
Introduction
Inflammatory bowel disease (IBD) is a chronic relapsing condi-
tion affecting more than 6.8 million people worldwide [1]. Co-
lonoscopy is a cornerstone in diagnosis and management. It al-

lows endoscopic characterization and tissue acquisition for his-
tologic examination which are the gold standard in identifica-
tion of IBD phenotype and severity. This is necessary for thera-
peutic decision-making and evaluating treatment response.
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ABSTRACT

Background and aims Artificial intelligence (AI) technol-

ogy is being evaluated for its potential to improve colono-

scopic assessment of inflammatory bowel disease (IBD),

particularly with computer-aided image classifiers. This re-

view evaluates the clinical application and diagnostic test

accuracy (DTA) of AI algorithms in colonoscopy for IBD.

Methods A systematic review was performed on studies

evaluating AI in colonoscopy of adult patients with IBD.

MEDLINE, Embase, Emcare, PsycINFO, CINAHL, Cochrane Li-

brary and Clinicaltrials.gov databases were searched on 28th

April 2021 for English language articles published between

January 1, 2000 and April 28, 2021. Risk of bias and applic-

ability were assessed with the Quality Assessment of Diag-

nostic Accuracy Studies-2 tool. Diagnostic accuracy was

presented as median (interquartile range).

Results Of 1029 records screened, nine studies with 7813

patients were included for review. AI was used to predict

endoscopic and histologic disease activity in ulcerative coli-

tis, and differentiation of Crohn’s disease from Behcet’s dis-

ease and intestinal tuberculosis. DTA of AI algorithms

ranged between 52–91%. The sensitivity and specificity for

AI algorithms predicting endoscopic severity of disease

were 78% (range 72–83, interquartile range 5.5) and 91%

(range 86–96, interquartile range 5), respectively.

Conclusions AI has been primarily used to assess disease

activity in ulcerative colitis. The diagnostic performance is

promising and suggests potential for other clinical applica-

tion of AI in IBD colonoscopy such as dysplasia detection.

However, current evidence is limited by retrospective data

and models trained on still images only. Future prospective

multicenter studies with full-motion videos are needed to

replicate the real-world clinical setting.
Supplementary material is available under
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Furthermore, patients with long-standing IBD colitis are at an
increased risk of colorectal cancer [2]. Colonoscopic surveil-
lance is important and increasingly aided by enhanced imaging
techniques [3, 4].

Despite being standard of care in IBD, endoscopic evaluation
is subjective and limited by interobserver and intra-observer
variability [5]. To address this, standardized endoscopic assess-
ment tools for disease severity have been developed. These in-
clude the Mayo endoscopic score (MES) and ulcerative colitis
endoscopy index of severity (UCEIS) [6] and the simple endo-
scopic score for Crohn’s disease (SES-CD). [7] However, consid-
erable interobserver differences remain in endoscopic evaluati-
on of disease activity [5, 7, 8].

Artificial intelligence (AI) refers to machine learning to repli-
cate or simulate human intelligence and neural networks are
the most commonly utilized AI subtype in endoscopy. Image re-
cognition is an important aspect of AI that aids endoscopic de-
tection of pathology. Endoscopic recognition of colonic polyps
using AI systems has the largest body of evidence with success-
ful clinical translation and uptake of the technology in real-life
settings in many countries [9–11]. AI-based polyp detection
systems during colonoscopy have been shown to improve ade-
noma detection rate and in particular, the detection of small,
non-advanced adenomas [12].

Computer‐aided image interpretation in IBD endoscopy is in
its infancy. Growing evidence demonstrates the potential to
minimize interobserver variability in endoscopic evaluation,
thus reducing variation in patient care and outcomes. A recent
systematic review on this topic offers a narrative overview on
the use of AI in various subtypes of gastrointestinal endoscopy,
including capsule endoscopy, endomicroscopy and experimen-
tal techniques such as prototype endoscope using light emit-
ting diode illumination [13]. A number of narrative reviews
have also been published in recent years, highlighting the con-
temporary interest and clinical need for AI application in IBD.
These reviews summarize a range of AI application in IBD, in-
cluding computer-aided endoscopy and algorithms for risk and
treatment response prediction [14–16]. However, there is no
systematic review focusing solely on the use of AI on conven-
tional colonoscopy, even though colonoscopy is the most rou-
tine and essential endoscopic procedure for IBD diagnosis and
management. A quantitative analysis of the diagnostic test ac-
curacy (DTA) of AI models is also lacking in current literature.

Therefore, the aims of this systematic review are:
1. To evaluate the current clinical applications of AI algorithms

in IBD colonoscopy, and
2. To analyze the DTA of AI algorithms in IBD colonoscopy.

Methods
This review was conducted according to the Preferred
Reporting Items for Systematic Reviews and Meta-Analyses
for Diagnostic Test Accuracy (PRISMA-DTA) [17]. The proto-
col was registered with PROSPERO (Registration number
CRD42021252612).

Eligibility criteria

The interventions studied in this systematic review for IBD in-
clude AI algorithms for use in colonoscopic still images and vi-
deos. Studies reporting the clinical application and diagnostic
test accuracy (DTA) of AI in colonoscopy for IBD were included.
Strict eligibility criteria were followed (Supplementary Table
1). AI algorithms using conventional colonoscopy imaging
(white light and virtual or dye-based chromoendoscopy) were
included.

Information sources

A comprehensive search was performed on April 28, 2021 in
Ovid MEDLINE(R) ALL 1946 to April 26, 2021, Embase 1974 to
April 26, 2021 (Ovid), Ovid Emcare 1995 to 2021 Week 16,
APA PsychInfo 1806 to April Week 3 2021 (Ovid), CINAHL (EBS-
COhost), Cochrane Library (Wiley) and Clinicaltrials.gov.

Search

Search strategies were developed by a medical librarian, HW, in
consultation with LY. Strategies combined the general concepts
of IBD and AI and endoscopy, using a combination of subject
headings and text words relevant to each database. Results
were limited to English language and January 1, 2000 onward.
Animal studies were excluded. A full electronic search strategy
is provided in Supplementary Table 1. All searches were run on
April 28, 2021.

Study selection

Search results were exported to Endnote X9 (Clarivate, Phila-
delphia, Pennsylvania, United States). Duplicate records and
excluded publication types (book chapters, case reports, com-
ments, conference abstracts and papers, letters and notes)
were removed. Remaining records were uploaded to Covidence
systematic review software (Veritas Health Innovation, Mel-
bourne Australia) for screening. Two reviewers (LY and EP) inde-
pendently screened titles and abstracts followed by full text.

Data collection process

Data from included studies were independently collated into a
pre-specified data extraction sheet by LY and EP, then cross-
checked. Data extracted included year and place of publication,
study design, clinical application, size of the training and valida-
tion data sets, type of AI algorithm, outcome evaluation me-
trics and diagnostic performance results.

Risk of bias and applicability

Assessment of risk of bias and applicability was performed by
two independent authors (LY and LS) using the Quality Assess-
ment of Diagnostic Accuracy Studies-2 tool (QUADAS-2) [18].
Any discrepancies in the assessment were resolved by consen-
sus.

Diagnostic test accuracy measures

The primary measures of DTA were sensitivity, specificity, posi-
tive predictive value, negative predictive value (NPV), accuracy
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or Area Under the Receiver Operating Characteristics curve,
where data was available.

Synthesis of results

Narrative synthesis was performed for clinical applications.
Studies were grouped by IBD disease subtype (ulcerative colitis
and CD) and ordered by risk of bias scores. In the absence of an
overall rating for the QUADS-2 tool, an overall rank was given
for each study based on the four domains. Where the rank was
the same, studies were ordered alphabetically using author sur-
name.

A meta-analysis was not performed due to the variations in
outcome metrics used and the lack of raw data required for per-
forming the bivariate model or hierarchical summary receiver
operating characteristic model for DTA studies [19]. In addi-
tion, a number of studies reported individual sensitivity and
specificity for subgroup analysis only, without reporting the
overall values for the AI model or raw data to calculate true-
and false-positive and negative values.

Quantitative synthesis was performed for DTA using median
and interquartile range of the reported sensitivity and specifici-
ty values. These were charted in box-and-whisker plots. Results
from the included studies are presented in summary tables.

Results
Study selection and characteristics

Of 2821 records identified, nine studies with 7813 patients
were included (▶Fig. 1). ▶Table 1 summarizes the study char-
acteristics of all articles included in the systematic review, in-
cluding the study design, the clinical application, size of the da-
taset and AI algorithm used. Eight studies [20–26] with 7086
patients were on the use of AI in ulcerative colitis (UC) and one
study [27] with 727 patients evaluated the use of AI in differen-
tiation of CD from Bechet’s disease and intestinal tuberculosis.
The first article on the topic of AI in colonoscopic imaging of
IBD appeared in 2019. Five studies were conducted in the Uni-
ted States, [20, 23–25, 28] three in Japan, [21, 22, 26] and one
in South Korea [27]. Five studies were single-center and retro-
spective in study design. There were two multicenter retro-
spective studies. Two studies were prospective and performed
in a single center.

All studies used white light endoscopy images. There were
no studies using other imaging modalities such as narrow
band imaging or chromoendoscopy. There were no studies in-
vestigating the use of AI in dysplasia assessment in IBD.

Risk of bias and applicability

According to the QUADAS-2 tool, one article [27] presented
high risks of bias, mainly due to patient selection bias and refer-
ence standard bias. Most studies used a single-center or public-
ly available retrospective database or an external data set from
clinical trials. Studies of high patient selection bias [25, 27]
failed to describe the study population in detail, including the
inclusion and exclusion criteria. All articles used an indepen-
dent validation set of images, from internal [21, 22, 26–28], in-
ternal-external [24] or external [20, 25] datasets (▶Table 1).

The risk of bias and applicability assessment outcomes for the
included studies are shown in ▶Table2 and Supplementary
Fig. 1.

Results of individual studies

Study characteristics for individual studies are provided in ▶Ta-
ble1. Key findings of individual studies are presented in ▶Ta-
ble3 and ▶Table4, including the reference standard, diagnos-
tic performance metrics and estimates of DTA and confidence
intervals, where available.

Synthesis: AI algorithms and clinical application

All but one study used a deep neural network (DNN) as the
backbone. The most commonly utilized DNN model was the
convolutional neural network (CNN). All studies used a retro-
spective data set of still images or video frames for training of
the AI algorithm. All studies included a separate validation or
hold-out test set for evaluation of the algorithm. There was sig-
nificant variation in the types of patient cohort from which the
training and validation images were extracted. All still images

Records identified from:
Databases (n = 2821):
 Medline All (n = 601)
 Embase (n = 1621)
 Emcare (n = 173)
 PsycINFO (n = 0)
 CINHAL (n = 304)
 Cochrane Library 
 (n = 122)
Registers (n = 6):
 Clinicaltrials.gov (n = 6) 

Records removed before
screening:
 Duplicate records
 removed (n = 851)
 Duplicate records based
 on excluded publication
 type: book chapters, 
 case reports, 
 comments, conference 
 abstracts and papers, 
 letters, notes (n = 947)

Records screened
(n = 1029)

Records excluded
(n = 993)

Reports sought for 
retrieval (n = 36)

Reports not retrieved
(n = 0)

Reports assessed for 
eligibility (n = 36)

Studies included in review (n = 9)
Reports of included studies (n = 9)

Reports excluded:
 Wrong study design
 (n = 21)
 Wrong intervention
 (n = 5)
 Clinical trial protocol
 (n = 1)

Identification of studies via databases 
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▶ Fig. 1 PRISMA flow diagram. Template from: Page MJ, McKenzie JE,
Bossuyt PM et al. The PRISMA 2020 statement: an updated guideline
for reporting systematic reviews. BMJ 2021; 372:n71
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▶Table 1 Study characteristics.

Author

year

Study

design

Dis-

ease

AI algo-

rithm

Application Training set

images/videos

Reference

standard

Validation

patients

Validation

images/videos

Video

Bhambh-
vani [20]
2021

Single
center,
retrospec-
tive

UC CNN (101
layer)

Grading MES Hyper-Kvasir
publicly avail-
able retrospec-
tive dataset
582

2 endos-
copists

NA 116 validation set,
79 hold-out test set

No

Gottlieb
[21]
2021

Multi cen-
ter, retro-
spective

UC Bidirection-
al RNN (5-
fold cross
validation)

Grading MES and
UCEIS, per colon
section

629 videos from
Phase 2 trial (5.9
million frames)

1 endos-
copist

157
Internal-ex-
ternal

157 videos (1.5
million frames)

Yes

Gutierrez
Becker
[22]
2021

Multi cen-
ter, retro-
spective

UC CNN (5-fold
cross vali-
dation)

Grading MES per
colon section

351 sigmoido-
scopy videos
(4371 frames)
from Phase 2
multicenter RCT

Central
reader(s)
for clinical
trials

1105
External
from Phase
3 multicen-
ter RCT

1672 sigmoidosco-
py videos (no. of
frames not report-
ed)
778 still images
from Hyper-Kvasir
publicly available
retrospective data-
set

Yes

Ozawa
[23]
2019

Single
center,
retrospec-
tive

UC CNN (22-
layers)

Predicting endo-
scopic disease ac-
tivity using MES
(0–1 vs 2–3)
Correlation be-
tween MES and
Matts histologic
grades

Retrospective
database of day
procedure clinic
26,304

2–3 endos-
copists

114
internal

3981 No

Stidham
[25]
2019

Single
center,
retrospec-
tive

UC CNN (10-
fold cross
validation)

Predicting endo-
scopic disease ac-
tivity using MES
(0–1 vs. 2–3)

16 514 2 endos-
copists, 3rd

reviewer for
discrepan-
cies

304 (inter-
nal still ima-
ges)
30 (internal
videos)

1652 still images
11 432 images
from videos

Yes

Takenaka
[19]
2020

Single
center,
prospec-
tive

UC Deep neural
network

Predicting UCEIS
and histologic re-
mission

40758 3 endos-
copists

875 internal 4187 No

Takenaka
[18]
2021

Single
center,
prospec-
tive

UC Deep neural
network

Predicting patient
prognosis

40758 3 endos-
copists

875
internal

4187 No

Yao [17]
2021

Single
center,
prospec-
tive

UC CNN (5-fold
cross vali-
dation)

Grading MES per
frame

51 videos (60
frames per sec-
ond)

2 local
endos-
copists for
training,
External
central re-
viewers for
validation

157
External
from Phase
2 multicen-
ter RCT

264
Videos (no. of
frames not report-
ed)

Yes

Kim[24]
2021

Single
center,
retrospec-
tive

Croh-
n’s

CNN Differentiating
Behçet’s disease
(BD), Crohn’s dis-
ease (CD), and
intestinal tubercu-
losis (ITB)

5, 237
(2271 BD, 1666
CD, 1300 ITB)

2 endos-
copists

697 internal
validation
set,
683 internal
test set

697 validation set
(286 BD, 244 CD,
167 ITB)
683 test set
(295 BD, 213 CD,
175 ITB)

No

CLE, confocal laser endomicroscopy; EC, endocytoscopyl LSTM, long short-term memory; MES, Mayo endoscopic subscore; NBI, narrow band imaging; RNN, recurrent
neural network; UC, ulcerative colitis; UCEIS, UC endoscopic index of severity; WLE, white light endoscopy.
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▶Table 2 Quality assessment of Diagnostic Accuracy Studies-2 risk of bias assessment.

Study Patient selection Index test Reference standard Flow and timing Rank

Bhambhvani et al. [20] Low Low Low Unclear 2

Gottlieb et al. [21] Low Low High Unclear 3

Gutierrez Becker et al. [22] High Low Unclear Low 3

Ozawa et al. [23] Low Low Low Low 1

Stidham et al. [25] Low Low Low Low 1

Takenaka et al. [19] Low Low Low Low 1

Takenaka et al. [18] Low Low Low Low 1

Yao et al. [17] Low Low Unclear High 3

Kim et al. [24] High Low High High 4

▶Table 3 Outcomes of artificial intelligence models for prediction of ulcerative colitis using Mayo Endoscopic Subscore.

Author

Year

QUA-

DAS-2

Rank

Comparison

group

Sensitiv-

ity (%,

95% CI)

Specifici-

ty (%,

95% CI)

PPV (%,

95% CI)

NPV (%,

95% CI)

Accuracy

(%)

AUROC (95% CI) Other

Ozawa
et al.
[23]
2019

1 Overall – – – – MES 0: 73
MES 1: 70
MES 2–3: 63

MES 0 vs 1–3: 0.86
(0.84–0.87)
MES 0–1 vs 2–3:
0.98 (0.97–0.98)

–

With vs with-
out topical
treatment

– – – – – MES 0 vs 1–3:
0.95 vs 0.91
MES 0–1 vs 2–3:
0.89 vs 0.96

Correlation
between
Matts grade
With topical
treatment
R =0.45,
P= 0.063
Without topi-
cal treatment
R =0.42,
P < 0.0001

Each location
of the color-
ectum

– – – – – MES 0 vs 1–3 –

Right colon 0.83

Left colon 0.83

Rectum 0.92

MES 0–1 vs 2–3

Right colon 0.99

Left colon 0.99

Rectum 0.94

Stid-
ham et
al. [25]
2019

1 MES 0–1 vs
MES 2–3,
images

83
(81–85)

96
(95–97)

86
(85–88)

0.94
(93–95)

MES 0: 89
MES 1: 52
MES 2: 70
MES 3: 74

0.970 (0.967–0.972) κ 0.84

MES 0–1 vs
MES 2–3,
video-based
images

– – 68
(67–69)

0.98
(97–99)

MES 0: 75
MES 1: 68
MES 2: 64
MES 3: 68

0.966 (0.963–0.969) κ 0.75
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▶Table 3 (Continuation)

Author

Year

QUA-

DAS-2

Rank

Comparison

group

Sensitiv-

ity (%,

95% CI)

Specifici-

ty (%,

95% CI)

PPV (%,

95% CI)

NPV (%,

95% CI)

Accuracy

(%)

AUROC (95% CI) Other

Bhamb-
hvani
[20]
2021

2 Overall/
Average

72 86 78 87 77 – –

MES 1 67 91 74 88 – 0.89 –

MES 2 86 68 78 80 – 0.86 –

MES 3 64 97 82 93 – 0.96 –

Gott-
lieb,
2020
[21]

3 MES 0 88
(82–93)

97
(94–99)

78
(71–84)

98
(96–100)

– 0.92 Endoscopic
healing 96%
(95% CI,
92–99%)
QWK
0.84 (95% CI,
0.79–0.90)

MES 1 65
(57–72)

92
(88–96)

73
(66–80)

88
(83–93)

– 0.78

MES 2 60
(53–68)

77
(70–84)

43
(35–51)

87
(82–92)

– 0.69

MES 3 74
(67–81)

95
(92–98)

91
(87–95)

84
(79–90)

– 0.85

Gutier-
rez
Becker,
2021
[22]

3 AI model
trained on
raw videos

– – – – – Raw videos
MCES≥1: 0.84
MCES≥2: 0.85
MCES≥3: 0.85
Still images
MCES≥2: 0.82
MCES≥3: 0.83

–

AI model
trained on
external da-
taset still
images

– – – – – Raw videos
MCES≥2: 0.72
MCES≥3: 0.77
Still images
MCES≥2: 0.85
MCES≥3: 0.91

–

Yao,
2021
[17]

3 Local valida-
tion set with
informative
image classi-
fier

– – – – 78 – κ 0.84 (95% CI,
0.75–0.92)

Local valida-
tion set with-
out informa-
tive image
classifer

– – – – 65 – κ 0.63 (95% CI,
0.52–0.89)

External vali-
dation set
with infor-
mative im-
age classifier

MES 0: 50
MES 1: 80
MES 2: 54
MES 3: 67

MES 0: 97
MES 1: 89
MES 2: 78
MES 3: 75

– – 57 MES 0: 0.95
MES 1: 0.89
MES 2: 0.68
MES 3: 0.71

κ 0.59 (95% CI,
0.46–0.71)

Segments
with a MES of
0 or 1

65
(54–75)

98
(94–99)

87
(76–94)

92
(89–95)

91 (88–94) – –

Per patient
assessment

86
(75–94)

93
(80–99)

94
(85–99)

83
(69–92)

89 (81–94) – –

AI, artificial intelligence; MES, Mayo endoscopic subscore; κ, Kappa co-efficient; -, not recorded.
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for model training were obtained retrospectively from single-
center endoscopy databases; all were tertiary institutions ex-
cept for one study [26] which was a day procedure center. Gu-
tierrez Becker et al. and Gottlieb et al. trained and tested their
models using frames from endoscopic videos obtained retro-
spectively from multicenter clinical trials [24, 25]. Bhambhvani
et al. [23] and Gutierrez Becker et al. [24] utilized images from
Hyper-Kvasir publicly available retrospective dataset of endos-
copy images for training and validation, respectively. Most
studies used expert gastroenterologists and/or pathologists as
the reference standard for training and validation of their AI al-
gorithms.

Eight studies assessed the use of AI in UC [20–26]. Seven of
these studies evaluated computer-assisted prediction of endo-
scopic and/or histologic disease activity [20, 22–26]. The endo-
scopic disease assessment tools used in the studies were the
MES and the UCEIS. Gottlieb et al. incorporated both scoring
systems for predicting endoscopic disease activity [24]. Take-
naka et al. used the UCEIS and all other studies used the MES
[21, 22]. Earlier studies by Stidham et al. and Ozawa et al. used
binary classification to distinguish endoscopic remission from
active disease by grouping the MES to 0–1 and 2–3 [26, 28]. Ta-
kenaka et al. also classified endoscopic remission, defined as a
UCEIS 0, versus any other disease activity (UCEIS≥1) [22]. Sub-
sequent studies graded individual subscores of the MES or
UCEIS. Two studies correlated endoscopic disease severity with
histology results as reference standard [22, 26].

Takenaka et al. performed a 1-year follow-up study of 875
patients who had comprised the validation cohort of their
DNN system, evaluating the association between endoscopic
remission predicted by their AI model and patient prognosis
[21]. Their results showed that endoscopic mucosal healing

predicted by a deep neural network algorithm is associated
with lower risks of hospitalization and colectomy.

There was one study on CNN algorithm involving colono-
scopic images of CD. Kim et al. evaluated a model for differen-
tiating endoscopic images of colonic CD from other conditions
that mimic CD, namely Bechet’s disease and intestinal tubercu-
losis [27]. This study scored high risks of bias in patient selec-
tion and reference standard.

Synthesis: Diagnostic accuracy

AI algorithms for prediction of endoscopic or histologic disease
activity in UC performed with an overall sensitivity and specifi-
city of 78% (median, range 72–83, IQR 5.5) and 91% (median,
range 86–96, IQR 5), respectively (▶Fig. 2). Sensitivity and spe-
cificity for individual subscores of MES and UCEIS showed high-
er values for disease remission (MES and UCEIS 0) and severe
disease (MES 3 and UCES>5), compared to moderate severity
scores. All models performed with excellent AUROC values.

In CD, the CNN by Kim et al. performed with moderate accu-
racy of 65% and AUROC between 0.785 to 0.859) in differen-
tiating colonoscopy images of the three diseases [27].

Discussion
AI in the form of deep learning is a rapidly evolving field of re-
search. Studies have shown promising results in computer-as-
sisted detection of gastrointestinal pathology and endoscopic
image classification. Our review summarizes the current litera-
ture on the use of AI-based systems in colonoscopic assessment
of IBD. The majority of available data is on prediction of endo-
scopic disease severity or mucosal healing in UC.

▶Table 4 Outcomes of artificial intelligence models for prediction of Ulcerative Colitis using Ulcerative Colitis Endoscopic Index of Severity.

Author

Year

QUADAS-2

Rank

Sensitivity

(%, 95% CI)

Specificity

(%, 95% CI)

PPV (%, 95% CI) NPV (%, 95% CI) Accuracy

(%, 95% CI)

AUROC

(%, 95% CI)

Takenaka
et al. [19]
2020

1 92 91 86 95 – –

Takenaka
et al. [18]
2021

1 Endoscopic re-
mission: 93 (92–
94)

Endoscopic re-
mission: 88 (87–
88)

Endoscopic re-
mission: 84 (83–
85)

Endoscopic re-
mission: 95 (94–
96)

Endoscopic re-
mission 90 (89–
91)

–

Histologic remis-
sion: 92 (91–93)

Histologic remis-
sion: 94 (93–94)

Histologic remis-
sion: 94 (93–95)

Histologic remis-
sion: 92 (91–93)

Histologic remis-
sion: 93 (92–94)

Gottlieb et
al. [21]
2021

3 UCEIS 0: 67
UCEIS 1: 60
UCEIS 2: 23
UCEIS 3: 27
UCEIS 4: 33
UCEIS 5: 82
UCEIS 6: 0
UCEIS 7: 0
UCEIS 8: 0

UCEIS 0: 98
UCEIS 1: 86
UCEIS 2: 91
UCEIS 3: 95
UCEIS 4: 84
UCEIS 5: 84
UCEIS 6: 97
UCEIS 7: 100
UCEIS 8: 100

UCEIS 0: 98
UCEIS 1: 92
UCEIS 2: 83
UCEIS 3: 87
UCEIS 4: 93
UCEIS 5: 93
UCEIS 6: 92
UCEIS 7: 99
UCEIS 8: 99

UCEIS 0: 67
UCEIS 1: 43
UCEIS 2: 38
UCEIS 3: 50
UCEIS 4: 17
UCEIS 5: 64
UCEIS 6: 0
UCEIS 7: 0
UCEIS 8: 0

– UCEIS 0: 0.885
UCEIS 1: 0.333
UCEIS 2: 0.417
UCEIS 3: 0.464
UCEIS 4: 0.492
UCEIS 5: 0.500
UCEIS 6: 0.500
UCEIS 7: 0.500
UCEIS 8: 0.500

AUROC, area under receiver operating characteristics curve; CI, confidence interval; NPV, negative predictive value; PP, positive predictive value; QWK, quadratic
weighted kappa; UCEIS, UC endoscopic index of severity; -, not recorded.
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All of the neural network algorithms reported good DTA,
suitable for a potential diagnostic test [20]. However, the diag-
nostic performance was variable depending on grades of dis-
ease severity. The highest DTA was reported for predicting se-
vere disease or complete endoscopic remission. The perform-
ance was poor for predicting or differentiating mild to moder-
ate endoscopic severity [24, 26]. As AI algorithms are trained
on endoscopic features annotated and demarcated by humans,
its output reflects shortcomings of the inputted dataset. The
interobserver agreement among gastroenterologists for mild
to moderate endoscopic severity has been reported to be poor
[5]. Current AI models have been predominantly trained on hu-
man reference standards without histologic correlation and
therefore reflect similar limitations to the gastroenterologists.

This review identified that risk of bias was high for reference
standards defining the “true” disease activity. Most studies
graded MES and UCEIS based on image assessment by internal
gastroenterologists and only included images where a consen-
sus score was reached. This may weaken the complexity of the
algorithm by excluding images that may train for subtle distinc-
tions between grades of disease severity. Studies using central
reading of clinical trial videos were limited by the use of average
scores assigned to the entire length of the video rather than in-
dividual frames [24, 25]. Images from patients with focal severe
disease such as distal colitis or proctitis may be inaccurately
graded because the severe disease makes up a relatively small
fraction of the overall video.

Current evidence is limited by retrospective data that
provided images for training and validation of the AI algo-

rithms. Characteristics of inputted images are a significant fac-
tor in determining the diagnostic performance of the AI algo-
rithm. The severity of disease would differ greatly between a
cohort enrolled in clinical trials of investigational drugs and
elective patients presenting to a day procedure center. CNN
model trained on single-center endoscopy database performed
with higher accuracy when validated on the internal cohort
compared to an external cohort from a phase 2 trial of an inves-
tigational oral therapy [20]. This reflects the limitation of a sin-
gle-center retrospective training dataset in achieving wide ap-
plicability. Training of the AI model in a prospective, multicen-
ter setting using images from a wide spectrum of disease activ-
ity and patients would be ideal in developing an accurate algo-
rithm reflective of real-life practice.

For these deep learning models to be translated into real-
time use, the first important step is the application of the mod-
el on real-time colonoscopic videos. The main challenge in ap-
plying AI to raw full-motion videos is identifying clinically infor-
mative frames. Differentiating disease activity from debris,
non-specific inflammation and interventional tissue damage
from biopsies is routine practice subconsciously performed by
the human endoscopist. However, this can be challenging for
computational interpretation. Informative image classifier as
demonstrated by Yao and colleagues may be useful in this re-
gard [22, 26, 28]. Improvement in speed would also be critical.
Twenty-five to 30 frames a second are already achieved in AI
models for colonic polyps [12].

Current data suggest that the clinical applicability of com-
puter-aided IBD colonoscopy is limited, despite potential ad-
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▶ Fig. 2 Sensitivity and specificity of AI algorithms on ulcerative colitis. a Overall results. b Average sensitivity and specificity per MES grade.
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vantages for its use in clinical trial settings. In clinical trial set-
tings, AI models can help reduce the time and interobserver
variability of central reading which requires time-intensive
training and video reviews. AI technology may also be benefi-
cial in standardizing the review processes for novel therapies.
In routine practice, however, the clinical significance and feasi-
bility of predictive models of disease severity are uncertain. The
clinical benefit may be higher in primary or secondary care set-
tings, for the general endoscopists with limited expertise in
endoscopic assessment of IBD. Utilizing AI may improve accura-
cy in discerning mild and moderate disease. However, this is un-
likely to lead to significant clinical sequelae.

There is perhaps a greater clinical need for computer-aided
models for the screening and detection of IBD-related dyspla-
sia. Colitis-associated dysplasia and neoplasia are often challen-
ging to detect with conflicting data on the efficacy of high-de-
finition white light endoscopy, chromoendoscopy and narrow
band imaging (NBI) [4]. Concurrent inflammation, scarring
and presence of inflammatory pseudopolyps are some of the
challenges in identifying dysplasia. All studies in current litera-
ture used white light endoscopy only. Endoscopic assessment
of disease severity does not rely heavily on the use of image en-
hanced endoscopy. However, NBI and dye-based chromoendos-
copy are frequently incorporated, particularly for dysplasia sur-
veillance. Future studies on AI models using advanced imaging
modalities and AI application in dysplasia detection would po-
tentially lead to significant clinical advantages. However, IBD-
related dysplasia presents with a significant variability in lesion
characteristics. The prevalence of endoscopically visible lesions
is also low and therefore, the development of a robust image
dataset for training of AI algorithms may be challenging. This
is an area of need for future research in AI application to IBD
endoscopy.

Tontini et al. recently published a systematic review on AI in
all endoscopic modalities for IBD using narrative synthesis [13].

Studies using novel endoscopic techniques such as confocal la-
ser endomicroscopy [29], endocytoscopy [30], monochromatic
light endoscopy [31] and red density system [32] were includ-
ed. Our systematic review is the first to focus on AI in IBD colo-
noscopy. In particular, we focused on studies using standard or
high-definition white light colonoscopy rather than novel ima-
ging techniques. This was to determine clinical applicability
and generalisability of AI in real-life settings. A notable advan-
tage of this review is that a quantitative synthesis was per-
formed, which provides objective interpretation of the litera-
ture. Furthermore, we prospectively registered the protocol in
PROSPERO (International Prospective Register of Systematic
Reviews) and accounted for risk of bias and applicability using
the QUADAS-2 tool.

A limitation of this review is that the DTA data were not
pooled in a meta-analysis. However, due to heterogeneity in
the presented data with some of the studies exhibiting high
risks of bias and missing data, meta-analysis was not feasible.
Therefore, the overall DTA needs to be considered within these
limitations. Current evidence is limited by non-randomized and
observational studies, with their potential for confounding and
selection biases. However, this review presents a comprehen-
sive and up-to-date summary of the available literature. Limita-
tions of the current AI models and potential strategies for im-
provement are summarized in ▶Table 5.

Conclusions
In conclusion, there has been a growing interest in the use of AI
in IBD endoscopy with most studies in current literature using
DNN to predict endoscopic disease severity in UC. The available
data supports that AI models may be a promising adjunct to IBD
endoscopy, particularly in prediction of disease severity. This
suggests that AI has significant potential for clinical application
in other critical components of IBD endoscopy such as dysplasia

▶Table 5 Summary of limitations of current evidence and potential strategies for improvement.

Limitations Suggested solutions Future outcomes

High interobserver variability for differentiating
mild and moderate disease

Prospective and multicenter image dataset from various clini-
cal settings (clinical trials, tertiary center, day procedures, pri-
mary care)
Inclusion of patients on all types of IBD treatments (topical, oral
5ASA, DMARDs and biologics)
Correlation of endoscopic disease activity with histologic ex-
amination

Wider clinical applicability of
AI algorithms

Algorithms are trained on images without imper-
fections such as debris, tissue damage from biop-
sies, poor focus

Prospective and multicenter image dataset with higher varia-
tion in the types of training images
Use of frames from raw full-motion videos

Application of informative im-
age classifier to raw full-mo-
tion videos
Improved real-life clinical ap-
plicability

NBI or dye-based chromoendoscopy images not
included

Prospective, multicenter study design
Use of NBI or dye-based chromoendoscopy images in the train-
ing, testing and validation
Broaden inclusion criteria to procedures for indications other
than disease assessment (e.g surveillance)

AI models on detection of IBD-
related dysplasia

AI, artificial intelligence; DMARDs, disease modifying anti-rheumatic drugs; IBD, inflammatory bowel disease; NBI, narrow band imaging; 5-ASA, 5-aminosalicylic acid.
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detection. Further studies in prospective and multicenter set-
tings with more diverse datasets are necessary to simulate
real-world practice and for AI to be routinely implemented in
clinical endoscopy of IBD.
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