iIScience

Article

¢? CellPress

OPEN ACCESS

A systematic review and meta-analysis of artificial
intelligence-diagnosed endoscopic remission in

ulcerative colitis

Al has good diagnostic
remission in ulcerat

ty for endoscopic

Bing Lv, Lihong
Ma, Yanping Shi,
Tao Tao, Yanting
Shi

yantingshi@hotmail.com

Highlights

Al has good diagnostic
ability for endoscopic
remission in UC

Al performed well for four
commonly used
endoscopic remission
criteria

Provide an evidence-based
medical rationale for Al
diagnosing endoscopic
remission

Lv et al., iScience 26, 108120
November 17, 2023 © 2023 The
Author(s).
https://doi.org/10.1016/
j.isci.2023.108120



mailto:yantingshi@hotmail.com
https://doi.org/10.1016/j.isci.2023.108120
https://doi.org/10.1016/j.isci.2023.108120
http://crossmark.crossref.org/dialog/?doi=10.1016/j.isci.2023.108120&domain=pdf

iIScience ¢? CellP’ress

OPEN ACCESS

A systematic review and meta-analysis
of artificial intelligence-diagnosed
endoscopic remission in ulcerative colitis

Bing Lv," Lihong Ma,? Yanping Shi,® Tao Tao,” and Yanting Shi?4*

SUMMARY

Endoscopic remission is an important therapeutic goal in ulcerative colitis (UC). The Ulcerative Colitis
Endoscopic Index of Severity (UCEIS) and Mayo Endoscopic Score (MES) are the commonly used endo-
scopic scoring criteria. This systematic review and meta-analysis aimed to evaluate the accuracy of artifi-
cial intelligence (Al) in diagnosing endoscopic remission in UC. We also performed a meta-analysis of each
of the four endoscopic remission criteria (UCEIS = 0, MES = 0, UCEIS = <1, MES = <1). Eighteen studies
involving 13,687 patients were included. The combined sensitivity and specificity of Al for diagnosing
endoscopic remission in UC was 87% (95% confidence interval [Cl]:81-92%) and 92% (95% CIl: 89-
94%), respectively. The area under the curve (AUC) was 0.96 (95% Cl: 0.94-0.97). The results showed
that the Al model performed well regardless of which criteria were used to define endoscopic remission
of UC.

INTRODUCTION

Ulcerative colitis (UC) is a chronic inflammatory disease of the colonic mucosa.' Clinical presentation includes diarrhea, mucopurulent and
bloody stools, and abdominal pain.* UC has traditionally been considered a disease of Western countries; the incidence and prevalence
of UC are the highest in North America and Northern Europe, with an incidence of 9-20 cases per 100,000 person-years and a prevalence
of 156-291 cases per 100,000 people.” Recent epidemiological studies suggest that the incidence is rapidly increasing in South America,
Eastern Europe, Asia, and Africa.”® Repeated, persistent UC attacks severely affect the health and quality of life of patients’® and impose
a considerable medical and economic burden on society.

UC can only be remitted, but not completely cured.”'® The International Organization for the Study of Inflammatory Bowel Disease has
identified endoscopic healing as the preferred long-term treatment goal for UC and recommended endoscopic remission as an important
therapeutic goal."" Among the many endoscopic scoring systems used to assess the activity of UC, the Mayo Endoscopic Score (MES)'? and
the Ulcerative Colitis Endoscopic Index of Severity (UCEIS)'* are widely used. The MES ranges from 0 to 3 and is used to evaluate erythema,
mucosal fragility, vascular patterns, bleeding, and ulceration.'? The UCEIS grade ranges from 0 to 8 based on three dimensions: vascular
pattern, bleeding, and erosions/ulcerations.” There is no clear definition of endoscopic remission in UC."* In an international consensus, ex-
perts voted on this topic, and the top four were UCEIS = 0, MES = 0, UCEIS = <1, and MES = <1." This study used these four scores as criteria
for endoscopic remission in UC.

Currently, the evaluation of endoscopic images relies primarily on the manual judgment of the endoscopist, which depends heavily on the
level of experience of the endoscopist and can be affected by fatigue and stress. In recent years, artificial intelligence (Al), particularly deep
learning (DL),"™"® has achieved remarkable results in aiding diagnoses. It provides accurate and objective diagnostic results, reduces endo-
scopist workload, and improves efficiency.'’ "

As summarized and analyzed in several review articles, Al has demonstrated great potential in assessing and managing inflammatory
bowel diseases (IBD), including UC and Crohn's disease. Takenaka et al.’%?? detailed recent advances and relevant evidence on using Al
for endoscopy in IBD and discussed how Al can improve clinical practice in IBD. Tontini et al.”* described Al's emerging applications and
future potential for endoscopy in IBD. Yang et al.”* quantified the accuracy of Al in predicting the endoscopic severity of UC using a me-
dian-taking approach.

Jahagirdar et al.”> conducted a meta-analysis of convolutional neural networks to the diagnose endoscopic severity of UC. A total of 12
studies were included, and the pooled sensitivity of the Al was 83.9%, specificity was 92.3% and accuracy was 91.2%. This article analyzed the
overall performance of the Al but did not analyze it further for specific endoscopic scores. Our study provides a comprehensive quantitative
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Figure 1. PRISMA Flow diagram for study selection

meta-analysis of Al performance from the perspective of endoscopic remission to provide an evidence-based medical rationale for its clinical
application. The primary outcome of this study was the overall performance of the Al model in diagnosing endoscopic remission. The sec-
ondary outcome was the ability of Al to diagnose endoscopic remission under different criteria (UCEIS = 0, MES = 0, UCEIS = <1, MES = <1).

RESULT
Included studies and quality assessment

We searched five databases according to the search strategy and retrieved 5,365 articles. EndNote software was used to remove 1,108 du-
plicates automatically. We excluded 4,204 articles after reviewing their titles and abstracts. The remaining 53 articles were read in detail, of
which 18 were included.?*™** The literature screening process is illustrated in Figure 1. Details of the included studies are presented in Table 1.
Three studies by Takenaka et al.”®***> used Al for the endoscopic scoring of UC, and we included only the studies with the largest sample
size.”®

The 18 studies included 13,687 patients. Twelve studies were retrospective and six were prospective

0313340, and nine studies were from Europe and America and nine were from

28,30,31,34,35,40 )
8,30,31,34.3540. £5 rteen studies were

single-center and four were multicenter
Asia,?6:28:2%:33,3538,39.02.43 7| the studies used images obtained from common white-light imaging and used DL algorithms. It should be noted
that of the six prospective studies, only Takenaka 2020°° explicitly stated that the Al model was involved in the actual diagnostic process of the
patient, and the other five studies only prospectively collected data for Al testing.

The assessment of the risk of bias in the included studies is shown in Figure 2. One study™ explored the ability of DL models to automat-
ically grade each MES, butimages with MES = 0 were not included in the dataset. This article is valuable for studying Al in assessing the endo-
scopic severity of UC. However, regarding endoscopic remission, it was considered to have a high risk of bias in the index test section. We will
analyze this study separately in the sensitivity analysis. Three studies were considered to have an unknown risk of bias in the patient selection
section: two study””*? did not describe the patient selection process and one study®” did not describe the quality of the endoscopic images.
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Table 1. Details of the included studies

Country/  Study Study Train Standard g’_
Study Region Center design Algorithm Patients(n) set(n) Test set Reference  Sensitivity (%)  Specificity (%) ®
Ozawa 2018% Japan Single Retrospective ~ GoogleNet 558 26,304 images image MES=0 72.54 78.42 g
MES<=1 98.42 0.62.9 o
Stidham 2019% USA Single Retrospective InceptionV3 3,112 14,862 images frame MES=0 75.3 92.89
MES<=1 93.39 87.07
Takenaka 20207 Japan Single Prospective InceptionV3 2,887 40,758 images  image UCEIS=0 96 83
Huang 202177 Taiwan Single Retrospective Inceptionv3 54 600 images image MES<=1 96.33 89.23
+SVM
+k-NN
Gottlieb 20217° USA Multi Prospective RNN 249 661 videos video MES=0 87.5 96.61
MES<=1 80 90.48
UCEIS=0 66.67 98.44
UCEIS<=1 69.23 85.19
Yao 20217 USA Multi Prospective InceptionV3 175 51 videos video MES<=1 72.09 86.88
Bhambhvani 2021°* USA Single Retrospective ResNeXt101 777 698 images image MES<=1 66.67 91.38
Gutierrez Becker 2021°° Japan Multi Retrospective ResNet50 1105 1338 videos image MES<=1 73 97.7
Patel 2022%* UK Single Prospective ResNet34 73 38,124 images  image UCEIS=0 73 93
UCEIS<=1 99.69 79.63
Byrne 2022°° India Single Prospective EfficientNetB3 234 107 videos image MES=0 85.71 94.6
MES<=1 91.29 96.7
UCEIS=0 88.18 93.89
UCEIS<=1 86.14 971
Sutton 2022°¢ Canada Single Retrospective DenseNet121 840 669 images image MES=0 79 91
Luo 2022°7 China Single Retrospective Improved 1317 7942 images image MES=0 98 97.4
DenseNet201
Polat 20227 Turkey Single Retrospective DenseNet121 462 7904 images image MES<=1 97.4 87.6
Fan 2023*7 China Single Retrospective ResNet50 350 11,303 images image MES=0 87.5 96.68
UCEIS=0 87.4 96.62
lacucci 2023 UK Multi Prospective Improved 331 543 images image UCEIS<=1 80 78
VGG16
Lo 2022 Denmark Single Retrospective EfficientNetB2 467 1261 images image MES=0 94 94 %
MES<=1 93 96 o) O
Kadota 2022%° Japan Single Retrospective Custom Networks 388 8212 images image MES=0 84 75 % ()
MES<=1 95.7 72 ]Z> =U
Wang 2023 China Single Retrospective CB-HRNet 308 4787 images image MES=0 92.25 93.2 g 3
MES<=1 92.87 95.41 mo
n
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Figure 2. Summary of risk of bias and applicability of concerns graph

Study characteristics and data extraction

We extracted 31 datasets from 18 studies, as detailed in Table 1. One set of data from each study was selected for meta-analysis, as described
in section 2.3, to form the main results, and these data are shown in bold in Table 1. Of the 31 datasets, 5, 9, 4, and 13 had UCEIS =0, MES =0,
UCEIS = < 1, and MES = < 1, respectively, as the criterion. We performed a separate meta-analysis for each criterion to obtain secondary
outcomes.

Ozawa et al.”” constructed an aided diagnostic system based on GoogleNet™ to identify normal mucosa (MES = 0) and mucosal healing
(MES = < 1). A total of 558 patients with UC and 26,304 colonoscopy images were included in this study. The AUC for the systematic iden-
tification of MES = 0 and MES = < 1 reached 0.86 and 0.98, respectively.

Stidham et al.”” used the InceptionV3"’ network to identify endoscopic remission in patients with UC (MES = < 1). The authors tested im-
age and video test sets. A total of 3,112 patients, 16,514 endoscopic images, and 30 endoscopic videos were included in the study. The pos-
itive predictive value of the model on the video test set was 68% (95% Cl, 67-69%), the negative predictive value was 98% (95% Cl, 97-99%),
and AUC was 0.966 (95% Cl, 0.963-0.969).

.?® developed a deep neural network for evaluating endoscopic images of patients with UC. The model identified endo-
scopic (UCEIS = 0) and histological remission with an accuracy of 90.1% and 92.9%, respectively. This study included 2,887 patients,
44,945 images, and 10,989 biopsies.

Huang et al.”” combined the deep neural network, support vector machine (SVM), and k-nearest neighbor (k-NN) techniques to diagnose
mucosal healing (MES = < 1) with an accuracy, sensitivity, and specificity of 94.5%, 89.2%, and 96.3%, respectively. The model was trained and
tested using 856 endoscopic images of 54 patients with UC.

Gottlieb et al.*° used recurrent neural networks to evaluate the endoscopic videos of patients with UC and provided the MES and UCEIS
scores. The study included 249 patients from 14 countries. We calculated the sensitivity and specificity of the model to identify MES = 0,
MES = < 0, UCEIS = 0, and UCEIS = < 0 according to the confusion matrix.

Yao et al.®' developed a fully automated video analysis system based on the InceptionV3 network, using the MES score to grade UC. The
authors tested the model using both internal and external test sets. On an external test set containing 264 videos, the system achieved 83.7%
accuracy in distinguishing MES = < 1 vs. MES = > 2.

Bhambhvani et al.* used the ResNeXt"® network to distinguish MES 1-3 and trained and tested the model using 777 UC images from the
public dataset HyperKvasir.”” The final model identified MES = 1 with an AUC of 0.89 and an overall accuracy of 77.2%.

Becker et al.* developed a DL-based system for endoscopic scoring. The study involved a total of 1,105 patients from 28 countries. The
system achieved an AUC of 0.85 + 0.0273 for identifying MES = > 2 on the HyperKvasir dataset.

Patel et al.** used the ResNet®® network to assess UC severity. Videos from 73 patients were used to train and test. The model achieved
90% accuracy in identifying normal mucosa vs. active inflammation (UCEIS = 0 vs. UCEIS = > 1) and 98% accuracy in identifying mild inflam-
mation vs. moderate-severe inflammation (UCEIS = < 3 vs. UCEIS = > 4).

Byrne et al.*® built a DL model to automatically predict the MES and UCEIS scores for UC using EfficientNet®' as the backbone network.
A total of 234 videos were collected to train and test the proposed model. Four datasets were included in the meta-analysis.

. compared the accuracy of four mainstream DL networks to distinguish MES = < 1 vs. MES = > 2. The models were trained
and tested using 840 endoscopic images of UC obtained from Hyper-Kvasir. DenseNet™ performed the best, with sensitivity, specificity, and
accuracy of 79%, 91%, and 87.5%, respectively.

Luo et al.”’ proposed a DL network called "Efficient Attention Mechanism Network" for identifying endoscopic remission in UC (MES = 0).
A total of 14,306 endoscopic images from 1,317 patients with UC were collected to train and test the network. We extracted the test results of
the model on a dataset with a larger sample size, and the model achieved an accuracy of 97.6% and an AUC of 0.975.
|.® created an open-source dataset named LIMUC, which comprises 11,276 endoscopic images from 564 patients with UC. At the
same time, the authors proposed a regression-based DL method and evaluated it using the LIMUC dataset. When identifying endoscopic
remission (MES = < 1), the sensitivity, specificity, and accuracy of this method reached 97.4%, 87.6%, and 95.7%, respectively.

Fan et al.*” developed an automated scoring system for UC based on DL technology using 5,875 endoscopic images and 20 videos from
332 patients with UC to train and test the model. The model achieved an accuracy of 86.54% for the MES. For the UCEIS, 90.7% accuracy was
achieved in identifying the vascular morphology, 84.6% in identifying erosions and ulcers, and 77.7% in identifying bleeding.

lacucci et al.”” developed a computer-aided diagnostic system based on the VGG16 network to assess UC severity. A total of 331 pa-
tients were included in the study. The system assessed UC endoscopic activity (UCEIS >1) with a sensitivity of 78% and specificity of 80%.

| 26 46
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Figure 3. Forest plot of sensitivity and specificity of Al

Loetal.”

compared the accuracy of five DL algorithms for identifying the MES for UC, collecting 1484 images from 467 patients to train the
test model. The best-performing EfficientNetB2 model achieved 94% accuracy in distinguishing MES 0 from MES 1-3 and 93% accuracy in
distinguishing MES 0-1 from MES 2-3.

Bhambhvani et al.* proposed a multi-task learning method by combining learning to rank™ with regression. The method not only realized
automatic scoring of endoscopic severity of UC but also greatly reduced the annotation cost of images. The study used 10,265 endoscopic
images from 388 patients to train and test the model. The model distinguishes between MES 0 and MES 1-3 with an F1-Score of 0.85.

Wang et al.*? created an open-source dataset of UC endoscopic images comprising 7,978 images from 308 patients (excluding
augmented images). Additionally, the authors proposed a new DL network named CB-HRNet. CB-HRNet achieves an accuracy of 93.73%

in distinguishing MES 0 from MES 1-3 and 95.73% in distinguishing MES 0-1 from MES 2-3 with an accuracy of 95.07%.

Primary outcome

Al diagnosed endoscopic remission in UC with a combined sensitivity of 87% (95% Cl: 81-92%, 1?=99.15), specificity of 92% (95% Cl: 89-94%,
12 = 98.78) (Figure 3), positive likelihood ratio of 11.03(95% Cl: 7.72-15.76), negative likelihood ratio of 0.14 (95% CI: 0.09-0.21) (Figure S1),
diagnostic score of 4.37 (95% Cl: 3.74-5.01), and diagnostic odds ratio of 79.42 (95% Cl: 42.14-149.71) (Figure S2). These metrics indicate
that Al can be used to identify endoscopic remission effectively. The SROC curve was plotted (Figure 4) with an AUC of 0.96 (95% Cl:
0.94-0.97), indicating the high accuracy of Al in identifying endoscopic remission in UC.

We evaluated the clinical utility of Al for diagnosing endoscopic remission using the Fagan plot (Figure 5). When the pre-test probability
was set at 50%, the probability that the patient was in endoscopic remission was 92% if Al diagnosed the result as endoscopic remission. The
probability that the patient was in endoscopic remission was 12% if Al diagnosed the result as endoscopic activity. This indicates the good
diagnostic value of Al in clinical applications.

Subgroup analysis and meta-regression
Although Al performed well in diagnosing endoscopic remission in UC, I showed a high degree of heterogeneity among studies. We per-
formed a subgroup analysis and meta-regression according to the study region (Euro-America or Asia), type (prospective or retrospective),
center (multi or single), number of patients (>400 or <400), and endoscopic scoring criteria (MES or UCEIS) to explore possible sources of
heterogeneity. The results are summarized in Table 2.

The effects of study type, criteria, and center on sensitivity were statistically significant (p < 0.05). The study region significantly affected the
sensitivity (p < 0.001). The study type, region, endoscopic scoring criteria, and the number of patients significantly affected the specificity

iScience 26, 108120, November 17, 2023 5
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Figure 4. Summary receiver operating characteristic curves
Each circle indicates an individual study, red diamond represents summary sensitivity and specificity.

(p < 0.001). The effects of the study center on specificity were statistically significant (p < 0.05). The combined sensitivity of the Asian studies
was significantly higher than that of the Euro-American studies. The combined sensitivity of the single-center studies was significantly higher
than that of the multicenter studies.

Sensitivity analysis and publication bias

The study by Bhambhvani et al.*” was considered to have a high risk of bias at the time of quality assessment. We removed it, and the com-
bined sensitivity was 87% (95% Cl: 80-92%), specificity was 93% (95% Cl: 90-95%), and the AUC was 0.96 (95% Cl: 0.94-0.97). The study did not
significantly affect the results of the meta-analysis.

After removing the study by Luo et al.,” the combined sensitivity was 85% (95% Cl: 78-90%), and the AUC was 0.96 (95% CI: 0.93-0.97). This
study had the greatest impact on the combined results but did not change it significantly. This suggests that the results of this meta-analysis
are stable and not overly dependent on data from a single study. Publication bias was assessed using the Deeks'funnel plot (Figure ) and the
graph was roughly symmetrical (p = 0.45), indicating no publication bias.

Secondary outcome

We performed a separate meta-analysis of the data corresponding to each endoscopic remission criterion. The results are summarized in
Table 3. The AUCs of the four meta-analyses ranged from 0.94 to 0.97, indicating that Al performed well regardless of the criteria used to
define endoscopic remission in UC. It is important to note that the meta-analysis results must be interpreted with caution because of the small
number of studies corresponding to each criterion.

DISCUSSION

Al technology is increasingly used in clinical practice to enhance diagnostic accuracy, stability, and efficiency. We performed a systematic
evaluation and meta-analysis of the accuracy of Al in diagnosing UC endoscopic remission. Eighteen publications, 31 datasets, and 13,687
patients were included in this study. The combined results demonstrated the good diagnostic value of Al. High heterogeneity was observed
among the studies, and the study region, type, and endoscopic scoring criteria were identified as possible sources of heterogeneity by sub-
group analysis and meta-regression. We also performed a meta-analysis for each of the four criteria for endoscopic remission, and Al showed
good performance with no significant differences in the results.

Endoscopic remission in UC is used to assess treatment effectiveness and guide the development of subsequent treatment plans. It is
important to note that this meta-analysis defined endoscopic remission in terms of endoscopic scores but did not distinguish whether the
endoscopic score was pre- or post-treatment. We assumed that the same endoscopic score was consistent with the characteristics of endo-
scopicimaging both before and after treatment. The effect of this assumption on the results of this meta-analysis requires further evaluation.

6 iScience 26, 108120, November 17, 2023
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Figure 5. Fagan nomogram of the accuracy of Al

DL techniques can automatically extract features for image recognition. With traditional machine learning, experienced experts must
manually extract image features and select a suitable classifier (e.g., random forest or SVM) for statistical analysis. DL is considered to
have advantages over traditional machine learning for analyzing big data.”>>® All 18 included studies used DL techniques to evaluate the im-
ages. One study”” compared the performance of DL techniques (InceptionV3) with that of traditional machine learning techniques (SVM and
k-NN) in identifying mucosal healing in UC. SVM performed slightly better than InceptionV3 in this study (AUC, 0.9252 vs. 0.9074), possibly
because of the small sample size.

Table 2. Subgroup analyses and meta-regression results

Parameter Category Studies(n) Sensitivity(95%Cl) p value Specificity(95%Cl) p value

Study Region Euro-America 9 0.83(0.74-0.92) <0.001 0.93(0.89-0.97) <0.001
Asia 9 0.90(0.84-0.96) 0.92(0.89-0.96)

Score Criteria UCEIS 6 085(0.74-0.95) 0.02 0.93(0.89-0.97) <0.001
MES 12 0.88(0.82-0.94) 0.93(0.89-0.97)

Study Type Prospective 6 0.82(0.71-0.94) 0.01 0.93(0.89-0.98) <0.001
Retrospective 12 0.89(0.84-0.94) 0.92(0.89-0.96)

Study Center Multi 4 0.75(0.56-0.93) 0.01 0.96(0.93-0.99) 0.01
Single 14 0.89(0.85-0.94) 0.92(0.88-0.95)

Patient (n) >400 9 0.89(0.82-0.95) 0.08 0.93(0.89-0.96) <0.001
<400 9 0.86(0.77-0.94) 0.93(0.89-0.97)

iScience 26, 108120, November 17, 2023 7
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Figure 6. Deeks' funnel plot asymmetry test for publication

In addition to the automated determination of endoscopic remission of UC, studies have been conducted using artificial intelligence to
read endoscopic images to determine whether UC is histologic remission.”®*>***> Compared with traditional biopsy techniques, this tech-
nique will reduce the time cost and bleeding risk effectively. It will be an important research direction for Al for UC diagnosis.

Although the effectiveness of Al in diagnosing endoscopic remission in UC has been initially validated, some aspects require

improvement.

(1) The training and test data used by Al models are based on manual annotation by endoscopists; as the endoscopy scores differ be-
tween endoscopists, this may affect the accuracy of Al models and lead to misdiagnoses and missed diagnoses. Al models must
be rigorously evaluated and validated using different datasets to ensure their robustness and accuracy.

UC is a relatively niche disease that makes it difficult to provide sufficient training data for Al models, which may cause overfitting or
underfitting. HyperKvasir is a publicly available endoscopic image dataset containing 851 UC images labeled with the MES. The public
dataset LIMUC®® comprises 11,276 endoscopic images from 564 patients with UC. The public dataset TMC-UCM"® comprises 7,978
images from 308 patients with UC. Several studies have used these datasets for Al model training and testing. More publicly available
datasets can help researchers reduce time and financial costs, and improve the reproducibility of their studies.

Al, especially DL models, is often considered a black box, mainly because of the complex structure of DL models and the difficulty in
explaining the internal operating mechanisms. All 16 included studies used DL techniques, and only two studies explored the explain-
ability of the models.***” Medical image analysis requires rigorous scientific explanations. DL explainability is a key factor in user trust
and is an important research direction for DL-aided diagnostic techniques.

S

=

In conclusion, this systematic review provides a comprehensive description and analysis of the current Al-assisted diagnosis of endoscopic
remission in UC. The results showed that Al has good diagnostic ability and high clinical application value. However, more data are required to
train and test the Al models to improve their reliability and generalizability.

Limitations of the study

This systematic review had some limitations. (1) There was a high degree of heterogeneity among the studies. The heterogeneity caused by
different Al models, endoscope types, and differences owing to manually labeled data requires further investigation. (2) The sample size of
some studies was small and may not have been representative. (3) When a separate meta-analysis was performed for each criterion, the num-
ber of studies corresponding to each criterion was small. For example, only four datasets were available for UCEIS = <1, and the analysis re-
sults may not be representative. (4) In a real environment, the accuracy of an Al model may be reduced. The actual endoscopic environment is
considerably more complex than the experimental environment. Different light intensities, imaging angles, and interference from other dis-
eases can affect the judgment of an Al model. (5) Only English-language literature was included, which may have inserted a language bias.

STARXxMETHODS

Detailed methods are provided in the online version of this paper and include the following:
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Table 3. Meta-analysis results corresponding to different endoscopic remission criteria

Remission criteria Studies(n) Sensitivity(95%Cl) Specificity(95%Cl) DOR (95%Cl) AUC (95%Cl)
UCEIS =0 5 0.85(0.76-0.91) 0.95(0.91-0.97) 99.96(54.41-183.68) 0.96(0.94-0.98)
MES =0 9 0.89(0.82-0.94) 0.93(0.88-0.96) 109.73(39.22-307.02) 0.97(0.95-0.98)
UCEIS<=1 4 0.92(0.64-0.99) 0.88(0.76-0.94) 87.97(13.87-558.00) 0.94(0.92-0.96)
MES<=1 13 0.01(0.84-0.94) 0.91(0.86-0.94) 89.15(49.37-160.97) 0.96(0.94-0.97)
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KEY RESOURCES TABLE

REAGENT or RESOURCE SOURCE IDENTIFIER

Deposited data

Literature summary statistics Science Data Bank https://doi.org/10.57760/sciencedb.10950

Software and algorithms

StataSE 16.0 StataCorp LLC https://www.stata.com

Review Manager 5.4 The Cochrane Collaboration https://revman.cochrane.org/info
EndNote 20 Clarivate Analytics LLC https://endnote.com/downloads
RESOURCE AVAILABILITY

Lead contact

For additional information and resources should be directed to the lead contact, Yanting Shi (yantingshi@hotmail.com).

Materials availability
This study is a meta-analysis and did not use or generate any reagents.

Data and code availability

The data used in this meta-analysis came from published studies, and no new data or codes were used. All data are described in the "key
resources table” section.

EXPERIMENTAL MODEL AND STUDY PARTICIPANT DETAILS

Our study does not use experimental models typical in the life sciences. The participant characteristics and Al algorithmic details of the
included studies are shown in Table S1.

METHOD DETAILS

This study was conducted following the Preferred Reporting Items for Systematic Reviews and Meta-Analyses of Diagnostic Test Accuracy
Studies (PRISMA-DTA)” guidelines. The PRISMA-DTA checklist is presented in Table S2. All the data for this study were collected from
the included literature, and ethical approval was not required.

Searching strategy

We searched five databases: PubMed, Web of Science, Embase, |IEEE Xplore, and the Cochrane Library, without any time restrictions. The
final search was performed on August 15, 2023. Keywords related to DL included “deep learning,” “artificial intelligence,” “machine learning,”
“computer-aided,” and “natural networks.” Keywords related to UC included “inflammatory bowel disease"”, “ulcerative colitis”, “IBD,” and
“"UC."” Table S3 provides the detailed search strategy. In addition, we checked the references of related articles to identify more relevant

studies.

Eligibility criteria
The inclusion criteria were as follows: (1) prospective or retrospective studies, (2) used Al to analyze colonoscopy images/videos to assess UC
severity, (3) use of UCEIS or MES as the scoring criteria, (4) ability to obtain 2x2 tables (true positive, false negative, false positive, and true
negative) directly or indirectly, (5) the data in the 2X2 table represented one of the following four classifications: UCEIS 0 vs. UCEIS 1-8, MES
0 vs. MES 1-3, UCEIS 0-1 vs. UCEIS 2-8, MES 0-1 vs. MES 3-4, (6) used publicly available Al algorithms with detailed descriptions, and (7)
provided a detailed description of the datasets used for model training and testing.

The exclusion criteria were as follows: (1) articles without experimental data, such as conference abstracts, reviews, and letters, (2) articles
without the full text, and (3) articles for which a 2% 2 table data could not be extracted.

Two authors (B.L. and L.M.) reviewed the retrieved articles using this strategy, and any disagreements were resolved through discussion.
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Data extraction
Two authors (B.L. and L.M.) independently extracted data from eligible articles and resolved conflicts through discussions with Y.S. The
following data were extracted: first author, publication year, study site, patient information, endoscopic imaging type, Al algorithm, endos-
copy scoring criteria, the training set sample information, the test set sample information, 2x2 tables, sensitivity, and specificity.
Multiple test cohorts in a study were prioritized in the following order: external test cohort, video test cohort, and large sample size cohort.
Multiple endoscopic remission criteria, if included, were all extracted; however, only one test result per study was selected for the primary
meta-analysis and prioritized in the following order: UCEIS = 0, MES = 0, UCEIS = < 1, MES = < 1. Others were used for the analysis to obtain
secondary results.

QUANTIFICATION AND STATISTICAL ANALYSIS

Quality assessment

The quality of the screened literature was evaluated using the Quality Assessment of Diagnostic Accuracy Studies 2 tool,”® which consists of
four main components: patient selection, index test, reference standard, and process and progress. Quality evaluation was performed inde-
pendently by two authors (L.M. and T.T.), and in cases of disagreement, the final results were decided by a joint discussion. Charts for quality
assessment were drawn using the Review Manager 5.4 (Cochrane Collaboration, Oxford, UK).

Statistical analysis

The meta-analysis was performed using Stata/SE software (version 16.0; Stata, College Station, TX, USA) with the Midas package installed.
Midas commands used a bivariate mixed-effects regression model®”*° to pool the data. We pooled the sensitivity, specificity, positive likeli-
hood ratio (PLR), negative likelihood ratio (NLR), diagnostic odds ratio (DOR), and 95% confidence intervals (Cl). Summary receiver operating
characteristic (SROC) curves were plotted and the area under the curve (AUC) was calculated.

The |2 statistic assessed the heterogeneity between studies, and values of 1 > 50% indicated substantial heterogeneity. Sources of het-
erogeneity were explored using subgroup and meta-regression analyses. In each subgroup, for P < 0.05, P < 0.01, and P < 0.001, the differ-
ences were considered statistically significant, more significant, and extremely significant, respectively.

Publication bias was assessed using Deeks’ funnel plot, which indicated the possibility of publication bias if the funnel plot was asymmet-
rical. The slope coefficients P < 0.1 and P < 0.05 indicated asymmetry and significant asymmetry, respectively, in the funnel plot.

The stability and reliability of the meta-analysis results were assessed using sensitivity analysis. Changes in 12 value were observed by
sequentially excluding each study, and a large change indicated heterogeneity in the study.

ADDITIONAL RESOURCES
The study was registered, before its initiation, in PROSPERQO®' on February 06, 2023 (ID: CRD42023391093).
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