection

The AIswitching model's training and first testing phase involved
videos from UC patients prospectively enrolled from 11 interna-
tional centres (iScan cohort) [10]. The model was further tested
with videos from an external cohort of UC patients prospectively
enrolled at the University of Birmingham (NBI cohort) [9].

Ulcerative Colitis patients scheduled for colonoscopy were en-
rolled. Exclusion criteria encompassed contraindications to pro-
cedure/biopsies, inability to provide consent, and inadequate
bowel preparation.

2.3 | Endoscopic Assessment

In the iScan cohort, patients underwent assessment through
HD-WLE, iScan2, and iScan3 (EPK-i7010 and EPK-i8020c pro-
cessors, HiLine series colonoscopes, Pentax, Tokyo, Japan).
Patients in the NBI cohort underwent assessment with HD-
WLE and NBI (CV-190 processors, EVIS EXERA III 190 series
colonoscopes, Olympus, Tokyo, Japan).

Experienced endoscopists graded disease activity by UCEIS for
HD-WLE and PICaSSO for VCE. ER was defined by UCEIS <1
[16] and PICaSSO <3 [8].

2.4 | Histological Assessment

Biopsies were performed to grade disease activity. Inflammatory
bowel disease (IBD)-experienced pathologists assessed ac-
tivity through the Robarts Histopathology Index (RHI) [17],
Nancy Histological Index (NHI) [18], and PICaSSO Histologic
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Remission Index (PHRI) [19]. Histological remission was de-
fined by RHI < 3 with absence of neutrophils in epithelium and
lamina propria, NHI <1, and PHRI=0.

2.5 | Follow-Up and Outcome

Clinical outcomes at 12-month follow-up were assessed (flare-
ups, treatment initiation/change [steroids, immunomodulators,
biological agents, oral targeted therapies], hospitalization, and
colectomy).

2.6 | AI-Switching Model Development

2.6.1 | Phase 1—Detection and Conversion
of VCE Modalities

A novel Al-switching model was developed to detect and con-
vert images across different endoscopic modalities. HD-WLE,
iScan, and NBI high-quality videos with endoscopic activity/
remission were assessed by UCEIS and PICaSSO, respectively.
We developed a neural network (NN) to identify each frame's
acquisition modality, starting from 2535 extracted frames of
HD-WLE, iScan, and NBI videos, and then trained a cycle-
GAN model using 900 images from different modalities to
allow inter-modality image switching. Subsequently, our pre-
viously developed deep-learning model [15] was trained using
images obtained from the AI switching model to assess in-
flammation. The model was then trained to generate iScan2,
iScan3, and NBI modalities starting from HD-WLE images.
One expert endoscopist evaluated a set of image pairs, one
original and one generated, for validation and to assess the
fidelity of Al-generated images. Images were correctly classi-
fied in 55.33% of cases.

Models for both single modalities (HD-WLE, iScan2, iScan3,
NBI) and multimodalities (HD-WLE+iScan2+iScan 3; HD-
WLE + NBI; HD-WLE +iScan2 +iScan 3 + NBI) were trained.

Separate training of each model was conducted to predict endo-
scopic or histologic scores. Appendix S1 and Figure S1 provide
details on model development.

2.6.2 | Phase 2—Assessment of Inflammation/
Remission and Outcome Prediction

The model was initially tested on 72 videos (1080 frames) of the
iScan cohort and further tested on 51 videos (765 frames) of the
NBI cohort. Diagnostic performance in assessing disease activ-
ity and predicting outcome was evaluated, as was the agreement
with experts.

The model was developed from high-quality videos (absence of
motion artifacts, stools, and adequate mucosal visualization).
Validation and test sets were randomly selected from the en-
tire dataset to ensure unbiased performance assessment. 5-fold
cross-validation was performed to prevent overfitting.

2.7 | Study Objectives

The primary objective was to develop a novel AI switching
model to simultaneously detect different VCE modalities, con-
verting HD-WLE into iScan2, iScan3, and NBI images.

Secondary objectives were to evaluate the model's ability
to predict endoscopic and histologic remission and clini-
cal outcomes using generated unimodal and multimodal
images in different UC cohorts where different endoscopic
platforms were initially used. Moreover, the model's perfor-
mance in predicting activity/remission against humans was
assessed.

2.8 | Statistical Analysis

The CAD system developed by Iacucci et al. for detecting histo-
logical activity as PHRI >0 [19] has 92% sensitivity, alpha, beta,
and delta values of 5%, 20%, and 10%, respectively. Therefore,
a sample of at least 150 cases was necessary to assess the AI
switching model.

Continuous variables were described as means (standard devi-
ation, SD) or medians (interquartile range, IQR) in agreement
with the Gaussian distribution (Kolmogorov-Smirnov test).
Categorical variables were described in percentages and 95%
confidence intervals (CI) when corresponding.

Diagnostic performance of the model to predict remission
according to endoscopic and histological scores was calcu-
lated as sensitivity (or recall), specificity, positive predictive
value (PPV or precision), negative predictive value (NPV), ob-
served agreement (accuracy), F1 score, Matthews Correlation
Coefficient (MCC), area under the receiver operating charac-
teristic curve (AUROC), and diagnostic Odds Ratio (DOR)—
the equality of proportions hypothesis test and DeLong's test
compared multimodal probabilities and AUROC versus each
unimodal. The agreement between human and AI prediction
was evaluated through Cohen's kappa. Kaplan-Meier curves
for survival free from adverse outcomes were compared
through the Mantel-Cox log-rank test, and corresponding haz-
ard ratios (HR) to define effect size were computed. A p-value
<0.05 was statistically significant. Analysis was performed
with R v4.3 (R Foundation for Statistical Computing; Vienna,
Austria).

3 | Results

Table 1 details patients’ demographic and disease characteristics.
Of 302 UC patients from the iScan cohort, 182 (59.3%) were
males, averaging 48.4years (SD 14.8). 69.2% and 72.8% of pa-
tients were in the ER by UCEIS and PICaSSO, respectively.

Of 54 UC patients from the NBI cohort, 32 (59%) were males,

averaging 40years (SD 15.3). 42.6% and 51.9% of patients were in
the ER by UCEIS and PICaSSO, respectively.
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TABLE 1 | Demographic characteristics of the iScan and NBI
cohorts.

Characteristics iScan cohort NBI cohort
Patients, N 302 54
Age (years) 48.4+14.8 40£15.3
mean +SD
Gender male, N (%) 182 (59.3) 32 (59)
Disease duration 15.0+10.8 10.6 £7.9
(years) mean +SD
Disease extension, N (%)
Left-sided colitis 130 (43) 10 (18.5)
Sub-total or total 172 (57) 44 (81.5)
colitis
Endoscopic activity
UCEIS, N (%)
Remission (<£1) 209 (69.2) 23 (42.6)
Activity (> 1) 93 (30.8) 31(57.4)
PICaSSO, N (%)
Remission (£3) 220 (72.8) 28 (51.9)
Activity (> 3) 82(27.2) 26 (48.1)

Abbreviations: NBI, narrow-band imaging; PICaSSO, Paddington International
Virtual Chromoendoscopy Score; SD, standard deviation; UCEIS, ulcerative
colitis endoscopic index of severity.

3.1 | AISwitching Model Performance

3.1.1 | Phase 1—Detection and Conversion of Different
Endoscopic Modalities

The model classified and converted images across different en-
doscopic modalities with 92% accuracy of the NN classified on
the test set.

3.1.2 | Phase2
3.1.2.1 | Model Performance-iScan Cohort

3.1.2.1.1 | Assessment of Activity/Remission and Agree-
ment With Human. The model showed remarkable diagnos-
tic performance in assessing endoscopic and histological activity
using single or all modalities’ inputs, with the multimodal model
for HD-WLE +iScan2+iScan3 and HD-WLE+NBI outper-
forming corresponding unimodal models (Tables 2 and 3).
Moreover, the full multimodal model (HD-WLE +iScan2+iSca
n3+ NBI) showed the highest diagnostic accuracy in almost all
predictions. It exhibited 81.3% (95% CI 75.8-86.0) and 89.6% (95%
CI 85.1-93.2) accuracy and 0.92 and 0.89 AUROC in predicting
ER by UCEIS and PICaSSO, respectively (Table 2 and Figure 1).

Similarly, the multimodal model achieved 90.5% (95% CI 86.0-
93.9), 85.9% (95% CI 80.9-90.0), and 89.6% (95% CI 85.1-93.2) ac-
curacy and 0.89, 0.92, and 0.92 AUROC in predicting histologic

remission by RHI, NHI, and PHRI, respectively (Table 3 and
Figure 1).

Agreement between the multimodal model and experienced en-
doscopists was good for UCEIS (K 0.66) and fair for PICaSSO
(K 0.49). Similarly, agreement with experienced pathologists
was good for RHI, NHI, and PHRI (K 0.78, 0.65, and 0.79,
respectively).

3.1.2.1.2 | Outcome Prediction. 13 (18.1%) patients had an
adverse outcome. The AI model outperformed human assess-
ment in predicting clinical outcomes according to ER (hazard
ratio 3.18 [95% CI 0.979-10.35, p=0.05] and 1.89 [0.63-5.61,
p=0.27], respectively) and histological remission (HR 5.75 [95%
CI 1.77-18.71, p=0.004] and 2.15 [95% CI 0.66-6.97, p=0.22],
respectively) (Figure 2 and Table S1).

3.1.2.2 | Model Performance-NBI Cohort

3.1.2.2.1 | Assessment of Activity/Remission and Agree-
ment With Human. The AI model showed remarkable
diagnostic performance in predicting activity from unimodal
and multimodalstrategies(Tables S2and S3), with the multimodal
model for HD-WLE +iScan2+iScan3 and HD-WLE + NBI out-
performing corresponding unimodal models. Full multimodal
assessment outperformed the unimodal one in detecting endo-
scopic activity through UCEIS and PICaSSO (accuracy 86.3%
[95% CI73.7.1-94.3] and 88.2% [95% CI 76.1-95.6] and AUC 0.92,
respectively) (Table S2). Similarly, the multimodal model out-
performed the unimodal model in detecting histological activity
through RHI, NHI, and PHRI (Table S3 and Figure S2).

Agreement between the multimodal model and experienced
endoscopists was excellent for UCEIS and PICaSSO (K 1).
Similarly, agreement with experienced pathologists was excel-
lent for RHI and NHI (K 0.92 and 1) and good for PHRI (K 0.74).

3.1.2.2.2 | Outcome Prediction. 21 (39%) patients had
an adverse outcome. The model predicted survival-free from
adverse outcomes according to ER similarly to experienced
endoscopists (HR 1.7 [95% CI10.7-4.11, p=0.24]) and histological
remission similarly to pathologists (HR 3.9 [95% CI 1.15-13.28,
p=0.04] and 5.33 [95% CI 1.24-22.94, p=0.02]) (Figure S3
and Table S1).

4 | Discussion

We developed the first AI system to detect and convert im-
ages across different endoscopic modalities in IBD. Using Al-
generated images, the model accurately assessed endoscopic
and histologic activity/remission in the multicentre PICaSSO
iScan [10] and NBI [9] cohort, achieving the best results when
integrating a multimodal image approach. Furthermore, it
demonstrated remarkable agreement with experts and pre-
dicted clinical outcomes in both cohorts. This model enabled
the acquisition and integration of diverse images from multiple
endoscopic modalities, holding potential for comprehensive IBD
assessment. NBI uses narrow light bandwidths to enhance mu-
cosal and vascular patterns, while iSCAN applies digital image
post-processing to enhance structures [20]. Our model, trained
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(Continued)

TABLE 3

Observed
agreement
190/241; 78.84

DOR

8.2 (4.2-16.0)

MCC AUROC

4

F1 score
68/119; 57.14
(47.75-66.17)

NPV

156/179; 87.2

PPV
34/62; 54.8

Specificity

156/184; 84.8

Sensitivity

0.84

3.2

34/57; 59.7
(45.8-72.4)

Iscan2

(73.13-83.82)
190/241; 78.84

(41.7-67.5) (81.4-91.7)
155/177; 87.6

(78.8-89.6)
155/184; 84.2

8.5 (4.4-16.5)

0.85

44

70/121; 57.85
(48.54-66.77)

76/121; 62.81

35/64; 54.7

35/57; 61.4

Iscan3

(73.13-83.82)
196/241; 81.33

(81.8-92.0)
158/177; 89.3

(41.8-67.2)
38/64; 59.4

(78.2-89.2)

158/184; 85.9

(47.6-74)

12.2
(6.1-24.2)

0.85

50.6

38/57; 66.7
(52.9-78.6)

NBI

(75.82-86.04)  (53.56-71.42)

202/241; 83.82

(83.8-93.4)
152/159; 95.6

(46.4-71.5)

(80.0-90.6)

339
(14.1-81.6)

0.90

63.1

100/139; 71.94

50/82; 61.0

152/184; 82.6

50/57; 87.7
(76.3-94.9)

44/57;77.2

HD-WLE + NBI

(63.7-79.23)
88/124;70.97

(78.55-88.23)
205/241; 85.06

(91.1-98.2)
161/174;92.5

(49.6-71.6)

(76.3-87.8)
161/184; 87.5

23.7
(11.1-50.5)

0.91

61.4

44/67; 65.7

HD-WLE + Iscan2 + Iscan3

(62.14-78.77)
92/117; 78.63

(87.6-96) (79.92-89.31)
216/241; 89.63

170/181; 93.9

(53.1-76.9)
46/60;76.7

(81.8-91.9)

170/184;92.4

(64.2-87.3)

50.8
(21.6-119.3)

0.92

71.8

46/57; 80.7

HD-WLE +Iscan2 +Iscan3+ NBI

(85.07-93.17)  (70.09-85.67)

(89.4-96.9)

(87.6-95.8) (64.0-86.6)

(68.1-90.0)
Abbreviations: AUROC, area under the receiver operating characteristic; DOR, diagnostic odds ratio; HD-WLE, high-definition white-light endoscopy; MCC, Matthews correlation coefficient; NBI, narrow banding imaging; NHI,

Nancy histological index; NPV, negative predictive value; PHRI, PICaSSO histological remission index; PPV, positive predictive value; RHI, Robarts histopathology index.

on both modalities, learns to infer missing information by rec-
ognizing features correlating across modalities. The image gen-
erator effectively reconstructed digital enhancements needed
for iScan and replicated the optical enhancement of NBI, sug-
gesting that narrow-band lighting may emphasize features al-
ready visible with wide-band light.

Inflammatory bowel disease management heavily depends
on endoscopic assessment [1]. Integrating VCE with WLE en-
hances mucosal and vascular features [10], identifying subtle
inflammation and closely correlating with histology [2, 10].
Nonetheless, the lack of training makes disease scoring chal-
lenging even when VCE is available [11, 12]. Additionally, VCE
is burdened by high inter- and intra-observer variability due to
different endoscopic experiences, subjectivity, and complexity of
visual assessment, potentially influencing disease management
and patient outcomes. Our group developed the first VCE-based
score for UC activity, the PICaSSO score, which correlates with
histology better than common scores and successfully predicts
clinical outcomes across platforms [8]. However, its complexity
has limited its clinical use [21].

Artificial intelligence-enabled endoscopy has shown promise in
objectively predicting endoscopic and histological activity [13].
Several AI systems have been developed to predict UC activity
using WLE [22-24], and VCE-based scores [15]. Based on the
PICaSSO score, we developed an AI system that accurately
detects endoscopic inflammation/remission, predicting histo-
logical remission and outcomes [15]. However, it misses com-
prehensive insights from multiple modalities, particularly for
vascular assessment.

Therefore, we developed a new AI model capable of switching
images from one modality to another, allowing objective as-
sessment using simultaneous images from different platforms.
The AI switching model was trained using videos from iSCAN
(HD-WLE, iScan2, and iScan3) and NBI platforms (HD-WLE
and NBI), and accurately detected and converted images across
all modalities.

Using the generated images, the model was first tested on the
iScan cohort, showing remarkable diagnostic performance in
predicting endoscopic and histological activity, especially when
using images from all modalities simultaneously. Notably, mul-
timodal assessment outperformed unimodal in predicting ER by
UCEIS and PICaSSO and histological remission by RHI, NHI,
and PHRI. To confirm the model's performance on different
VCE modalities, we further tested it on an external cohort of
NBI, providing consistent results.

Moreover, the AT showed good agreement with experts in pre-
dicting endoscopic and histological activity/remission, con-
firming its importance for disease assessment, especially in a
non-expert context.

Finally, the model outperformed human assessment in predict-
ing 12-month clinical outcomes in the iScan cohort, while show-
ing comparable performance in the NBI cohort. This confirms
the role of VCE in highlighting subtle patchy activity and vas-
cular changes, allowing more precise disease assessment and
outcome prediction to personalize UC management.
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FIGURE1 | AI switching model detection of endoscopic and histological activity in the iScan testing cohorts. The two-sample test for equality

of proportions with continuity correction was statistically significant (p <0.05) when comparing HD-WLE + Iscan2 + Iscan3 + NBI versus Iscan2,
(b) Iscan3, (c) HD-WLE + Iscan2 + Iscan3, (d) NBI, (¢) HD-WLE + NBI. Superscripts on each performance measure indicate the modalities in which
a significantly difference is reached compared to the multimodal assessment. AUROC, area under the receiver operating characteristic; HD-WLE,

high-definition white light endoscopy; MCC, Matthew's correlation coefficient; NBI, narrow band imaging; NHI, Nancy histological index; NPV,

negative predictive value; PHRI, PICaSSO Histological Remission Index; PICaSSO, Paddington International virtual ChromoendoScopy Score; PPV,

positive predictive value; RHI, Robarts histopathology index; UCEIS, ulcerative colitis endoscopic index score.

The AI switching model can simultaneously generate im-
ages starting from single modalities, achieving accurate and
automated assessment of disease activity even in non-expert
hands. Therefore, it can address inter-observer variability
and the need for expertise, bringing endoscopy closer to his-
tology. This is increasingly crucial as histologic remission
better predicts clinical outcomes, guiding IBD management
[25]. Indeed, our model was able to predict histologic activ-
ity, paving the way for targeted biopsy sampling. Moreover,
studies demonstrated that AI-assisted colonoscopies utilizing
VCE can objectively assess deeper healing in IBD and predict
clinical outcomes [15].

Our work has several strengths. It is the first AI switching
model built using the prospective PICaSSO cohort, ensuring
high-quality videos, different modalities, reliable scoring, and
precise outcome assessment. The novelty is the simultaneous
inflammation assessment using multiple modalities and dif-
ferent endoscopic platforms, resulting in improved AI ability
to predict activity and outcomes. The model was successfully
developed and tested across iScan and NBI cohorts, offering
a standardized assessment and enabling comprehensive eval-
uation of modality-specific features. The ability to accurately
predict histological activity, especially alongside ER, can ul-
timately help in guiding disease management. Unlike other
AT models that predict activity/remission through validated
scores using single WLE images [24], our model dynamically
switches and integrates different VCE images, potentially

improving diagnostic accuracy. WLE focuses on gross muco-
sal changes in severe disease, whereas VCE enhances patchy
and early inflammation. Therefore, our model can provide a
more nuanced disease assessment. Moreover, previous models
provided frame-level classification on endoscopic subscores,
while our approach ensures video-level classification of over-
all scores, representing a step forward in AI implementation
in daily practice.

The study also has limitations. Training GANs architecture is
difficult. However, CycleGAN uses consistency and identity loss
to minimize artifacts during the style transfer process. To ensure
accuracy, a sample of generated images was visually inspected
to contain similar details as the original without artifacts. Still,
extensive validation by endoscopists is needed to confirm reli-
ability. Second, the PICaSSO score is precise in capturing patchy
inflammation, but it is difficult to implement in clinical practice
due to its complexity. Therefore, the AI switching might facili-
tate the widespread VCE adoption.

Moreover, patients in the iScan and NBI cohorts are not equally
distributed. Nonetheless, we implemented class-weighting tech-
niques and data augmentation strategies to mitigate potential
bias during training and reproducibility. The same number
of frames per modality was used to train the image generator.
Moreover, the only training set used for classification is the
training subset of the iScan cohort, while the validation set of the
iScan and NBI cohorts was used as the test set. Wider external
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FIGURE 2 | Kaplan Meier curve describing the pooled time-to-event analysis of artificial intelligence (AI) vs. human (endoscopists or patholo-
gists) in predicting a major adverse outcome (MAO) over a 12-month follow-up in the iScan testing cohort using endoscopic and histological scores

(blue and red lines represent disease remission and activity, respectively). The pooled HR was defined in terms of disease activity at least in one

endoscopic/histological score.

validation is essential, and indeed, a multicentre prospective
study is ongoing to assess the AI model's robustness and gener-
alizability beyond its original training set.

Finally, the system relies on images obtained through the iScan
and the NBI mode. However, other advanced VCE platforms,
including Blue Light Imaging/Linked Color Imaging (Fujifilm),

Optical Enhancement-1 (Pentax), Red Dichromatic Imaging,
and Texture and Color Enhancement Imaging (Olympus), are
currently available. Further ongoing studies aim to demonstrate
the efficacy of the algorithm on these modalities. Our ongoing
international multicenter MONET Study will expand and val-
idate the model by training and converting images across new
VCE modalities.
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5 | Conclusion

Our Al-switching model identifies different endoscopic images
and seamlessly converts them simultaneously from one to an-
other across multiple platforms. This algorithm can help provide
different disease features and allow accurate Al-enabled disease
assessment and outcomes prediction. This model represents a
significant step toward making endoscopy closer to histology
and can serve as a valuable tool to guide IBD management.
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