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Abstract
Background: Helicobacter pylori plays a central role in the development of gastric cancer, and prediction of H pylori infection
by visual inspection of the gastric mucosa is an important function of endoscopy. However, there are currently no established
methods of optical diagnosis of H pylori infection using endoscopic images. Definitive diagnosis requires endoscopic biopsy.
Artificial intelligence (AI) has been increasingly adopted in clinical practice, especially for image recognition and classification.
Objective: This study aimed to evaluate the diagnostic test accuracy of AI for the prediction of H pylori infection using endoscopic
images.
Methods: Two independent evaluators searched core databases. The inclusion criteria included studies with endoscopic images
of H pylori infection and with application of AI for the prediction of H pylori infection presenting diagnostic performance.
Systematic review and diagnostic test accuracy meta-analysis were performed.
Results: Ultimately, 8 studies were identified. Pooled sensitivity, specificity, diagnostic odds ratio, and area under the curve of
AI for the prediction of H pylori infection were 0.87 (95% CI 0.72-0.94), 0.86 (95% CI 0.77-0.92), 40 (95% CI 15-112), and 0.92
(95% CI 0.90-0.94), respectively, in the 1719 patients (385 patients with H pylori infection vs 1334 controls). Meta-regression
showed methodological quality and included the number of patients in each study for the purpose of heterogeneity. There was
no evidence of publication bias. The accuracy of the AI algorithm reached 82% for discrimination between noninfected images
and posteradication images.
Conclusions: An AI algorithm is a reliable tool for endoscopic diagnosis of H pylori infection. The limitations of lacking
external validation performance and being conducted only in Asia should be overcome.
Trial Registration: PROSPERO CRD42020175957; https://www.crd.york.ac.uk/prospero/display_record.php?RecordID=175957
(J Med Internet Res 2020;22(9):e21983) doi: 10.2196/21983
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Introduction

Methods

More than half of the world’s population is infected with the
Helicobacter pylori bacteria [1], which is associated with various
disorders, such as gastritis, peptic ulcer, mucosa-associated
lymphoid tissue lymphoma, gastric adenocarcinoma, and
immune thrombocytopenic purpura [2,3]. The infection causes
chronic atrophic gastritis, intestinal metaplasia, dysplasia, and
gastric cancer in sequence [4]. The International Agency for
Research on Cancer has categorized H pylori as a group 1
carcinogen [5]. Elimination of this pathogen is considered the
most promising strategy for the prevention of gastric cancer
[6,7].

Ethics

An important aspect of endoscopy is the ability to predict H
pylori–induced gastritis by visual inspection of the gastric
mucosa to identify patients at high risk for gastric cancer.
Representative features of H pylori–induced gastritis have been
reported in the literature, including mucosal edema, atrophy,
diffuse erythema, enlargement of mucosal folds, or mucosal
nodularity [8,9]. The regular arrangement of collecting venules
and fundic gland polyps has been suggested as a predictive
marker of the H pylori–naïve stomach. Also, map-like redness
under white-light imaging (WLI) or a cracked pattern under
blue-laser imaging (BLI) have been suggested as features of a
posteradicated gastric mucosa [8,9].

Two independent evaluators (CSB and JJL) having published
23 systematic reviews and 11 PROSPERO protocols searched
PubMed, Embase, and the Cochrane Library using common
keywords relevant to H pylori infection and AI (inception to
March 2020). The abstracts of all identified studies were
reviewed to exclude irrelevant articles. Full-text reviews were
conducted to determine whether the inclusion criteria were
satisfied in all the studies. Bibliographies were also reviewed
to identify additional relevant articles. Disagreements between
the evaluators were resolved by consultation with a third
evaluator (GHB). The details are presented in Multimedia
Appendix 1.

These endoscopic features do not have objective indicators, and
there is the potential for interobserver or intraobserver variability
in the optical diagnosis of H pylori–infected mucosa [10].
Although expert endoscopists might reliably identify an H pylori
infection with meticulous visual inspection of the mucosa during
endoscopic examination, novice endoscopists require substantial
time to perform this task efficiently. Image-enhanced endoscopy
(IEE), such as narrow-band imaging (NBI), BLI, or linked color
imaging (LCI), with or without magnification, has been
developed. Previous studies have indicated increased diagnostic
accuracy of gastrointestinal neoplasms with the application of
these modalities during endoscopic examination [11,12]. This
also requires considerable training and prolonged procedure
time. There are no uniform features of H pylori infection in IEE
[12]. Therefore, there are currently no established methods of
optical endoscopic diagnosis of H pylori infection. Definitive
diagnosis continues to require endoscopic biopsy, which is
categorized as an invasive diagnostic test.

Selection Criteria

Artificial intelligence (AI) has been increasingly adopted in
clinical practice, especially for image recognition and
classification [13]. This technique has shown promising
diagnostic performance using endoscopic images, such as
detecting cancer or neoplastic lesions and classifying neoplastic
or nonneoplastic lesions in the gastrointestinal tract [14].
Application of AI in endoscopic examination is expected to be
useful. It can help detect H pylori infection in real time and
determine the optimum definitive test for H pylori infection.
There has been no diagnostic test accuracy meta-analysis of AI
for the prediction of H pylori infection using endoscopic images.
This study aimed to evaluate the diagnostic performance of AI
for the diagnosis of H pylori infection using endoscopic images.

http://www.jmir.org/2020/9/e21983/

XSL• FO
RenderX

This study adhered to the guidelines of the Preferred Reporting
Items for a Systematic Review and Meta-analysis of Diagnostic
Test Accuracy Studies (PRISMA-DTA) [15]. The protocol of
this study was registered at the International Prospective
Register
of
Systematic
Reviews
(PROSPERO)
[CRD42020175957] on March 2019 before initiating the study.
Approval of the institutional review board was exempted as
only anonymized data was collected from the literature.

Literature Searching Strategy

We included studies that met the following criteria: (1) studies
with endoscopic images of H pylori infection as a case group
and endoscopic images without H pylori infection as a negative
control group; (2) application of the AI algorithm for the
prediction of H pylori infection; (3) inclusion of diagnostic
performance indices of the AI algorithm, including sensitivity,
specificity, positive predictive value (PPV), negative predictive
value (NPV), positive likelihood ratio (PLR), negative likelihood
ratio (NLR), diagnostic odds ratio (DOR), or accuracy, which
enable an estimation of true positive (TP), false positive (FP),
false negative (FN), and true negative (TN) values for the
prediction of H pylori infection using endoscopic images; (4)
prospective or retrospective study design; (5) human adult
subjects; and (6) full-text publications written in English. The
exclusion criteria included (1) narrative reviews; (2) letters,
comments, editorials, or protocol studies; (3) guidelines; and
(4) systematic reviews and meta-analyses. Studies meeting at
least one of the exclusion criteria were excluded from the
analysis.

Methodological Quality
The Quality Assessment of Diagnostic Accuracy Studies–2
(QUADAS-2) tool was used to determine the methodological
quality of the included articles. This tool contains 4 domains:
patient selection, index test, reference standard, and flow and
timing [16]. Each domain was assessed in terms of high, low,
or unclear risk of bias, and the first 3 domains were also assessed
in terms of high, low, or unclear concerns regarding applicability
[16]. Review Manager version 5.3.3 (RevMan for Windows 7,
Nordic Cochrane Centre) was used to generate the summary
figure of the methodological quality evaluation. Data extraction,
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primary and modifier-based analyses, and statistical analysis
are described in Multimedia Appendix 2 [17-20].

Results
Identification of Relevant Studies
In total, 161 articles were identified by searching 3 electronic
databases. Among them, 59 were duplicate studies, and 75 were
excluded during the initial screening by reviewing titles and
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abstracts. Full texts of the remaining 27 articles were thoroughly
reviewed. Among these, 19 studies were excluded from the final
analysis due to the following reasons: narrative review (n=4),
incomplete data (n=14), and systematic review or meta-analysis
(n=1; the topic of this systematic review was the role of
nonmagnified endoscopy for the assessment of H pylori
infection) [8]. The remaining 8 studies [9,10,21-26] were
included in the final analysis. Figure 1 illustrates a flow diagram
showing the process used to identify the relevant articles.

Figure 1. Flow diagram of the identification of relevant studies.

Characteristics of the Included Studies
The included studies could be categorized by analysis based on
the number of enrolled patients [9,10,22,23,25,26] and number
of enrolled images [9,10,21,24]. Two studies [9,10] presented
both patient-based and image-based analyses. Enrolled studies
presented performance of the AI algorithm with test dataset
(internal validation), and there was no study that presented
external validation performance.
Among the 8 studies [9,10,21-26] included for the prediction
of H pylori infection using endoscopic images, we identified
1719 patients (385 patients with H pylori infection vs 1334
controls). Additionally, 2855 endoscopic images with H pylori
infection and 2287 control images including 514 posteradicated
images were identified.
Among the studies, 5 were retrospectively conducted
[9,10,21,22,25], and 3 [23,24,26] were prospectively conducted.
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All studies were conducted in Asia, and the age of the enrolled
population ranged from a mean of 48.6 years to a median of 64
years. Most studies [9,21-24,26] established the AI algorithm
based on the convolutional neural network (CNN), whereas 2
studies [10,25] established support vector machine (SVM)-based
algorithms. Most studies [9,21,22,24-26] used endoscopic
images with WLI, whereas a study by Yasuda et al [10] used
endoscopic images with LCI, and Nakashima et al [23] used
LCI and BLI images in addition to endoscopic images with
WLI. While most studies [9,10,21,22,24-26] presented the
performance of the AI algorithm as a single primary outcome,
one study [23] also presented a feature map, which implies
visualizing where established AI algorithms pay attention to
and indicate a region of interest.
These characteristics (modifiers) were evaluated as potential
sources of heterogeneity through the subgroup analysis and
meta-regression. Detailed characteristics of the studies are
presented in Table 1.
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Table 1. Clinical characteristics of the included studies.
Study,
Type of
format,
AIa
nationality

Type of endoscopy, Number of
diagnostic method of cases in test
Helicobacter pylori dataset
infection

Number of
Age of patients in test TPc
controls in test dataset; gender in padataset
tients in test dataset

FPd

FNe

TNf

Unit of analysis

Yasuda et Support
al [10],
vector
retrospec- machine
tive,
Japan

42 H pylori
LCIg; more than 2
patients
different tests in
each case (histology,
serum antibody,
stool antigen, urea
breath test)

63 controls
Median 64 years
38
(46 posteradi- (range 26-88); (61/44)
cation patients
and 17 uninfected patients)

9

4

54

Patientbased

—

—

—

210 H py315 control
—
lori–positive images (230
images
posteradication and 85
uninfected images)

161

70

49

245

Image-based

—

—

—

210 H py85 uninfected —
lori–positive images (H pyimages
lori–naïve)

161

9

49

76

Image-based
(infected vs
uninfected)

—

—

—

210 H py230 posteradi- —
lori–positive cation images
images

161

61

49

169

Image-based
(infected vs
after-eradication)

—

—

—

85 uninfected images

230 posteradi- —
cation images

76

61

9

169

Image-based
(uninfected
vs after-eradication)

1180 control
images
(whether
posteradication or uninfected images
is unknown)

2359

17

216

1163

Image-based

(M/Fb)

Zheng et CNNh
al [21],
retrospective, China

WLIi; histology with 2575 H pyimmunohistochem- lori–positive
images
istry (if negative,
urea breath test was
done)

Shichijo CNN
et al [9],
retrospective,
Japan

WLI; serum or urine 70 H py777 controls
—
antibody, stool anti- lori–positive (284 posteradigen, urea breath test patients
cation and 493
uninfected images)

44

47

26

730

Patientbased

—

—

—

59 H py477 uninfectlori–positive ed images (H
images
pylori–naïve)

—

44

12

15

465

Image-based
(infected vs
uninfected)

—

—

—

55 H py182 posteradi- —
lori–positive cation images
images

44

35

11

147

Image-based
(infected vs
after-eradication)

—

—

—

481 uninfect- 249 posteradi- —
ed images
cation images

465

102

16

147

Image-based
(uninfected
vs after-eradication)

Mean 48.6 years (SD
12.9); (220/232)

Nakashima CNN
et al [23],
prospective,
Japan

WLI; serum anti30 H pylori
body (H pylori IgG patients
≥10 U/mL was considered positive)

30 controls
—
(uninfected
patients; H pylori–naïve)

20

12

10

18

Patientbased

—

—

LCI

—

—

—

29

1

1

29

Patientbased

—

—

BLIj-bright

—

—

—

29

4

1

26

Patientbased
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Study,
Type of
format,
AIa
nationality

Type of endoscopy, Number of
diagnostic method of cases in test
Helicobacter pylori dataset
infection

Number of
Age of patients in test TPc
controls in test dataset; gender in padataset
tients in test dataset

Itoh et al
[24],
prospective,
Japan

WLI; serum anti15 H pybody (H pylori IgG lori–positive
≥10 U/mL was con- images
sidered positive)

15 control im- —
ages (uninfected patients; H
pylori–naïve)

Shichijo CNN
et al [22],
retrospective,
Japan

WLI; serum or urine 72 H pylori
antibody, stool anti- patients
gen, urea breath test

Huang et
al [25],
retrospective, Taiwan

CNN

Sequential forward
floating
selection
with
SVMk

Huang et
al [26],
prospective, Taiwan

a

Bang et al

Refined
feature selection
with neural network

FPd

FNe

TNf

Unit of analysis

2

2

13

Image-based

325 controls
mean 50.4 (SD 11.2), 64
(uninfected
(168/226)
patients; H pylori–naïve)

41

8

284

Patientbased

WLI; histology (3
130 H pylori
pairs of samples
patients
from the topographic
sites, including
antrum, body, and
cardia were obtained
in a uniform way)

106 controls
—
(whether
posteradication or uninfected patients
is unknown)

128

21

2

85

Patientbased

WLI; histology (3
41 H pylori
pairs of samples
patients
from the topographic
sites, including
antrum, body, and
cardia were obtained
in a uniform way)

33 controls
—
(whether
posteradication or uninfected patients
is unknown)

35

3

6

30

Patientbased

(M/Fb)
13

AI: artificial intelligence.

b

M/F: make/female.

c

TP: true positive.

d

FP: false positive.

e

FN: false negative.

f

TN: true negative.

g

LCI: linked color imaging.

h

CNN: convolutional neural network.

i

WLI: white-light imaging.

j

BLI: blue-laser imaging.

k

SVM: support vector machine.

Methodological Quality of the Studies
Among the 8 studies [9,10,21-26] in the final analysis, 6 studies
[9,10,21,22,25,26] showed low risk of bias, and 2 studies [23,24]
showed high risk of bias in patient selection.
In terms of the patient selection, 4 studies [9,10,21,22] used
multiple tests, including a biopsy, serology (serum anti–H pylori
IgG titer), stool antigen test, urine examination (urine anti–H
pylori IgG titer), or a urea breath test for the determination of
H pylori infection. Two studies [25,26] used only gastric biopsy;
however, 3 pairs of samples from the topographic sites,
including the antrum, body, and cardia were obtained in a
uniform way. The remaining 2 studies [23,24] used only
serology (serum anti–H pylori IgG titer) for the determination
of H pylori infection. Although a serology test is convenient
and widely used in Japan, local validation is essential to
determine the best cutoff values. A recent Cochrane review
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suggested that serology is less accurate for the diagnosis of H
pylori infection compared with the urea breath test [27].
For concerns regarding image selection, most studies
[9,10,21,22,25,26] did not limit the specific topographic area
of the endoscopic still images for enrollment in the study.
However, 2 studies [23,24] used still images limited to the lesser
curvature of the stomach. Considering that topographic
distribution and density of H pylori is different according to the
stage of gastritis, the results of these studies may include a risk
of bias.
Considering the commonly detected pitfalls in patient and image
selection described above, these 2 studies [23,24] were rated as
high risk in the patient selection domain in the risk of bias
evaluation.
Overall, studies [23,24] with high risk in at least 1 of the 7
domains were rated as low methodological quality in the
subgroup analysis (Figure 2).
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Figure 2. Quality Assessment of Diagnostic Accuracy Studies–2 for the assessment of the methodological qualities of all the enrolled studies. (+)
denotes low risk of bias, (?) denotes unclear risk of bias, (-) denotes high risk of bias.

Diagnostic Test Accuracy of Artificial Intelligence for
the Prediction of Helicobacter pylori Infection
Among the 6 studies [9,10,22,23,25,26] of patient-based
analysis, the sensitivity, specificity, PLR, NLR, DOR, and area
under the curve (AUC) with 95% CI of AI for the prediction of
H pylori infection were 0.87 (95% CI 0.72-0.94), 0.86 (95% CI
0.77-0.92), 6.2 (95% CI 3.8-10.1), 0.15 (95% CI 0.07-0.34), 40
(95% CI 15-112), and 0.92 (95% CI 0.90-0.94), respectively
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(Table 2, Figure 3). The SROC curve, with a 95% confidence
region and prediction region, is illustrated in Figure 4. To
investigate the clinical utility of AI, a Fagan nomogram was
generated. Assuming 50% prevalence of H pylori infection, the
Fagan nomogram shows that the posterior probability of H
pylori infection was 86% if the test was positive, and the
posterior probability of absence of H pylori infection was 13%
if the test was negative (Figure 5).
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Table 2. Summary of diagnostic test accuracy and subgroup analysis of the included studies with patient-based analysis.
Subgroup

Number
Sensitivity
of includ- (95% CI)
ed studies

Value of meta-analysis in 6
all included studies

Specificity
(95% CI)

PLRa

NLRb

DORc

AUCd

0.87 (0.72-0.94) 0.86 (0.77-0.92) 6.2 (3.810.1)

0.15 (0.07-0.34) 40 (15-112)

0.92 (0.90-0.94)

Methodological quality
of included studiese
High quality

5

0.89 (0.75-0.96) 0.88 (0.83-0.92) 7.7 (5.610.6)

0.12 (0.05-0.28) 64 (32-129)

0.94 (0.91-0.95)

Low quality

1

Null

Null

Null

≤100

4

0.90 (0.73-0.97) 0.88 (0.81-0.93) 7.6 (5.310.9)

0.11 (0.04-0.32) 68 (29-158)

0.94 (0.91-0.95)

<100

2

Null

Null

Null

Retrospective

4

0.90 (0.73-0.97) 0.88 (0.81-0.93) 7.6 (5.310.9)

0.11 (0.04-0.32) 68 (29-158)

0.94 (0.91-0.95)

Prospective

2

Null

Null

Null

After 2010

4

0.80 (0.64-0.90) 0.86 (0.73-0.93) 5.6 (2.811.3)

0.24 (0.13-0.45) 23 (8-72)

0.90 (0.87-0.92)

Before 2010

2

Null

Null

Null

Neural network–based

4

0.78 (0.64-0.87) 0.87 (0.74-0.94) 6.0 (2.713.0)

0.26 (0.15-0.44) 23 (7-73)

0.89 (0.86-0.91)

SVMg-based

2

Null

Null

Null

WLIh

5

0.86 (0.67-0.95) 0.86 (0.75-0.92) 6.1 (3.410.9)

0.16 (0.06-0.42) 37 (11-124)

0.92 (0.89-0.94)

LCIi

1

Null

Null

Null

Null

Null

Null

Total number of included patientse

Null

Null

Null

Format of study

Null

Null

Null

Published year

Null

Null

Null

Type of AIf

Null

Null

Null

Type of endoscopic image

Classifying performance 2
between Helicobacter
pylori–positive vs H pylori–naïve patients
a

Null

Null

0.82 (0.74-0.89) 0.85 (0.81-0.89) 3.5 (0.814.3)

Null

0.27 (0.05-1.41) 13 (0.8-229)

Null

PLR: positive likelihood ratio.

b

NLR: negative likelihood ratio.

c

DOR: diagnostic odds ratio.

d

AUC: area under the curve.

e

These modifiers were significant in the meta-regression analysis.

f

AI: artificial intelligence.

g

SVM: support vector machine.

h

WLI: white-light imaging.

i

LCI: linked color imaging.
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Figure 3. Forest plots of sensitivity and specificity of artificial intelligence algorithm for the prediction of Helicobacter pylori infection in endoscopic
images.

Figure 4. Summary receiver operating characteristic curve with 95% confidence region and prediction region for the prediction of Helicobacter pylori
infection in endoscopic images.
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Figure 5. Fagan normogram for the prediction of Helicobacter pylori infection in endoscopic images.

Among the 4 studies [9,10,21,24] of image-based analysis,
sensitivity, specificity, PLR, NLR, DOR, and AUC with 95%
CI of AI for the prediction of H pylori infection were 0.81 (95%
CI 0.68-0.90), 0.93 (95% CI 0.82-0.98), 12.3 (95% CI 3.8-39.2),
0.20 (95% CI 0.11-0.38), 61 (95% CI 11-322), and 0.93 (95%
CI 0.90-0.95), respectively (Table 3).
Only 2 studies [9,10] reported outcomes related to discrimination
between noninfected images and posteradication images.
Therefore, a meta-analysis was not possible. Pooled analysis
of the crude value of TP, FP, FN, and TN revealed that accuracy
of the AI algorithm reached 82.01% (857/1045).
Additionally, only 2 studies [9,10] reported outcomes regarding
discrimination between images showing H pylori infection and
posteradication images. Therefore, a meta-analysis was not
possible. However, pooled analysis of the crude value of TP,
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FP, FN, and TN revealed that accuracy of the AI algorithm
reached 77.0% (521/677).
Regarding comparison of the performance between AI and
endoscopists, only 2 studies presented outcomes [10,22]. In the
study by Yasuda et al [10], the diagnostic accuracy of an
SVM-based AI algorithm was superior to that of inexperienced
endoscopists. However, there was no significant difference
between experienced endoscopists and the AI algorithm [10].
The accuracy of a CNN-based AI algorithm reached 87.7% in
the study by Shichijo et al [22], while the accuracy achieved by
endoscopists was 82.4%. The difference was statistically
significant between the AI algorithm and endoscopists (5.3%,
95% CI 0.3-10.2) [22].
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Exploring Heterogeneity With Meta-Regression and
Subgroup Analysis
For the prediction of H pylori infection using endoscopic
images, the SROC curve was generated in the patient-based
studies. The shape of the curve was symmetric (Figure 4). We
observed a negative correlation coefficient between logit
transformed sensitivity and specificity (–0.22) and an
asymmetric parameter, β, with a nonsignificant P value (P=.29)
indicating no heterogeneity among the studies. However, the
95% prediction region in the SROC curve was wide, and the
methodological quality among the included studies (P<.001)
and total number of included patients (P=.03) were found to be
the source of heterogeneity in the joint model of meta-regression
(published year [P=.41], study format [P=.10], type of
endoscopic image [P=.92], and type of AI [P=.07]; Figure 6).
Subgroup analyses, based on the modifiers of heterogeneity,
showed higher AUCs or DORs in studies with a large population
of patients (≤100) or those demonstrating high methodological
quality (Table 2).
In terms of the image-based analysis, the overall number of
included studies was 4, and subgroup analysis was possible with
only 3 studies. Studies with CNN (vs SVM) and studies with
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WLI (vs LCI) showed higher AUCs or DORs (Table 3).
However, these modifiers (type of AI and type of endoscopic
imaging) were not a significant covariate in the meta-regression
analysis (total number of included patients [P=.06],
methodological quality [P=.68], published year [P=.78], study
format [P=.68], type of endoscopic image [P=.72], or type of
AI [P=.72]).
The enrolled studies included various types of control groups.
The fundamental question of this study was whether the AI
algorithm could differentiate endoscopic images between an H
pylori–positive and a naïve gastric mucosa. Table 1 shows the
types of control group included in each study. Two studies
clearly presented the classifying performance of an AI algorithm
discriminating H pylori–positive and H pylori–naïve in a
patient-based analysis, and there were 3 with image-based
analysis. Subgroup analysis was also performed and showed
slightly lower AUCs or DORs in patient-based or image-based
analysis (Table 2 and 3). However, this factor (studies with
clearly presented classifying performance data discriminating
H pylori–positive and H pylori–naïve group) was not a
significant modifier in the meta-regression analysis (P=.21 in
the patient-based analysis, and P=.10 in the image-based
analysis).
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Figure 6. Meta-regression for the reason of heterogeneity in the diagnostic test accuracy meta-analysis. nopt: number of patients.
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Table 3. Summary of diagnostic test accuracy and subgroup analysis of the included studies with image-based analysis.
Subgroup

Number Sensitivity (95%
of inCI)
cluded
studies

Specificity (95%
CI)

PLRa

NLRb

DORc

AUCd

Value of meta-analysis in all the included
(bivariate and

4

0.81 (0.68-0.90)

0.93 (0.82-0.98)

12.3 (3.8-39.2)

0.20 (0.11-0.38)

61 (11-322)

0.93 (0.90-0.95)

0.90 (0.89-0.91)

0.94 (0.93-0.95)

11.1 (1.6-76.2)

0.20 (0.08-0.52)

56 (5-591)

0.90 (0.71-0.99)

HSROCe method)
Value of meta-analysis in all the included
(Moses-Shapiro-Littenberg method)
Methodological
quality of included
studies
High quality

3

0.90 (0.87-0.91)

0.94 (0.93-0.95)

13.1 (1.4-124.5)

0.22 (0.08-0.62)

61 (4-919)

0.87 (0.43-0.99)

Low quality

1

Null

Null

Null

Null

Null

Null

≤100

3

0.90 (0.87-0.91)

0.94 (0.93-0.95)

13.1 (1.4-124.5)

0.22 (0.08-0.62)

61 (4-919)

0.87 (0.43-0.99)

<100

1

Null

Null

Null

Null

Null

Null

Retrospective

3

0.90 (0.87-0.91)

0.94 (0.93-0.95)

13.1 (1.4-124.5)

0.22 (0.08-0.62)

61 (4-919)

0.87 (0.43-0.99)

Prospective

1

Null

Null

Null

Null

Null

Null

After 2010

4

0.90 (0.89-0.91)

0.94 (0.93-0.95)

11.1 (1.6-76.2)

0.20 (0.08-0.52)

56 (5-591)

0.90 (0.71-0.99)

Before 2010

0

Total number of included patients

Format of study

Published year

Type of AIf
Neural network–based

3

0.91 (0.90-0.92)

0.97 (0.96-0.97)

16.8 (2.0-141.7)

0.17 (0.05-0.61)

98 (6-1640)

0.95 (0.75-0.99)

SVMg–based

1

Null

Null

Null

Null

Null

Null

WLIh

3

0.91 (0.90-0.92)

0.97 (0.96-0.97)

16.8 (2.0-141.7)

0.17 (0.05-0.61)

98 (6-1640)

0.95 (0.75-0.99)

LCIi

1

Null

Null

Null

Null

Null

Null

0.77 (0.71-0.82)

0.96 (0.94-0.98)

11.8 (3.7-38.3)

0.26 (0.21-0.32)

53 (17-161)

0.88 (0.79-0.96)

Type of endoscopic
image

Classifying perfor3
mance between Helicobacter pylori–positive vs H pylori–naïve
images
a

PLR: positive likelihood ratio.

b

NLR: negative likelihood ratio.

c

DOR: diagnostic odds ratio.

d

AUC: area under the curve.

e

HSROC: hierarchical summary receiver operating characteristic.

f

AI: artificial intelligence.

g

SVM: support vector machine.

h

WLI: white-light imaging.

i

LCI: linked color imaging.
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Publication Bias
Figure 7 shows the Deek funnel plot of studies of patient-based
analysis and Figure 8 shows the Deek funnel plot of studies of
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image-based analysis. The plot was grossly symmetrical with
respect to the regression line. The Deek funnel plot asymmetry
test showed no evidence of publication bias (P=.38 in the
patient-based analysis, and P=.27 in the image-based analysis).

Figure 7. Deek funnel plot for the studies of patient-based analysis.

Figure 8. Deek funnel plot for the studies of image-based analysis.
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Discussion
Principal Findings
This study presented the good performance of the AI algorithm
applied to endoscopic diagnosis of H pylori infection, indicating
that AI-assisted endoscopy is feasible in clinical practice.
Indeed, this approach might be characterized as a
computer-aided diagnosis, and the most important benefit
consists of the improvement in diagnostic accuracy of
conventional endoscopy with WLI [28]. Optical endoscopic
diagnosis has operator-dependent characteristics, and the
diagnostic process is completely subjective. However,
AI-assisted endoscopy could be helpful in providing a second
opinion and may help avoid operator dependency in diagnostic
endoscopy [28]. Currently, it is unclear how endoscopists would
react to a diagnosis made using AI (examples from the literature
include approval, a learning opportunity, or “presenting an
indolent attitude”) [28,29]. Therefore, a prospective study based
on the application of AI in clinical practice (more specifically,
in diagnostic endoscopy) is essential [30,31]. However,
providing robust answers using an AI algorithm irrespective of
the endoscopists’ inspection would be helpful to increase the
likelihood of identifying important findings in diagnostic
endoscopy. As endoscopic biopsy is an invasive procedure,
application of a highly accurate AI algorithm in endoscopic
examination may reduce the need for unnecessary biopsies in
a substantial proportion of patients.
Another important finding of this study is the robustness of the
diagnostic performance of the AI algorithm, irrespective of the
modifiers detected during the systematic review process.
Although studies based on a large population of patients
presenting high methodological quality demonstrated higher
diagnostic performance, this difference in diagnostic
performance was not substantial. Neither the type of AI, such
as CNN or SVM, nor the type of endoscopic images used, such
as WLI, LCI, or BLI, affected overall diagnostic performance.
Studies with patient-based analysis and image-based analysis
commonly presented a good performance of AI for the diagnosis
of H pylori infection (Tables 2 and 3).
AI is generally characterized as being of a black-box nature due
to the difficulty in explaining the determination of the AI
algorithm. The class activation map is a technique for visualizing
the locations to which established AI algorithms pay attention
and indicating a region of interest. This technique offers the
possibility of explaining the determination of the AI algorithm.
Although only one study [23] included in this systematic review
adopted this type of feature map with the AI algorithm, this
technique has now been widely adopted for the establishment
of the AI algorithm and could be useful for the work of
endoscopists, specifically for targeted biopsy in H pylori
detection.
In terms of the IEE, the ultimate goal of this technique would
be optical biopsy replacing invasive histologic examination
with the aid of discrete differentiation and enhancement of
surface mucosal features. Previous studies on the diagnosis of
H pylori infection with WLI showed low sensitivity and poor
interobserver agreement [11,32-34]. However, studies with IEE
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commonly showed increased diagnostic accuracy of
premalignant or malignant lesions during endoscopic
examination [11,12]. Previous studies with IEE also indicated
the usefulness of LCI for the diagnosis of H pylori infection
[35,36]. Although a recently published systematic review
concluded that currently no established uniform findings exist
for optical endoscopic diagnosis of H pylori infection [8], IEE
continues to have potential for the differentiation of H pylori
infection. The development of standardized validated indicators
is required. The additive effect of magnifying endoscopy in
NBI also showed promising results for the diagnosis of H pylori
infection [37,38]. Due to insufficient data on IEE for the
application of AI in this study, the real value of IEE with AI
could not be evaluated. Further studies using various types of
IEE with AI applications is essential.

Limitations
Although, this review rigorously investigated the diagnostic
accuracy of the AI algorithm for H pylori infection in
endoscopic images, our analysis has several inevitable
limitations originating from potential bias in each study. First,
the diagnostic performance of AI could have been exaggerated.
It is more likely that the endoscopic images in each included
study may have distinct features of H pylori infection and a
clear and focused view, leading to a selection bias [28]. Second,
the overfitting (modeling error that occurs when a certain
learning model is excessively tailored to the training dataset
and predictions are not well generalized to new datasets) of the
AI algorithm cannot be excluded [31]. The diagnostic
performance of the AI algorithms can only be valid for the
population under evaluation and depends on the prevalence of
target conditions for the selected population (so-called spectrum
bias or class imbalance). The best and only way to prove the
real performance of an AI algorithm is external (prospective)
validation using unused datasets for model development,
collected in a way that minimizes the spectrum bias [31].
However, there is no single study that adopted external
validation for the performance of an established AI algorithm
in this systematic review. Moreover, all the enrolled studies
were conducted at a single center, which limits the
generalization of the results. Third, there were little data
regarding posteradication images, thus increasing the difficulty
of the analysis of performance in the discrimination of
uninfected and posteradicated images of H pylori infection. In
real clinical practice, patients are not divided into only 2
categories of infected or noninfected patients. Indeed, there are
many posteradicated patients, and this aspect should be reflected
in the establishment of an AI algorithm. However, only 2 studies
considered this category and conducted a separate analysis
[9,10]. Because there were only 4 studies that conducted
multiple tests in enrolling H pylori–infected patients, there may
be a concern for selection bias. However, this factor is not
expected to affect the overall results because there is a high
probability of actual infection if any type of test is positive.
Moreover, this factor was reflected in the methodological
quality, and authors verified the effect of this bias through
additional meta-regression. All the included studies were
conducted in Asia, and no study confirmed the diagnostic
validity of AI using external validation. Since the age of the
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enrolled population ranged from a mean of 48.6 years to a
median of 64 years, excluding a younger population, further
studies are required to understand the real value of the
widespread use of this algorithm. Considering the high accuracy
and real-time diagnostic characteristics, the results of this study
indicate the clinical utility of using an AI algorithm as an
additive tool for the prediction of H pylori infection during
endoscopic procedures. It is highly likely that AI could replace
endoscopists’ diagnoses of H pylori infections as guessed by

Bang et al
visual inspection based on the evidence of this study. The real
potential would be elucidated through the clinical application
studies.

Conclusion
In conclusion, an AI algorithm can be considered a reliable tool
for endoscopic diagnosis of H pylori infection. The limitations
of lacking external validation performance and being conducted
only in Asia should be overcome.
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