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Abstract

Background: Colonoscopy plays a vital role in assessing disease activity in ulcerative colitis (UC), and biopsy via colon-
oscopy helps to evaluate its histological activity. Endoscopists must report the endoscopic activity and rely on the biopsy
results to predict the histological activity.

Methods: We aimed to develop a deep learning-based algorithm to evaluate the disease and histological activities of UC
based on white-light endoscopic images obtained during the procedure in this research. A deep learning system for clas-
sifying the colonoscopic images for assessing the endoscopic and histological activities of UC patients was developed. Its
performance was evaluated with an independent dataset. The system was utilized to analyze the captured video segments,
and the results were compared with those of human endoscopists.

Results: A total of 375 video segments from 82 patients were utilized to develop the endoscopic and histological activity
prediction assurance algorithm. Among the 375 video segments, 60%, 20%, and 20% were used for training, validation,
and testing the proposed vision transformer (ViT) model, respectively. Moreover, four senior and six young endoscopists
reviewed and scored the endoscopic and histological activities based on 77 testing video clips. The accuracies were
77.92%, 71.00%, and 83.12% for histological healing; and 74.35%, 72.51%, and 92.21% for complete mucosal healing
(Mayo Endoscopic Score 0 vs 1-3), among senior endoscopists, junior endoscopists, and the ViT model, respectively.
Conclusions: Our novel deep learning-based model, based on endoscopic videos, was comparable to that of experi-
enced endoscopists and surpassed that of young endoscopists in predicting histological remission and complete mucosal
healing.
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is an emerging technology that can affect several aspects of
healthcare. Most Al systems aim to provide diagnostic aid
in decision-making or decrease the healthcare workers’
workload. In endoscopy, Al is now used to detect or char-
acterize colorectal lesions during colonoscopy,” determine
the peptic ulcer bleeding risk,* or as a quality assurance sys-
tem.*”’

Endoscopic remission, a more accurate predictor of out-
come, has been considered a long-term target in UC
patients, and an accurate and reproducible assessment of
endoscopic disease activity is central to effective disease
management.® Traditional scoring systems, including the
Mayo Endoscopic Score (MES) and UC Endoscopic
Index of Severity (UCEIS), although widely adopted, are
limited by subjectivity, interobserver variability, and a rela-
tively coarse resolution of disease activity.® Even among
expert reviewers, inconsistencies persist, particularly in
distinguishing borderline remission cases from cases
with mild activity, which are decisions that carry remark-
able implications for upgrading or downgrading thera-
peutic strategies.”

Beyond merely replicating human scoring, Al can identify
subtle, previously unrecognized differences in mucosal
appearance captured in endoscopic images and predict the cor-
responding histologic activity with high accuracy. Several
groups have reported ML systems for UC activity assessment,
most commonly using convolutional neural networks
(CNNs). Maeda et al.'” reported the use of a computer-aided
diagnosis (CAD) system to predict histological inflammation
by endocytoscopy. The system achieved a diagnostic sensitiv-
ity of 74%, specificity of 97%, and overall accuracy of 91%.
Tacucci et al.'' utilized a CNN using the Pentax system to
assess endoscopic remission from white-light endoscopy
(WLE) videos, achieving a sensitivity and specificity of
72% and 87%, respectively. Additionally, the model predicted
histologic remission, defined as a Nancy Histological Index
(NHI) of <1, with a sensitivity, specificity, and overall accur-
acy of 67%, 86%, and 84%, respectively.

Thus, integrating Al into the endoscopic assessment of
UC holds considerable promise for improving the consist-
ency and objectivity of disease activity scoring systems.
Moreover, Al can potentially augment clinical decision-
making by accurately predicting the underlying histologic
inflammation. Unlike CNNs, vision transformers (ViTs)
leverage self-attention to capture long-range dependencies
across the entire endoscopic field, enabling integration of
subtle, spatially distributed cues in mucosal texture and vas-
cular patterning. This feature is well-suited to UC, where
inflammation and healing often present as diffuse changes
rather than focal. The present study aimed to develop and
validate a ViT-based endoscopic model using standard, rou-
tinely available endoscopic equipment, compare its per-
formance for endoscopic scoring against that of human
endoscopists, and evaluate its utility in predicting histologic
remission.

Methods

Patients and data preparation

This prospective, single-center study consecutively enrolled
adult patients (aged >18 years) with a confirmed diagnosis
of UC who underwent clinically indicated colonoscopy at
the Endoscopy Center of Changhua Christian Hospital
between March 2023 and February 2025. Eligible patients
were identified through the institutional IBD registry and
were invited to participate at the time of colonoscopy. All
participants provided written informed consent before
enrollment and video recording. Endoscopic images were
reviewed and retrieved for subsequent analysis by two
expert endoscopists, each with >15 years of experience.
Scoring discrepancies were resolved through a discussion
with a third independent endoscopist. MES (range: 0-3)
was used to assess the endoscopic disease activity. For
histological evaluation, biopsy samples obtained during
routine clinical assessment were time-matched to the corre-
sponding endoscopic images to ensure accurate labeling.
Histological disease activity was assessed by experienced
pathologists who are board-certified and have more than
10 years of experience interpreting colorectal biopsies
from UC patients using the NHI (range: 0-4) based on a
standardized evaluation form developed in Taiwan.

This study was conducted in accordance with the guide-
lines stipulated in the Declaration of Helsinki for research
involving human subjects, including research on identifi-
able human materials and data. This study protocol was
approved by the Institutional Review Board of Changhua
Christian Hospital (Approval No. CCH IRB 230403).

Deep learning architecture of the ViT

In this study, we utilized a deep learning (DL) model known
as the Transformer to classify UC severity. Although ori-
ginally developed for natural language processing, transfor-
mers have been successfully adapted for image analysis
tasks, demonstrating superior performance'? over trad-
itional neural networks, including CNNss, in various appli-
cations. Specifically, we opt for the original ViT'?
because of its simplicity and proven effectiveness across
various image recognition tasks.

ViT processes images by partitioning them into nonover-
lapping patches, which are subsequently transformed into
linear embeddings through a learnable projection. The
resulting sequence of patch embeddings is then fed into a
standard Transformer encoder.'® The ViT encoder
leverages the self-attention mechanism, wherein the fea-
tures from all patches are aggregated through weighted
summation, with the weights determined by the pairwise
similarity between the linearly projected representations
of the patches. This mechanism enables the capture of long-
range dependencies across all patches, thereby enhancing
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Table I. The distribution of 375 video segments from 82 patients used in the present study.
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35 27 7 78 (20.80%)
I8 29 I5 62 (16.53%)

123 (32.80%) 66 (17.60%) 22 (5.87%) 375

its capacity to model global contextual information effect-
ively. At the end of the encoder, a fully connected layer
maps the average pooled patch embedding to the output
probabilities corresponding to each UC severity class.

The model was implemented using PyTorch 2.4.1 on an
NVIDIA RTX 4090 GPU. We initialized a ViT-based
architecture from the Timm library,' leveraging the model
that was pretrained on the ImageNet dataset.'® To address
the ordinal nature of the classification problem, we utilized
the Class Distance Weighted cross-entropy loss function,'’
with the power term set to 3. The model was trained for 50
epochs, with the first five epochs serving as the warm-up
stages. A batch size of 64 was adopted, and the learning
rate was initialized at le—6 and gradually adjusted using a
cosine decay scheduler. The AdamW optimizer was used to
enhance the training stability. All input images (512x512
pixels) were resized to 224 X 224 pixels during training and
inference. Moreover, the original 30 frames per second of
the video segment was reduced to three frames per second.
Altogether, 225 (60%), 75 (20%), and 75 (20%) of 375 video
segments were used to train, validate, and test the proposed
ViT model.

Moreover, the ViT model was compared with the
ResNeSt model, which is a deep residual network
(ResNet)'® variant, used in previous studies.>”'* We uti-
lized 77 testing videos to compare the performance of the
developed model with that of human endoscopists.
Table 1 presents the 375 video segments used in this study
according to the patients” MES and NHI. Table 2 shows the
distribution of the NHI and MES scores of the testing
videos.

Performance of the DL model in comparison with
human endoscopists

Altogether, 77 distinct video clips (each up to 10 s) were
prepared for subsequent comparison between the DL model
and human endoscopists. Ten endoscopists from our institu-
tion participated and were stratified into the following two
groups: (A) senior endoscopists with at least five years of
experience in managing IBD and performing endoscopic

assessments; and (B) young endoscopists, including fellows
and early-career staff, who received their training at our unit
and were familiar with the MES system application. Each
endoscopist independently reviewed the video clips and
provided their assessment of the MES for endoscopic remis-
sion (MES 0-1 vs 2-3) or complete mucosal healing (MES
0 vs 1-3) and their binary prediction of the histologic remis-
sion status based on the corresponding biopsy findings
using the NHI, with NHI of <1 and >2 indicating histo-
logical remission or nonremission, respectively.?

Statistical analysis

Descriptive statistics were used to summarize the classifica-
tion performance across the following three groups: ViT
model, experienced human raters, and young raters. The
performance evaluation encompassed four metrics, includ-
ing accuracy, sensitivity, specificity, and F1 score. To
assess the group-level differences across these, a one-way
analysis of variance (ANOVA) was conducted. Upon iden-
tifying significant effects (p<.05), Tukey’s Honest
Significant Difference (HSD) test was utilized for post-hoc
pairwise comparisons to determine group disparities.

As the ViT model produced a single observation per
metric, bootstrapping with 1000 iterations was implemen-
ted to simulate plausible performance distributions, assum-
ing a standard deviation of 0.5%. These synthetic
distributions facilitated variability approximation and
enabled the calculation of Cohen’s d effect sizes for pair-
wise comparisons between experienced and young raters.
To compare the Area Under the Receiver Operating
Characteristic (AUROC) curves between the ViT model
and experienced and young endoscopists, DeLong’s test
was applied.

All statistical analyses were performed using Python,
leveraging libraries such as NumPy, SciPy, Statsmodels,
and Matplotlib. A significance threshold of a=0.05 was
maintained for all procedures.

Furthermore, gradient-weighted class activation map-
ping (Grad-CAM)*! was employed to visually and interpre-
tably assess the model’s prediction.
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Table 2. Distribution of the testing video segments used in the present study.
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Table 3. Performance of the ViT model and ResNeSt.

Nancy ResNeSt 79.22% 80.95% 77.14% 80.95% 80.95%
ViT 83.12% 80.95% 85.71% 87.18% 83.95%
MES O vs [-3 ResNeSt 88.31% 93.02% 82.35% 86.96% 89.89%
ViT 92.21% 93.02% 91.18% 93.02% 93.02%
MES 0-1 vs 2-3 ResNeSt 83.12% 64.00% 92.31% 80.00% 71.11%
ViT 85.71% 80.00% 88.46% 93.02% 78.43%

Note: MES: Mayo Endoscopic Score; ViT: vision transformer.

Results

Trained ViT and ResNeSt model performances

To establish the model, the images were reviewed and
divided into the training, validation, and testing subsets.
Figure 1 shows the training and validation accuracies and
losses for NHI (binary classification) and MES (four classi-
fications). The ViT model MES (4-class) accuracies for
training, validating, and testing are 92.28%, 58.80%, and
71.43%. The ResNeSt model MES (4-class) accuracies
for training, validating, and testing are 87.82%, 58.21%,
and 64.94%. The ViT model NHI (2-class) accuracies for
training, validating, and testing are 98.81%, 82.48%, and
83.12%. The ResNeSt model NHI (2-class) accuracies for
training, validating, and testing are 97.46%, 79.02%, and
79.22%. Table 3 presents the improved performance of
the ViT model in comparison with the ResNeSt model for
NHI, MES 0 versus 1-3, and MES 0-1 versus 2-3.
Figure 2 illustrates representative Grad-CAM visualiza-
tions, highlighting the regions within the endoscopic
images that the Al model considered most influential for
predicting disease activity.

Comparison of the performance of the DL model
and human endoscopists

Prediction of endoscopic remission (MES 0—1 vs 2-3). Figure 3
demonstrates the classification performance metrics of the
ViT model, experienced human raters, and young raters.
ViT model demonstrated robust performance across all
evaluated metrics, achieving accuracy, sensitivity, specifi-
city, and F1 score of 85.71%, 80.00%, 88.46%, and
78.43%, respectively. Experienced raters exhibited greater
variability, with accuracy of 75.32%-92.21% and F1 scores
of 72.46%-88.89%. Young raters showed broader
dispersion, particularly in sensitivity and specificity, with
specificity of 61.54%-86.54%. ANOVA revealed signifi-
cant group differences in sensitivity (p =.004) and F1 score

(p=.019), whereas the differences in specificity (p =.058)
and accuracy (p =.066) approached statistical significance.
Post-hoc Tukey’s HSD tests indicated that the ViT model
significantly outperformed young raters in sensitivity and
F1 score, with no significant differences observed between
the ViT model and experienced raters across any metric.
Comparing the AUROC curves (Figure 4), demonstrated
that the ViT model achieved comparable AUROC values
to young (p = .84) and experienced raters (p =.21), indicat-
ing similar overall discriminative performance.

Prediction of complete mucosal healing (MES 0 vs 1-3). Figure 5
demonstrates the classification performance metrics of the
ViT model, experienced human raters, and young raters.
The ViT model exhibited robust and consistent perform-
ance, with accuracy, sensitivity, specificity, and F1 score
of 92.21%, 93.02%, 91.18%, and 93.02%, respectively.
Experienced raters demonstrated lower and more variable
results, with accuracy of 66.23%-80.52% and specificity
of 23.53%—-55.88%. Young raters showed similar variabil-
ity, particularly in specificity and F1 score. ANOVA
revealed significant group differences in sensitivity (p<
.001), specificity (p <.001), F1 score (p =.004), and accur-
acy (p=.010). Post-hoc Tukey’s HSD tests indicated that
the ViT model significantly outperformed both rater groups
across multiple metrics, especially in specificity and F1
score. Comparing the AUROC curves (Figure 6) demon-
strated that the ViT model achieved a significantly higher
AUROC than the young (p<.001) and experienced (p =
.004) raters.

Prediction of histological healing (NHI < [) or nonremission
(NHI > 2). Figure 7 demonstrates the classification per-
formance metrics of the ViT model, experienced human
raters, and young raters. The ViT model exhibited a robust
and balanced performance, achieving accuracy, sensitivity,
specificity, and F1 score of 83.12%, 80.95%, 85.71%, and
82.02%, respectively. Contrarily, experienced raters
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Figure 2. The figure illustrates representative Grad-CAM of
endoscopy figure (left) and model prediction (right). (a)
Endoscopic Mayo score of 3 (b) Endoscopic Mayo score of 0 (c)
Nancy histological score of 0 (d) Nancy histological score of 4.

demonstrated moderate variability, with accuracy and F1
scores of 76.62%-79.22% and 75.68%—81.40%, respect-
ively. Young raters generally showed lower and more incon-
sistent performance, particularly in terms of sensitivity and
specificity.

Statistical analysis revealed significant group differences
in sensitivity (p =.027) and specificity (p =.038), with mar-
ginal significance observed for the F1 score (p =.065) and
accuracy (p =.109). Post-hoc Tukey’s HSD tests indicated
that the ViT model significantly outperformed young raters
in sensitivity and specificity; no significant differences were

found between the ViT model and experienced raters.
Furthermore, comparisons of the AUROC curves
(Figure 8) demonstrated that the ViT model achieved a sig-
nificantly higher AUROC than the young raters (p<.01);
no significant difference was observed when compared to
the experienced raters (p =.34).

Discussion

The current study developed a DL-based approach to evalu-
ate the performance of an Al system based on prospectively
collected colonoscopy videos. Our study is the first to report
the use of a ViT as a based architecture for model develop-
ment based on prospectively collected endoscopic videos.*?
Instead of utilizing retrospectively stored still images as
training material, which might raise concerns about selec-
tion bias, our findings are consistent with the findings of a
previous report demonstrating the high accuracy of Al mod-
els in predicting endoscopic remission with MES and
histological remission with the NHI via video-based evalua-
tions.''**> Our ViT model demonstrated improved perform-
ance in comparison to previous utilized ResNeSt CNN
model.'' The ViT architecture captures long-range depend-
encies across the entire endoscopic field through its self-
attention mechanism. This enables the model to integrate
global mucosal and vascular patterns rather than focusing
on small image patches, thereby offering a more compre-
hensive assessment of disease extent and subtle inflamma-
tory changes. To our knowledge, this study represents the
first prospective evaluation of a ViT-based model using col-
onoscopy videos to predict both endoscopic and histologic
activity in UC. Additionally, its classification performance
was comparable to that of experienced endoscopists and
surpassed that of young endoscopists in predicting histo-
logical remission and complete mucosal healing. These out-
comes are clinically significant, as histological remission
and mucosal healing serve as important surrogate markers
for favorable patient outcomes in UC.**~* Investigating
the use of Al technologies is crucial, particularly in regions
with a low IBD incidence, where experienced endoscopists
who could manage UC are lacking.'*

To date, several endoscopic scoring systems are utilized
for assessing the UC severity, including MES and UCEIS.?®
The former is simple to classify the disease into four grades,
and the latter further classifies the endoscopic findings into
three components, including bleeding, erosion/ulceration,
and vascular pattern. These scoring systems may standard-
ize and objectify the evaluation of inflammation during col-
onoscopy, enabling consistent communication among
specialists in daily clinical practice and clinical trial assess-
ments. The former method is straightforward and easier to
implement; however, it has several limitations, including
the suboptimal interobserver agreement for intermediate
scores (1-2), subjectivity in interpretation, poor character-
ization of severe disease due to the inability to distinguish
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Figure 3. Performance of the ViT model and raters for predicting MES 0—I versus 2-3.

Note: MES: Mayo Endoscopic Score; ViT: vision transformer.

between deep and superficial ulcers and differing prognos-
tic implications between scores 0 and 1. The latter method
was developed through a more rigorous process and incor-
porates objective parameters and demonstrates a strong
prognostic value; however, it is more complex and thus
less commonly used.”” A recent meta-analysis® found
pooled agreement rates of 0.58 and 0.66 for MES and
UCEIS, respectively. Experts show less interobserver vari-
ability than nonexperts, and training programs can help
reduce this variability. Accurate endoscopic assessment is
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—

1.0

0.8

o
o

True Positive Rate
o
=

0.2

—— ViT Model ROC Curve (area = 0.9165)
—— Rater Voting ROC curve (area = 0.9615)
—— Young Rater Voting ROC curve (area = 0.9108)

0.0

04 06 08 10

False Positive Rate

00 02

Figure 4. The ROC of the ViT model and raters for predicting
MES 0-I and 2-3.

Note: MES: Mayo Endoscopic Score; ViT: vision transformer;
ROC: Receiver Operating Characteristic.

crucial for evaluating disease activity, but the training pro-
cess is resource-intensive, requiring considerable time,
money, and effort to turn a young into an expert gastroenter-
ologist. One approach to addressing this issue is to utilize an
Al system that assists endoscopists in decision-making and
provides consistent ratings.

Al reportedly can evaluate the endoscopic disease activity
of IBD patients. Ozawa et al.®® reported the use of a
CNN-based CAD system with a high performance level
with AUROC:s of 0.86 and 0.98 to identify MES 0 and 0-1
cases, respectively, using large colonoscopy imaging datasets
from UC patients. Stidham et al.” demonstrated the excellent
performance of a CNN model using 16,514 images from
3082 unique patients in distinguishing endoscopic remission
from moderate-to-severe disease, with a sensitivity of
83.0% and specificity of 96.0%. The agreement between
CNN and experienced raters was also good for identifying
the exact MES.

A subsequent study,** including our study, showed that
Al models perform well in assessing the endoscopic sever-
ity of UC patients, which may aid in decision-making and
standardizing clinical practice. Although most research
comes from high-incidence IBD countries,”’ such as
Western countries, Japan, and Korea, few studies have
emerged from low-incidence areas, such as Taiwan.’=°
The present study contributes to the growing body of evi-
dence supporting the potential of Al models in assessing
the disease activity of UC. Most previous studies have
demonstrated that the Al systems perform comparably to
expert endoscopists, but only a few have investigated their
performance in comparison with that of less experienced
endoscopists.**'2? Kim et al.®>' constructed a DL model
for distinguishing MES 0 and 1 UC cases. The model
achieved an F1 score of 0.92, outperforming the consensus
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Figure 5. Performance of the ViT model and raters for predicting complete mucosal healing (MES 0 vs |-3).

Note: MES: Mayo Endoscopic Score.

of seven young endoscopists, who tended to overestimate
the disease activity. Qi et al.> reported a significant differ-
ence in the accuracy rates among the Al model, senior
endoscopists, and best-performing young endoscopists,
with values of 0.908, 0.849, and 0.773, respectively. Lo
et al.” trained a CNN using MESs from 2561 images and
53 videos obtained from 645 patients. The model achieved
an overall accuracy of 82%, with no significant difference in
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Figure 6. The ROC of the ViT model and raters for predicting
complete mucosal healing (MES 0 vs [-3).

Note: MES: Mayo Endoscopic Score; ViT: vision transformer;
ROC: Receiver Operating Characteristic.

performance in comparison to that of the expert endosco-
pists. When used as a decision-support tool, the Al system
improved the diagnostic accuracy of non-IBD specialists by
12%. We found that the Al model outperformed young
endoscopists across three key outcomes, including estima-
tion of histological healing, endoscopic remission, and
complete endoscopic healing. Notably, the model demon-
strated superior accuracy in distinguishing complete endo-
scopic healing (MES 0 vs 1-3) as compared to human
endoscopists of different skill levels. These findings help
bridge a critical gap in the literature by providing data
that are particularly relevant to clinical settings with limited
access to expert endoscopists, especially in low-incidence
IBD regions.

One strength of our study is that the data were prospect-
ively collected to evaluate the utility of using WLE to pre-
dict the histological activity of UC. The training videos
were collected before the endoscopic biopsy to avoid the
interference of postbiopsy bleeding for model training.
Some studies utilized a special endoscopy system to
develop an Al system for predicting histological activity.
Maeda et al.'® reported a 91% accuracy of a CAD system
using endocystoscopy with a 520-fold ultramagnifying
endoscope in predicting persistent histological inflamma-
tion with perfect reproducibility. Pieter et al.** reported
diagnostic accuracy rates of 83.3% and 67.5% (p<.005),
respectively, in predicting histological remission (Geboes
score < 2 B.0) for nonmagnifying single-wave endoscopy
and WLE (Prototype, FUJIFILM, Tokyo, Japan), respect-
ively. The diagnostic accuracy improved to 95.2%, whereas
the case number increased from 42 patients to 112 patients.
Despite these promising results, these utilized endoscope
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Figure 7. Performance of the ViT model and human endoscopists in predicting histological healing.

Note: ViT: vision transformer.

systems were not available for daily use in our clinical prac-
tice. Although white-light imaging only assesses the muco-
sal surface structure and vessel pattern and is not able to
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Figure 8. The ROC of the ViT model and raters for predicting
histological healing.

Note: ViT: vision transformer; ROC: Receiver Operating
Characteristic.

evaluate the inflammatory infiltrate in the lamina propria,
the use of virtual chromoendoscopy (VCE) enhances
the contrast of the mucosal and vascular architectures of
UC patients, and the Paddington International virtual
ChromoendoScopy ScOre (PICaSSO) showed a good cor-
relation with histological activity.>> Thus, an Al system
might be able to detect the subtle changes using WLE with-
out performing chromoendoscopy. Given that WLE
systems are more widely available in clinical practice,
developing such an Al system could have a considerable
clinical value. Although most previous studies on Al for
classifying endoscopic severity in UC have focused on
endoscopic scores, only a few have used histological remis-
sion as the target outcome. The DNN developed by
Takenaka et al.,>® which was trained on retrospectively col-
lected still endoscopic images, reported a 92.9% accuracy in
predicting histologic remission (Geboes score < 3). Their
subsequent study®’ utilized prospectively collected still
endoscopic images, and the endoscopy videos showed an
accuracy of 88.8% in predicting histological remission.
They found a small discrepancy in the data between the
Al model and pathologist assessment, which was due to
poor bowel preparation. Tacucci et al.'' developed an Al
model using prospectively collected endoscopic videos
to predict histological remission, as defined by NHI of
<1), Robarts Histopathology Index (RHI) of< 3, and
PICaSSO Histologic Remission Index (PHRI) of 0. When
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trained with chromoendoscopy data, the model achieved
accuracies of 83%, 81%, and 83% for NHI, RHI, and
PHRI, respectively, with AUROCs of 0.83, 0.81, and
0.81, respectively. When applied to videos obtained via
high-definition WLE, the model still performed well,
achieving accuracies of 80%for RHI, 81% for NHI, and
80% for PHRI, with AUROCs of 0.80, 0.81, and 0.79,
respectively. Notably, the use of VCE and high-resolution
imaging was associated with an improvement in accuracy
of up to 5%. Jiang et al.>® reported a high accuracy of
91.28% for a CNN model in predicting histological remis-
sion (Geboes score < 3 points), as compared to human
endoscopists (87.46%). Our model achieved an 83.12%
accuracy in predicting histological healing (NHI < 1),
which was comparable to the rate reported in the previous
study, illustrating the potential utility of Al in this field.
Moreover, our study was novel, as it was the first to com-
pare the performance of the ViT model with those of human
endoscopists of different skill levels. The Al model could
achieve a better performance with more balanced sensitivity
and specificity in comparison with human endoscopists,
especially young endoscopists. Incorporating such a system
into daily practice could help endoscopists more precisely
perform biopsies from areas of interest (i.e. to selecting
areas with endoscopic remission but without histological
remission) and could reduce the need for unnecessary
biopsies.

The current study has several limitations. First, it was
conducted using prospectively collected, high-quality col-
onoscopy videos from a single endoscopy unit. Thus, the
model’s performance may not be generalizable to other
clinical settings, particularly those using different endo-
scopic systems or those with suboptimal video quality.
One important limitation of our study is the lack of external
validation. All data used for model development and testing
were obtained from a single center, using videos generated
from the same endoscopic system and interpreted by local
expert endoscopists with similar training backgrounds.
This raises concerns regarding potential overfitting and lim-
its the generalizability of the model to other clinical envir-
onments, particularly those with different equipment,
image quality standards, or population characteristics.
Future studies are needed to externally validate the model’s
robustness, assess its adaptability across diverse real-world
settings, and refine the algorithm to support broader clinical
integration. Nevertheless, this study represents the first of
its kind, as it was conducted at a region with low IBD inci-
dence, whereas most prior studies originated from high-
incidence areas, such as Western countries, Japan, and
Korea. These findings support the feasibility and potential
utility of developing Al-assisted tools to aid endoscopists
in assessing UC, particularly in settings with limited access
to expert interpretation. Moreover, the ground truth used for
model training was provided by expert endoscopists from
the same institution, who all shared similar training

backgrounds. Future work should focus on external multi-
center validation across diverse endoscopic systems, patient
populations, and disease severities to confirm model robust-
ness. Second, the current model was trained exclusively on
WLE videos. The model was not designed to detect neo-
plastic lesions or to integrate image-enhanced endoscopy
modalities—such as narrow-band imaging, blue-laser
imaging, and linked-color imaging—which represent
important directions for future development aimed at
improving its clinical applicability.'** Another limitation
is that although variability between experienced and young
endoscopists was discussed, interrater agreement was not
formally quantified. While the present study focused on
comparing the overall classification performance of the
ViT model with aggregated human scores, future analyses
should incorporate statistical measures such as Cohen’s
kappa or Fleiss’ kappa coefficients to objectively assess
agreement between raters. This would provide a clearer
understanding of the degree of variability in human inter-
pretation and further contextualize the performance of the
Al model.

Conclusion

Our novel deep learning-based model, trained on endo-
scopic videos, demonstrated performance comparable to
that of experienced endoscopists and outperformed young
endoscopists in predicting histological remission and com-
plete mucosal healing in patients with UC. Such Al-based
algorithms hold significant potential and clinical value, par-
ticularly in regions with a low incidence of IBD and limited
endoscopic expertise.

Acknowledgments

The authors thank Enago (www.enago.tw) for the English lan-
guage review. We also thank the staff of the Division of
Gastroenterology at Changhua Christian Hospital for their assist-
ance with endoscopic assessments.

ORCID iD

Hsu-Heng Yen (2 https:/orcid.org/0000-0002-3494-2245

Ethics statement

The study was approved by Institutional Review Board of
Changhua Christian Hospital (Approval No. CCH IRB 230403).

Author contributions

Conceptualization: Hsu-Heng Yen and Yuan-Yen Chang; method-
ology: Yuan-Yen Chang and Han-Po Yang; formal analysis:
Hsu-Heng Yen and Yuan-Yen Chang; writing—original draft
preparation: Hsu-Heng Yen, Yuan Yen Chang, and Han-Po
Yang; writing—review and editing: Yuan-Yen Chang and
Hsu-Heng Yen. All authors have read and agreed to the published
version of the manuscript.


http://www.enago.tw
https://orcid.org/0000-0002-3494-2245
https://orcid.org/0000-0002-3494-2245

Chang et al.

Funding

This work was supported by the Changhua Christian Hospital
and Ministry of Science and Technology, Taiwan (Grant

Nos.

110-CCH-IRP-020, 114-CCH-IRP-007, and 113-2221-

E-025-007).

Declaration of conflicting interests

The authors declared no potential conflicts of interest with respect

to the research, authorship, and/or publication of this article.

Availability of data and material

The data that support the findings of this study are available from

the corresponding author upon reasonable request.

References

1.

10.

Yen HH, Wu JF, Wang HY, et al. Management of ulcerative
colitis in Taiwan: consensus guideline of the Taiwan Society
of Inflammatory Bowel Disease updated in 2023. Intest Res
2024; 22: 213-249.

Turner D, Ricciuto A, Lewis A, et al. Stride-II: an update on
the selecting therapeutic targets in inflammatory bowel dis-
ease (stride) initiative of the international organization for
the study of IBD (IOIBD): determining therapeutic goals
for treat-to-target strategies in IBD. Gastroenterology 2021;
160: 1570-1583.

Rizkala T, Menini M, Massimi D, et al. Role of artificial intel-
ligence for colon polyp detection and diagnosis and colon
cancer. Gastrointest Endosc Clin N Am 2025; 35: 389-400.
Yen H-H, Wu P-Y, Su P-Y, et al. Performance comparison of
the deep learning and the human endoscopist for bleeding
peptic ulcer disease. J Med Biol Eng 2021; 41: 504-513.
Luo H, Xu G, Li C, et al. Real-time artificial intelligence for
detection of upper gastrointestinal cancer by endoscopy: a
multicentre, case-control, diagnostic study. Lancet Oncol
2019; 20: 1645-1654.

Chang YY, Li PC, Chang RF, et al. Development and valid-
ation of a deep learning-based algorithm for colonoscopy
quality assessment. Surg Endosc 2022; 36: 6446-6455.
Chang YY, Yen HH, Li PC, et al. Upper endoscopy photodo-
cumentation quality evaluation with novel deep learning sys-
tem. Dig Endosc 2022; 34: 994-1001.

Hashash JG, Yu Ci Ng F, Farraye FA, et al. Inter- and
intraobserver variability on endoscopic scoring systems in
Crohn’s disease and ulcerative colitis: a systematic review
and meta-analysis. Inflamm Bowel Dis 2024; 30: 2217-2226.
Stidham RW, Ghanem LR, Fletcher JG, et al. Al-enabled
clinical trials in IBD: automating and enhancing disease
assessment and study management. Gastroenterology 2025;
169: 432-443.

Maeda Y, Kudo SE, Mori Y, et al. Fully automated diagnos-
tic system with artificial intelligence using endocytoscopy to
identify the presence of histologic inflammation associated
with ulcerative colitis (with video). Gastrointest Endosc
2019; 89: 408-415.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

25.

Iacucci M, Cannatelli R, Parigi TL, et al. A virtual chro-
moendoscopy artificial intelligence system to detect endo-
scopic and histologic activity/remission and predict
clinical outcomes in ulcerative colitis. Endoscopy 2023;
55:332-341.

Takahashi S, Sakaguchi Y, Kouno N, et al. Comparison of
vision transformers and convolutional neural networks in
medical image analysis: a systematic review. J Med Syst
2024; 48: 84.

Dosovitskiy A, Beyer L, Kolesnikov A, et al. An image is
worth 16 X 16 words: transformers for image recognition at
scale. 10.48550/arXiv.2010.11929.

Lodola I, D’Amico F, Danese S, et al. Artificial intelligence
in inflammatory bowel disease endoscopy — a review of cur-
rent evidence and a critical perspective on future challenges.
Therap Adv Gastroenterol 2025; 18: 17562848251350896.
Wightman R. Pytorch image models. GitHub repository. 2019.
https://github.com/huggingface/pytorch-image-models.

Deng J, Dong W, Socher R, et al. Imagenet: a large-scale hier-
archical image database. Published online:Epub 10.1109/
CVPR.2009.5206848.

Polat G, Ergenc I, Kani HT, et al. Class distance weighted
cross-entropy loss for ulcerative colitis severity estimation.
Published online:Epub.

He K, Zhang X, Ren S, et al. Deep residual learning for image
recognition. In: 2016 IEEE Conference on Computer Vision
and Pattern Recognition (CVPR), Published online:Epub
27-30 June 2016 10.1109/CVPR.2016.90.

Chang YY, Li PC, Chang RF, et al. Deep learning-based
endoscopic anatomy classification: an accelerated approach
for data preparation and model validation. Surg Endosc
2022; 36: 3811-3821.

Le HD, Pflaum T, Labrenz J, et al. Interobserver reliability of
the Nancy index for ulcerative colitis: an assessment of the
practicability and ease of use in a single-centre real-world set-
ting. J Crohns Colitis 2023; 17: 389-395.

Selvaraju RR, Cogswell M, Das A, et al. Grad-CAM: visual
explanations from deep networks via gradient-based localiza-
tion. In: 2017 IEEE International Conference on Computer
Vision (ICCV), Published online:Epub 22-29 Oct. 2017
10.1109/ICCV.2017.74.

Urquhart SA, Christof M and Coelho-Prabhu N. The impact
of artificial intelligence on the endoscopic assessment of
inflammatory bowel disease-related neoplasia. Therap Adv
Gastroenterol 2025; 18: 17562848251348574.

Lo B, Moller B, Igel C, et al. Improving the real-time classi-
fication of disease severity in ulcerative colitis: artificial intel-
ligence as the trigger for a second opinion. Am J
Gastroenterol. 2025. Epub ahead of print.

Lee MCM, Farahvash A and Zezos P. Atrtificial intelligence
for classification of endoscopic severity of inflammatory
bowel disease: a systematic review and critical appraisal.
Inflamm Bowel Dis 2025; 31: 2296-2310.

Chaemsupaphan T, Pudipeddi A, Lin H, et al. Knowledge
and perspectives

towards the use of histology in


https://github.com/huggingface/pytorch-image-models

DIGITAL HEALTH

26.

27.

28.

29.

30.

31.

inflammatory bowel disease by gastroenterologists across the
Asia-Pacific region. Intest Res 2024; 23: 338-346.

Travis SP, Schnell D, Krzeski P, et al. Developing an instru-
ment to assess the endoscopic severity of ulcerative colitis:
the ulcerative colitis endoscopic index of severity (UCEIS).
Gut 2012; 61: 535-542.

Pagnini C, Mariani BM and Lorenzetti R. Ulcerative colitis
endoscopic index of severity is feasible and useful for evalu-
ation of endoscopic activity in ulcerative colitis patients in a
real-life setting. J Crohns Colitis 2018; 12: 383-384.
Ozawa T, Ishihara S, Fujishiro M, et al. Novel computer-
assisted diagnosis system for endoscopic disease activity in
patients with ulcerative colitis. Gastrointest Endosc 2019;
89: 416-21 el.

Buie MJ, Quan J, Windsor JW, et al. Global hospitalization
trends for Crohn’s disease and ulcerative colitis in the 21st
century: a systematic review with temporal analyses. Clin
Gastroenterol Hepatol 2023; 21: 2211-2221.

Huang CW, Wei SC, Shieh MJ, et al. Epidemiology and tem-
poral trends of adult inflammatory bowel disease in Taiwan:
multicenter study from the TSIBD registration. J Formos
Med Assoc. 2025. Epub ahead of print.

Kim JE, Choi YH, Lee YC, et al. Deep learning model for
distinguishing mayo endoscopic subscore 0 and 1 in patients
with ulcerative colitis. Sci Rep 2023; 13: 11351.

32.

33.

34.

35.

36.

37.

Qi J, Ruan G, Ping Y, et al. Development and validation of a
deep learning-based approach to predict the mayo endoscopic
score of ulcerative colitis. Therap Adv Gastroenterol 2023;
16: 17562848231170945.

Jiang X, Luo X, Nan Q, et al. Application of deep learning in
the diagnosis and evaluation of ulcerative colitis disease
severity. Therap Adv Gastroenterol 2023; 16: 1756284823
1215579.

Sinonquel P, Lenfant M, Eelbode T, et al. Development of an
automated tool for the estimation of histological remission in
ulcerative colitis using single wavelength endoscopy technol-
ogy. J Crohns Colitis 2024; 19: jjae180.

Cannatelli R, Bazarova A, Furfaro F, et al. Reproducibility of
the electronic chromoendoscopy PICaSSO score (Paddington
International Virtual Chromoendoscopy Score) in ulcerative
colitis using multiple endoscopic platforms: a prospective
multicenter international study (with video). Gastrointest
Endosc 2022; 96: 73-83.

Takenaka K, Ohtsuka K, Fujii T, et al. Development and val-
idation of a deep neural network for accurate evaluation of
endoscopic images from patients with ulcerative colitis.
Gastroenterology 2020; 158: 2150-2157.

Takenaka K, Fujii T, Kawamoto A, et al. Deep neural network
for video colonoscopy of ulcerative colitis: a cross-sectional
study. Lancet Gastroenterol Hepatol 2022; 7: 230-237.



	 Introduction
	 Methods
	 Patients and data preparation
	 Deep learning architecture of the ViT
	 Performance of the DL model in comparison with human endoscopists
	 Statistical analysis

	 Results
	 Trained ViT and ResNeSt model performances
	 Comparison of the performance of the DL model and human endoscopists
	 Prediction of endoscopic remission (MES 0–1 vs 2–3)
	 Prediction of complete mucosal healing (MES 0 vs 1–3)
	 Prediction of histological healing (NHI ≤ 1) or nonremission (NHI ≧ 2)


	 Discussion
	 Conclusion
	 Acknowledgments
	 References


<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /All
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile ()
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Tags
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 5
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness false
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages false
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Average
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages false
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Average
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages false
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Average
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /PDFX1a:2003
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError false
  /PDFXTrimBoxToMediaBoxOffset [
    33.84000
    33.84000
    33.84000
    33.84000
  ]
  /PDFXSetBleedBoxToMediaBox false
  /PDFXBleedBoxToTrimBoxOffset [
    9.00000
    9.00000
    9.00000
    9.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<

    /BGR <>
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000500044004600206587686353ef901a8fc7684c976262535370673a548c002000700072006f006f00660065007200208fdb884c9ad88d2891cf62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef653ef5728684c9762537088686a5f548c002000700072006f006f00660065007200204e0a73725f979ad854c18cea7684521753706548679c300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /CZE <>
    /DAN <>
    /DEU <>
    /ESP <>
    /ETI <>
    /FRA <>
    /GRE <>

    /HRV <>
    /HUN <>
    /ITA <>
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020b370c2a4d06cd0d10020d504b9b0d1300020bc0f0020ad50c815ae30c5d0c11c0020ace0d488c9c8b85c0020c778c1c4d560002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /LTH <>
    /LVI <>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken voor kwaliteitsafdrukken op desktopprinters en proofers. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /POL <>
    /PTB <>
    /RUM <>
    /RUS <>
    /SKY <>
    /SLV <>
    /SUO <>
    /SVE <>
    /TUR <>
    /UKR <>
    /ENU (Use these settings to create Adobe PDF documents for quality printing on desktop printers and proofers.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames false
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks true
      /AddColorBars false
      /AddCropMarks true
      /AddPageInfo true
      /AddRegMarks false
      /BleedOffset [
        9
        9
        9
        9
      ]
      /ConvertColors /NoConversion
      /DestinationProfileName ()
      /DestinationProfileSelector /NA
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure true
      /IncludeBookmarks true
      /IncludeHyperlinks true
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles false
      /MarksOffset 6
      /MarksWeight 0.250000
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /NA
      /PageMarksFile /RomanDefault
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /LeaveUntagged
      /UseDocumentBleed false
    >>
    <<
      /AllowImageBreaks true
      /AllowTableBreaks true
      /ExpandPage false
      /HonorBaseURL true
      /HonorRolloverEffect false
      /IgnoreHTMLPageBreaks false
      /IncludeHeaderFooter false
      /MarginOffset [
        0
        0
        0
        0
      ]
      /MetadataAuthor ()
      /MetadataKeywords ()
      /MetadataSubject ()
      /MetadataTitle ()
      /MetricPageSize [
        0
        0
      ]
      /MetricUnit /inch
      /MobileCompatible 0
      /Namespace [
        (Adobe)
        (GoLive)
        (8.0)
      ]
      /OpenZoomToHTMLFontSize false
      /PageOrientation /Portrait
      /RemoveBackground false
      /ShrinkContent true
      /TreatColorsAs /MainMonitorColors
      /UseEmbeddedProfiles false
      /UseHTMLTitleAsMetadata true
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [612.000 792.000]
>> setpagedevice


