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Abstract

Objective: The main aim of this study was to analyze the performance of different artificial intelligence (Al) models in
endoscopic colonic polyp detection and classification and compare them with doctors with different experience.

Methods: We searched the studies on Colonoscopy, Colonic Polyps, Artificial Intelligence, Machine Learning, and
Deep Learning published before May 2020 in PubMed, EMBASE, Cochrane, and the citation index of the conference
proceedings. The quality of studies was assessed using the QUADAS-2 table of diagnostic test quality evaluation crite-
ria. The random-effects model was calculated using Meta-DISC 1.4 and RevMan 5.3.

Results: A total of 16 studies were included for meta-analysis. Only one study (1/16) presented externally validated
results. The area under the curve (AUC) of Al group, expert group and non-expert group for detection and clas-
sification of colonic polyps were 0.940, 0.918, and 0.871, respectively. Al group had slightly lower pooled specificity
than the expert group (79% vs. 86%, P < 0.05), but the pooled sensitivity was higher than the expert group (88% vs.
80%, P < 0.05). While the non-experts had less pooled specificity in polyp recognition than the experts (81% vs. 86%,
P<0.05), and higher pooled sensitivity than the experts (85% vs. 80%, P < 0.05).

Conclusion: The performance of Al in polyp detection and classification is similar to that of human experts, with high
sensitivity and moderate specificity. Different tasks may have an impact on the performance of deep learning models
and human experts, especially in terms of sensitivity and specificity.
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Introduction

Colorectal cancer (CRC) is one of the most common
malignant tumors in the world and the fourth leading
cause of cancer death [1]. Most colorectal cancers are
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adenocarcinomas that develop from adenomatous polyps
[2]. Colonoscopy is the gold standard for screening CRC
[3]. Adenoma detection rate (ADR) is the quality index of
colonoscopy [4], which is closely related to the prognosis
of colon cancer. When ADR increased by 1.0%, the inci-
dence of colorectal cancer decreased by 3.0% [5, 6]. There
are two factors that affect ADR: one is visual blindness,
and the other is human error. The research results of Ana
Ignjatovic et al. [7] showed that doctors with different
experience had significant differences in the accuracy of
polyp identification (P<0.001). Blind areas of visual field
can be solved through the upgrading of instruments [4],
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while human errors depend on the proficiency of endo-
scopic surgeons in operating skills. Studies showed that
22-28% of patients who undergo colonoscopies had
missed diagnosis of polyps [8, 9], which may lead to
advanced diagnosis of colon cancer. How to detect pol-
yps early and classify them accurately is the key to reduce
colorectal cancer [10].

Artificial intelligence (Al), a general term for computer
programs that simulate human cognitive functions such
as learning and problem solving, shows a more stable
ability to diagnose micro-adenomatous polyps [11, 12],
including traditional machine learning (ML) and deep
learning (DL) [13]. Therefore, artificial intelligence may
be a solution to reduce the rate of missed diagnosis of
polyps and improve the ability of detection [14]. ML uses
specific characteristics, such as polyp size, shape, and
mucosal patterns, to build descriptive or predictive mod-
els [15]. However, these feature patterns, such as edge
shape and context information, are often similar in the
normal structure of polyp and polyp-like, which reduces
the model performance for detection [14]. DL is a net-
work model based on the structure of human brain neu-
ral system, especially convolution neural network (CNN).
It relies on convolution kernel to extract features from
image. Through weight sharing and extraction of local
features and semantic information, CNN can reduce the
error between predicted values and actual results, which
may be some reasons for good performance of CNN in
detection and classification [15]. In the Medical Image
Computing and Computer Assisted Intervention Soci-
ety (MICCAI) 2015 polyp detection challenge, the per-
formance of the CNN-based method was better than
manual features-based method [16]. Several studies have
proved the feasibility of using artificial intelligence to
classify colorectal polyps, and exciting results have been
obtained [11, 17-20]. Ana Ignjatovic et al. [7] showed
that with the assistance of Al the accuracy of doctors at
all stages had been significantly improved (P <0.001).

Studies have shown that Al is different from human
doctors in the diagnosis of colon polyps, depending on
the experience level of human doctors. Gross et al. [17]
compared the diagnostic performance of 2 experts, 2
non-experts, and a computer-based algorithm for polyp
classification. The results showed that the sensitiv-
ity (93.4%, 95.0% vs. 86.0%, P<0.001), accuracy (92.7%,
93.1% vs. 86.8%, P<0.001) and negative predictive val-
ues (90.5%, 92.4% vs. 81.1%, P<0.001) of expert group
and Al were significantly better than those of non-
expert group. Chen et al. [21] compared the accuracy
of the diminutive polyp classification of humans with
Al The results showed that the diagnostic performance
of Al (NPV>90%) met the “leave in situ” criteria pro-
posed by the Preservation and Incorporation of Valuable
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Endoscopic Innovations (PIVI) initiatives, however, the
diagnostic abilities of non-experts (NPV <90%) were not
satisfactory. At the same time, the speed of AI diagnosis
is significantly faster than that of experts and non-experts
(P<0.001). Misawa et al. [22] compared the diagnostic
ability of Al four experts, and three non-experts. The
result showed that overall diagnostic accuracy of Al was
higher than that of non-experts (87.8 vs. 63.4%; P=0.01),
but similar to experts (87.8 vs. 84.2%; P=0.76), however,
Al (94.3%) was superior to both human experts (85.6%,
P=0.006) and non-experts (61.5%, P<0.001) in the
direction of sensitivity.

Although AI can generally reach the level of human
experts, in different studies, the diagnostic performance
of AI varies greatly from that of doctors with differ-
ent experience. At the same time, there were few review
studies on the diagnosis of colon polyps between Al and
human endoscopic doctors. Therefore, it is necessary to
analyze them, so as to better guide the application of Al
in clinical practice. The main purpose of this study is to
analyze the performance of different AI models in endo-
scopic colonic polyp detection and classification and to
compare them with doctors with different experience.

Material and method

Literature search

In this analysis, PubMed, EMBASE, Cochrane, and con-
ference proceedings citation index were searched. The
literature retrieval time was up to May 2020, and the
language was limited to English. We used “Colonos-
copy’, “Colonic Polyps’, “Artificial Intelligence’, “Machine
Learning’, “Deep Learning’, “Neural Networks’, “com-
puter-assisted” as the retrieval theme word. A manual
search is conducted for the bibliography, citations, and
related articles included in the study to search for any

other relevant articles that may be missing.

Inclusion and exclusion criteria

The inclusion criteria for relevant studies were as follows:
(1) Research on artificial intelligence in colonic polyp
detection/diagnosis. (2) document provides the detailed
data to construct diagnose 2 * 2 contingency table. Stud-
ies were excluded if duplicate articles or if they were
meeting abstracts, reviews, comments, case reports or
descriptive studies.

Data selection and extraction

The two evaluators, (LMD, HHT), independently
screened the literature according to the inclusion and
exclusion criteria and extracted the data included in
the literature. If there was a disagreement, it would be
decided by discussion. The relevant inclusion and exclu-
sion criteria for each included studies were showed in
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Table 2. According to the results of the included stud-
ies, we extracted binary diagnostic data (including true
positive (TP), false positive (FP), true negative (TN)
and false negative (FN)) under corresponding report
thresholds and confusion matrix. If the same research
contains more than one contingency table, pooled data
of each table were used for comparison of results [17].
The following data were also extracted from each study:
Author name, title, year of publication, country, sam-
ple size, type of Al number of endoscopic physicians,
and external validation. These data are summarized
in Tables 1 and 3. According to the included studies,
here, the expert is defined as a gastroenterologist with
4-8 years or more on experience performing colonos-
copy or 200—1000 colonoscopies, and novice is defined
as a gastroenterologist with 0—4 years or less of experi-
ence performing colonoscopy or 0-200 colonoscopies
[7, 21, 23, 24].

Table 1 Characteristics and results of the eligible studies
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Quality assessment

The quality grading of the literature was determined by
the Quality Assessment of Diagnostic Accuracy Studies
(QUADAS-2) guidelines. The QUADAS-2 includes four
parts regarding patient selection, index test, reference
standard and flow and timing of risk of bias. The risk of
bias was classified as ‘low; ‘high’ or ‘unclear’ [25, 26]. The
evaluation was conducted by two reviewers (LMD, HHT)
independently, and the evaluation nonconforming was
decided by discussion.

Statistical analysis

We examined the heterogeneity of the included lit-
erature. Heterogeneity among the studies included in
the meta-analysis was assessed using Cochran’s Q test.
Random effects model using Der Simonian and Laird
method was considered when heterogeneity was found
[27]. Furthermore, we calculated the pooled sensitivity
(Sgn)» specificity (Spg) and 95% confidence interval (CI)

Author Years Main purpose Model type Image modality;  Train set Test set Different External
magnified (if any) seniority; validation
endoscopists
Halligan [24] 2006 Detection CAD CT colonography 239 patients 110 patients  No; 10 experts No
Petrick [38] 2008 Detection CAD system CT colonography uc uc No; 4 experts No
Tischendorf [39] 2010 Classification  Linear NBI; x 100 ucC uc No; 2 experts No
classifier » K-NN*
v SYM*
Ignjatovic [7] 2011  Classification ucC NBI ucC 30 polyps Yes; 2 experts, 1 No
novice
Gross [17] 2011 Classification SVM NBI; x 150 NA 434 polyps  Yes; 2 experts, 2 No
novices
Mang [40] 2012  Detection CTC CAD system CT colonography uc uc No; 0 No
Mesejo [23] 2016  Classification RF* ~ RS* v SVM WL, NBI uc ucC Yes; 1 expert, 1 No
novice
Mori [41] 2018 Classification SVM NBI, methylene ucC Ve No; 0 No
blue staining; x 520
Renner [42] 2018 Classification ~ CNN* WL, NBl@@@With- 602 images 186 images  No; 8 experts No
out magnification
Chen [21] 2018 Classification DNN-CAD* NBI; @@@Optical 2157 images 284 images  Yes; 2 experts, 4 No
maximum magni- novices
fication
Shin [43] 2018 Detection SVM uc uc uc No; 0 No
Byrne [11] 2019  Classification CNN NBI 223 videos, 125 videos  No; 0 No
@@@60,089
images
Cristina [44] 2019  Classification SVM WL, NBl: @@@With- UC ucC No; 2 experts No
out magnification
Zachariah [35] 2020 Classification CNN WL, NBI 5278 images 634 images No; 0 Yes
Shahidi [45] 2020 Classification ~ CNN WL, NBI, near-focus  UC ucC No; 0 No
Qadir [14] 2020 Detection Faster R-CNN uc uc uc No; 0 No

CT colonography, computed tomographic colonography; NBI, narrow-band imaging; WL, white light; CAD, computer-aided diagnosis; K-NN, k-nearest neighbor; RF,
random forests; RS, random subspaces; SVM, support vector machine; CNN, convolutional neural network; DNN-CAD, computer-aided diagnosis with a deep neural

network; UC, unclear
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of each study. Then, we plot the summary receiver oper-
ating characteristic curve (sROC), and calculate the area
under the curve (AUC). The 95% CI of the sensitivity and
specificity were compared between different subgroups.
Non-overlapping 95% Cls between 2 subgroups were
used to define statistically significant difference (P <0.05)
[12]. Statistical analysis was performed using Meta-Disc
(version 1.4, http://www.hrc.es/investigacion/metadisc.
html) and Review Manager (Version 5.3. Copenhagen:
The Nordic Cochrane Centre, The Cochrane Collabora-
tion, 2014).

Result

Description of the studies included

A total of 1354 literatures were retrieved, including Pub-
Med (n=149), Embase (n=1155) and Cochrane (n=51).
Among them, 63 duplicates, 67 reviews and 150 case
reports were excluded, and 1033 studies that conform to
the exclusion criteria were excluded. A total of 42 studies
were included for literature quality assessment, and 26 of
them were excluded due to lack of partial data. 16 articles
were included for meta-analysis (Fig. 1).

In 16 articles, the main purpose of the five stud-
ies (31.25%, 5/16) were the polyp detection, and the
image types used were mainly computed tomographic
(CT) colonography. The other eleven studies (68.75%,
11/16) were mainly aimed at polyp classification, and
the modalities used were narrow-band imaging (NBI),

1355 records identified, including:
149 from Pubmed
1155 from Embase
51 from Cochrane

—’| 63 duplicates removed |

| 1292 studise |

—’| 67 studies excluded due to review |

| 1225 studise |

—’I 150 studies excluded due to case report I

| 1075 studise |

—’| 1033 excluded |

| 42 studies included in qualitative synthesis I

26 studies excluded due to insufficient
information to allow contingency
table extraction

16 studies included in meta-analysis

Fig. 1 Workflow of study selection
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white light (WL) and methylene blue staining. Nine
studies (56.25%, 9/16) compared the performance of
Al with that of human doctors for polyp detection and
classification. Among them, four studies (25.00%, 4/16)
additionally compared the performance of doctors with
different experiences for polyp classification. Only one
study (6.25%, 1/16) presented externally validated results
(External validation refers to independent data that is
not used for model development but is used to evaluate
model performance).

Study characteristics

The studies were published between 2006 and 2020. All
16 studies reported the performance of AI model in diag-
nosing colon polyps, among them, 9 studies also com-
pared the diagnostic performance of Al and endoscopic
experts, and 4 studies compared the diagnostic perfor-
mance of doctors with different seniority. Table 1 shows
the detailed characteristics of the eligible studies. Table 2
shows the relevant inclusion and exclusion criteria for
each included study. Table 3 shows detailed data on the
performance of Al and/or humans in the diagnosis of
polyps in each study.

Quality assessment

Study quality was assessed using QUADAS-2. Risk of
bias and applicability concerns graph shows the authors’
ratings of risk of bias and applicability concerns for
each study (Fig. 2). For instance, data from some studies
lacked detailed clinical information and the risk of bias in
patient selection was rated as "unclear” or "high risk”

Diagnostic performance of Al/humans

A total of 16 studies used Al for polyp identification and
diagnosis, and random effects models were used to esti-
mate the effects. The pooled Sgy and pooled Sy of Al
in the diagnosis of polyps were 88% (95% CI 0.87—-0.88)
and 79% (95% CI 0.78-0.80), respectively (Fig. 3A, B).
Figure 4A showed the sSROC of Al for colon polyp detec-
tion and classification and the corresponding AUC was
0.940, and the Q index was estimated to be 0.877, indicat-
ing the excellent performance of Al in the detection and
diagnosis of polyps. Spearman coefficient was —0.282
(P=0.289).

For the performance of endoscopic experts in polyp
detection and diagnosis, a total of 9 studies included
relevant data. The effects were estimated using the
random effects model, with the pooled Sgy and pooled
Spe of 80% (95% CI 0.78-0.81) and 86% (95% CI 0.84—
0.87) respectively (Fig. 3C, D). Figure 4B showed the
sROC of experts for colon polyp detection and clas-
sification and the corresponding AUC was 0.918, and
Q index was 0.852. Spearman coefficient was 0.050
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Table 3 Results of Al/human in diagnosis of polyps

Author Years Model type Al or human TP FP FN TN
Halligan [24] 2006 CAD Al 330 55 270 415
Petrick [38] 2008 CAD system Al 51 44 33 112
Tischendorf [39] 2010 Linear classifier ~ k-NN ~» SVYM Al 305 42 15 56
Ignjatovic [7] 2011 NA Al 274 49 41 266
Gross [17] 2011 SVM Al 358 28 20 283
Mang [40] 2012 CTC CAD system Al 580 44 44 212
Mesejo [23] 2016 RF > RS~ SVM Al 52 5 3 16
Mori [41] 2018 SVM Al 2146 142 164 1272
Renner [42] 2018 CNN Al 110 42 7 97
Chen [21] 2018 DNN-CAD Al 181 21 7 75
Shin [43] 2018 SYM Al 188 8 7 163
Byrne [11] 2019 CNN Al 65 7 1 33
Cristina [44] 2019 SVM Al 174 15 18 118
Zachariah [35] 2020 CNN Al 6443 434 294 3971
Shahidi [45] 2020 CNN Al 409 168 49 18
Qadir [14] 2020 Faster R-CNN Al 8171 1166 1854 1347
Halligan [24] 2006 CAD Expert 239 27 361 443
Petrick [38] 2008 CAD system Expert 38 23 46 133
Tischendorf [39] 2010 Linear classifier » k-NN » SVM Expert 305 21 15 77
Ignjatovic [7] 2011 NA Expert 172 82 38 128
Ignjatovic [7] 2011 NA Novice 70 44 35 61
Gross [17] 2011 SVM Expert 699 46 57 576
Gross [17] 2011 SVM Novice 632 69 124 553
Mesejo [23] 2016 RF ~» RS » SVM Expert 46.2 6.7 8.7 14.2
Mesejo [23] 2016 RF ~ RS » SYM Novice 493 10 57 11
Renner [42] 2018 CNN Expert 188 46 36 216
Chen [21] 2018 DNN-CAD Expert 367 55 9 137
Chen [21] 2018 DNN-CAD Novice 671 95 81 289
Cristina [44] 2019 SVM Expert 187 5 5 128

TP, true positive; FP, false positive; FN, false negative; TN, true negative; CAD, computer-aided diagnosis; K-NN, k-nearest neighbor; RF, random forests; RS, random
subspaces; SVM, support vector machine; CNN, convolutional neural network; DNN-CAD, computer-aided diagnosis with a deep neural network

(P=0.898). Four of the studies included the diagnosis
of polyps by doctors with less experience, with pooled
Sgx and pooled Spp of 85% (95% CI 0.83-0.87) and 81%
(95% CI 0.78-0.83), respectively (Fig. 3E, F). Figure 4C
showed the sSROC of non-experts for colon polyp clas-
sification and the corresponding AUC and Q indexes
were 0.871 and 0.802, respectively. Spearman coeffi-
cient was 0.400 (P =0.600).

Threshold effect is due to studies published in differ-
ent date and using different thresholds to define posi-
tive or negative, which results in the difference in Sgy,
Spg or likelihood ratio between the studies. Thresh-
old effect is one of the main causes of heterogeneity
in experimental studies [28]. In this study, Spearman
rank correlation coefficients were —0.175 (P=0.364),
indicating no threshold effect.

Compare traditional machine learning with deep learning
In this study, we also try to explore the comparison
between traditional ML methods (such as Random for-
ests model (RF), support vector machine (SVM), linear
classifier, K neighbor, etc.) and DL (such as CNN) in
the detection and classification of colonic polyps. Using
meta-regression, the result shows that there is no signifi-
cant difference between traditional machine learning and
deep learning (P=0.7989).

Discussion

ADR of colon polyps is very important for the early diag-
nosis of colorectal cancer. Automatic detection of polyps
based on colonoscopy can significantly increase the ADR,
improve the detection rate of hyperplastic polyps, and
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Fig. 2 Quality Assessment of Diagnostic Accuracy Studies
(QUADAS-2) risk of bias assessment. Review authors'judgements
about each domain across included studies. Each row represents
each included study. The columns consists of bias risks and
applicability concerns. Red indicates high risk, yellow indicates
unclear, and green indicates low risk

reduce the rate of missed detection [29]. Artificial intelli-
gence assisted systems are expected to improve the qual-
ity of automated polyp detection and classification [30].
It is only a matter of time before Al is used in the field of
gastrointestinal endoscopy [15]. Liu et al. [31] conducted
a meta-analysis of 82 studies on the comparison between
deep learning and medical professionals, showing that Al
has the same Spy and Spp as human beings.

The AUC under the sROC is an indicator to measure
the reliability of the diagnostic method. The closer the
AUC is to 1, the better the diagnostic effect is. In this
study, the AUC of Al in polyp detection and classifica-
tion was 0.940 (Fig. 4A), the AUC of the expert group and
the non-expert group in polyp detection and classifica-
tion were 0.918 and 0.871 (Fig. 4B, C), respectively. It can
be seen that the performance of Al was similar to that of
human experts, and higher than that of novice doctors.
Lui et al. [12] conducted a systematic review of 18 studies
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comparing Al with human physicians in examining colon
polyps. Their results showed that there was no signifi-
cant difference in performance between the Al and the
endoscopists, but the performance of Al was significantly
better than that of the non-specialist endoscopists, which
was similar to our conclusion. Based on the results of this
study, we speculate that AI may could improve the per-
formance of young doctors for detection and classifica-
tion of colonic polyps. Some studies have found similar
results [21, 32], however, it is still not clear how expertise
is best transferred to community gastroenterologists and
to trainees [7].

The pooled Spys of Al, expert and non-expert were
88% (95% CI 87-88%), 80% (95% CI 78—81%), 85% (83—
87%), respectively. Meanwhile, the pooled Spps of Al
expert and non-expert were 79% (95% CI 78-80%), 86%
(95% CI 84-87%), 81% (78-83%), respectively. From
the research results, the AI group had slightly lower Sy
than the expert group (79% vs. 86%, P<0.05), although
the Spy was higher than the expert group (88% vs. 80%,
P<0.05). The high Sy of AI may suggest that in endo-
scopic screening, Al can better assist endoscopists in
the discovery of polyps, improve ADR, and thus reduce
the incidence and mortality of CRC. Interestingly, while
the non-experts had less pooled Sy in polyp recognition
than the experts (81% vs. 86%, P<0.05), they had higher
pooled Spy than the experts (85% vs. 80%, P<0.05). We
speculate that the reason for this phenomenon may be
that when faced with some suspicious lesions, doctors
with junior experience often do not have enough confi-
dence to make judgments, so they uniformly judge them
as polyps, resulting in high Sy and low Spp. Of course,
since only four of the included studies had data on junior
physicians, care should be taken when interpreting these
data.

Further, we performed a subgroup analysis of the
included 16 papers according to the primary study task.
The results revealed a relatively high specificity and low
sensitivity in the studies with the primary aim of polyp
detection (Figs. 3A-D, 4A, B). From the analysis of the
results, we speculate that there may be several rea-
sons for this phenomenon. First, since only 5 of the 16
included studies were on the task of polyp detection,
there may be a case of data bias. Second, polyp detection
and polyp classification are different tasks, resulting in
different performance of the models. For the classifica-
tion task, the model only needs to output the probability
distribution of the category corresponding to the current
overall image. While for the detection task, the model
needs to output each polyp location and its classifica-
tion probability for the whole image, which is a difficult
challenge especially for the case where multiple polyps
exist in a single image. Third, there are various polyp-like
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Fig. 3 Forest plot of the sensitivity and specificity of Al and endoscopists in colon polyp detection and classification. A and B show the pooled
sensitivity and specificity of Al for detection and classification of polyps. C and D show the pooled sensitivity and specificity of experts for detection
and classification of polyps. E and F show the pooled sensitivity and specificity of non-experts for classification of polyps. The blue circle indicates
that the main purpose of the article is the detection of colonic polyps, and the red circle indicates that the main purpose of the article is the
classification of colonic polyps. The blue line in the figure shows the 95% confidence interval. The red star symbol represents pooled sensitivity and
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structures in the colon, and the size, color, shape and
texture of polyps vary greatly between categories, mak-
ing it very difficult to automatically detect polyps and
sometimes miss the same polyps that appear in adjacent
frames [14].

Different sensitivities and specificities can be obtained
by setting corresponding thresholds according to the
probability values output by the AI model in a particu-
lar task. The design of Al for colon polyp screening
requires high sensitivity in primary care. In addition, a

(See figure on next page.)

Fig. 4 The summary receiver operating characteristic curve (sROC) for Al, expert and non-expert groups. A The sROC of Al for colon polyp
detection and classification. B The sSROC of experts for colon polyp detection and classification. C The sSROC of non-experts for colon polyp
classification. The blue circle indicates that the main purpose of the article is the detection of colonic polyps, and the red circle indicates that the
main purpose of the article is the classification of colonic polyps. The size of the circle is proportionate to the number of patients enrolled for each

study. AUC, area under the curve
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highly specific Al-assisted diagnostic system can also
be designed for final diagnosis in secondary care. Our
results show that Al can achieve higher sensitivity than
humans while maintaining similar specificity, indicating
the effectiveness advantage of Al, especially for primary
care medical tasks such as colon polyp screening.

The results show that there is no significant difference
between traditional machine learning and deep learning
(P=0.7989), which should be interpreted with caution
due to the limitations of the included studies and their
data. DL approaches differ significantly from traditional
ML approaches in that they can extract features from
raw data and learn them instead of using manual features
based on feature engineering [33], which performs well
in many tasks, including data denoising, target detection
and classification [34].

Among the retrieved literatures, only one study [35]
was externally validated, while the rest were internally
validated only, which tended to lead to an optimistic
evaluation of the model performance. Liu et al. [31] com-
pared 82 studies on medical Al and found that only a few
studies (25/82) provided external validation data, which
is also similar to ours results. The model may have good
performance in the internal data set, but it does not per-
form well in the new data set, and the generalization abil-
ity of the model is poor, which is not conducive to the
universality of the model. In order to evaluate the per-
formance of the prediction model more accurately, it is
necessary to develop a new reporting standards on deep
learning [36].

CNN is a deep neural network structure for image
recognition, which has a very excellent ability [37]. Cur-
rently, most Al models, limited by hardware and data
sets, are based on static images for lesion recognition.
Of the included studies, only one used video training.
Even though some studies claim to be able to detect in
real time, they are based on the detection time of a single
frame image, and can realize real-time monitoring in the-
ory, but no practical clinical verification has been carried
out. Therefore, in the future study, a model for video data
can be developed and verified in clinical practice.

There are also some limitations in our analysis. Firstly,
only one study (1/16) presented externally validated
results, which is not conductive to the universality of the
model. Secondly, the exclusion of reviews, conference
papers, and letters may lead to publication bias, lack of
consistency in reference criteria, duration of follow-up,
and other important variables may affect the diagno-
sis. Thirdly, the included studies used different image
modalities, which may have biased the results. Fourthly,
the heterogeneity of the studies, which included large
time spans, may lead to large differences in the observed
performance of the AI model and endoscopic experts.

Page 10 of 12

We conducted a heterogeneity analysis of the study, and
although Spearman coefficient (—0.175) and sROC plots
showed no threshold effect, different AI models may lead
to threshold effect, resulting in heterogeneity. In this
case, it may be necessary to limit the analysis to a sub-
set of studies that share a common threshold. However,
we did not perform this analysis because most studies did
not provide detailed diagnostic thresholds.

Conclusion

In conclusion, this meta-analysis demonstrated that, in
general, Al has high sensitivity and moderate specificity
for polyp detection and classification, similar to that of
human experts, and can be used as an aid. The difference
between polyp classification and polyp detection tasks,
however, leads to differences in the performance of deep
learning models and human experts for different tasks,
especially for sensitivity and specificity, which suggests
that the possible impact of different tasks on the mod-
els should be considered when building the models. In
addition, the application of deep learning in colonoscopy
needs more external validation. Limited by the sample
size of data included in this meta-analysis, further studies
are needed to evaluate it in the future.

Acknowledgements
Not applicable for this study.

Author contributions

Guarantors of integrity of entire study, all authors; study concepts/study
design or data acquisition or data analysis/interpretation, all authors; manu-
script drafting for important intellectual content, all authors; approval of final
version of submitted manuscript, all authors; agrees to ensure any questions
related to the work are appropriately resolved, all authors; Conception and
design: WW., H.T.H; Data collection: M.D.L, ZR.H., HTH, Quality assessment:
M.D.L, ZRH. HTH, Statistical analysis: M.D.L,, H,T.H.; Article writing: M.D.L,,
ZRH., HTH, QYS, WW.

Funding

This work was supported by the National Natural Science Foundation of China
(No: 81971630), Science and Nature Foundation of Guangdong Province (NO:
2021B1515020054).

Availability of data and materials
All data generated or analyzed during this study are included in this published
article.

Declarations

Ethics approval and consent to participate
Not applicable for this study.

Consent for publication
Not applicable for this study.

Competing interests
The authors declare that they have no competing interests.

Author details

1Departmen‘[ of Medical Ultrasonics, Ultrasomics Artificial Intelligence X-Lab,
Institute of Diagnostic and Interventional Ultrasound, The First Affiliated
Hospital of Sun Yat-Sen University, 58 Zhongshan Road 2, Guangzhou 510080,



Li et al. BMC Gastroenterology

(2022) 22:517

People’s Republic of China. “Department of Gastroenterology, The First Affili-
ated Hospital of Sun Yat-Sen University, Guangzhou, China.

Received: 11 June 2021 Accepted: 5 December 2022
Published online: 13 December 2022

References

1.

2.

Siegel RL, Miller KD, Jemal A. Cancer statistics, 2020. CA Cancer J Clin.
2020;70(1):7-30.

Gschwantler M, Kriwanek S, Langner E, Goritzer B, Schrutka-Koélbl C,
Brownstone E, Feichtinger H, Weiss W. High-grade dysplasia and invasive
carcinoma in colorectal adenomas: a multivariate analysis of the impact
of adenoma and patient characteristics. Eur J Gastroenterol Hepatol.
2002;14(2):183-8.

Rex DK, Boland CR, Dominitz JA, Giardiello FM, Johnson DA, Kaltenbach
T, Levin TR, Lieberman D, Robertson DJ. Colorectal cancer screening:
recommendations for physicians and patients from the U.S. multi-society
task force on colorectal cancer. Am J Gastroenterol. 2017;112(7):1016-30.
Misawa M, Kudo SE, MoriY, ChoT, Kataoka S, Yamauchi A, Ogawa Y,
Maeda Y, Takeda K, Ichimasa K, et al. Artificial intelligence-assisted

polyp detection for colonoscopy: initial experience. Gastroenterology.
2018;154(8):2027-2029.2023.

Corley DA, Jensen CD, Marks AR, Zhao WK, Lee JK, Doubeni CA,

Zauber AG, de Boer J, Fireman BH, Schottinger JE, et al. Adenoma
detection rate and risk of colorectal cancer and death. N Engl J Med.
2014,370(14):1298-306.

Simon K. Colorectal cancer development and advances in screening. Clin
Interv Aging. 2016;11:967-76.

Ignjatovic A, Thomas-Gibson S, East JE, Haycock A, Bassett P, Bhandari P,
Man R, Suzuki N, Saunders BP. Development and validation of a training
module on the use of narrow-band imaging in differentiation of small
adenomas from hyperplastic colorectal polyps. Gastrointest Endosc.
2011,73(1):128-33.

Leufkens AM, van Oijen MG, Vleggaar FP, Siersema PD. Factors influencing
the miss rate of polyps in a back-to-back colonoscopy study. Endoscopy.
2012;44(5):470-5.

Ahn SB, Han DS, Bae JH, Byun TJ, Kim JP, Eun CS. The miss rate for colorec-
tal adenoma determined by quality-adjusted, back-to-back colonosco-
pies. Gut Liver. 2012;6(1):64-70.

Rabeneck L, Souchek J, El-Serag HB. Survival of colorectal cancer patients
hospitalized in the Veterans Affairs Health Care System. Am J Gastroen-
terol. 2003;98(5):1186-92.

. Byrne MF, Chapados N, Soudan F, Oertel C, Linares Pérez M, Kelly R, Igbal

N, Chandelier F, Rex DK. Real-time differentiation of adenomatous and
hyperplastic diminutive colorectal polyps during analysis of unaltered
videos of standard colonoscopy using a deep learning model. Gut.
2019;68(1):94-100.

Lui TKL, Guo CG, Leung WK. Accuracy of artificial intelligence on histology
prediction and detection of colorectal polyps: a systematic review and
meta-analysis. Gastrointest Endosc. 2020;92(1):11-22.e16.

Le Berre C, Sandborn WJ, Aridhi S, Devignes MD, Fournier L, Smail-Tab-
bone M, Danese S, Peyrin-Biroulet L. Application of artificial intelligence
to gastroenterology and hepatology. Gastroenterology. 2020;158(1):76-
94.e72.

Qadir HA, Balasingham |, Solhusvik J, Bergsland J, Aabakken L, Shin Y.
Improving automatic polyp detection using CNN by exploiting temporal
dependency in colonoscopy video. IEEE J Biomed Health Inform.
2020;24(1):180-93.

Sharma P, Pante A, Gross SA. Artificial intelligence in endoscopy. Gastroin-
test Endosc. 2020;91(4):925-31.

Bernal J, Tajkbaksh N, Sanchez FJ, Matuszewski BJ, Hao C, Lequan Y,
Angermann Q, Romain O, Rustad B, Balasingham |, et al. Comparative
validation of polyp detection methods in video colonoscopy: results from
the MICCAI 2015 endoscopic vision challenge. IEEE Trans Med Imaging.
2017;36(6):1231-49.

Gross S, Trautwein C, Behrens A, Winograd R, Palm S, Lutz HH, Schirin-
Sokhan R, Hecker H, Aach T, Tischendorf JJW. Computer-based clas-
sification of small colorectal polyps by using narrow-band imaging with
optical magnification. Gastrointest Endosc. 2011;74(6):1354-9.

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

31

32

33

34.

35.

36.

Page 11 of 12

Chao WL, Manickavasagan H, Krishna SG. Application of artificial intel-
ligence in the detection and differentiation of colon polyps: a technical
review for physicians. Diagnostics. 2019;9(3):99.

Jerebko AK, Malley JD, Franaszek M, Summers RM. Support vector
machines committee classification method for computer-aided polyp
detection in CT colonography. Acad Radiol. 2005;12(4):479-86.

André B, Vercauteren T, Buchner AM, Krishna M, Ayache N, Wallace MB.
Software for automated classification of probe-based confocal laser
endomicroscopy videos of colorectal polyps. World J Gastroenterol.
2012;18(39):5560-9.

Chen PJ, Lin MC, Lai MJ, Lin JC, Lu HH, Tseng VS. Accurate classification of
diminutive colorectal polyps using computer-aided analysis. Gastroenter-
ology. 2018;154(3):568-75.

Misawa M, Kudo SE, Mori Y, Takeda K, Maeda Y, Kataoka S, Nakamura

H, Kudo T, Wakamura K, Hayashi T, et al. Accuracy of computer-aided
diagnosis based on narrow-band imaging endocytoscopy for diagnosing
colorectal lesions: comparison with experts. Int J Comput Assist Radiol
Surg. 2017;12(5):757-66.

Mesejo P, Pizarro D, Abergel A, Rouquette O, Beorchia S, Poincloux L, Bar-
toli A. Computer-aided classification of gastrointestinal lesions in regular
colonoscopy. IEEE Trans Med Imaging. 2016;35(9):2051-63.

Halligan S, Altman DG, Mallett S, Taylor SA, Burling D, Roddie M, Hon-
eyfield L, McQuillan J, Amin H, Dehmeshki J. Computed tomographic
colonography: assessment of radiologist performance with and without
computer-aided detection. Gastroenterology. 2006;131(6):1690-9.
Whiting PF, Weswood ME, Rutjes AW, Reitsma JB, Bossuyt PN, Kleijnen J.
Evaluation of QUADAS, a tool for the quality assessment of diagnostic
accuracy studies. BMC Med Res Methodol. 2006;6:9.

Whiting PF, Rutjes AW, Westwood ME, Mallett S, Deeks JJ, Reitsma JB,
Leeflang MM, Sterne JA, Bossuyt PM. QUADAS-2: a revised tool for the
quality assessment of diagnostic accuracy studies. Ann Intern Med.
2011;155(8):529-36.

Eslam M, Aparcero R, Kawaguchi T, Del Campo JA, Sata M, Khattab

MA, Romero-Gomez M. Meta-analysis: insulin resistance and sus-

tained virological response in hepatitis C. Aliment Pharmacol Ther.
2011,34(3):297-305.

Zhou H, Shen G, Zhang W, Cai H, Zhou Y, Li L. 18F-FDG PET/CT for the
diagnosis of residual or recurrent nasopharyngeal carcinoma after
radiotherapy: a metaanalysis. J Nucl Med Off Publ Soc Nucl Med.
2016,57(3):342-7.

Wang P, Berzin TM, Glissen Brown JR, Bharadwaj S, Becq A, Xiao X, Liu P, Li
L, Song, Zhang D, et al. Real-time automatic detection system increases
colonoscopic polyp and adenoma detection rates: a prospective ran-
domised controlled study. Gut. 2019;68(10):1813-9.

Alagappan M, Brown JRG, Mori Y, Berzin TM. Artificial intelligence in
gastrointestinal endoscopy: the future is almost here. World J Gastrointest
Endosc. 2018;10(10):239-49.

Liu X, Faes L, Kale AU, Wagner SK, Fu DJ, Bruynseels A, MahendiranT,
Moraes G, Shamdas M, Kern C, et al. A comparison of deep learning
performance against health-care professionals in detecting diseases from
medical imaging: a systematic review and meta-analysis. Lancet Digit
Health. 2019;1(6):.e271-97.

Raghavendra M, Hewett DG, Rex DK. Differentiating adenomas from
hyperplastic colorectal polyps: narrow-band imaging can be learned in
20 minutes. Gastrointest Endosc. 2010;72(3):572-6.

WuY, Lee WW, Gong X, Wang H. A hybrid intrusion detection model
combining SAE with kernel approximation in internet of things. Sensors
(Basel, Switzerland). 2020;20(19):5710.

Jang JH, Choi J, Roh HW, Son SJ, Hong CH, Kim EY, Kim TY, Yoon D. Deep
learning approach for imputation of missing values in actigraphy data:
algorithm development study. JMIR Mhealth Uhealth. 2020;8(7): €16113.
Zachariah R, Samarasena J, Luba D, Duh E, Dao T, Requa J, Ninh A,

Karnes W. Prediction of polyp pathology using convolutional neural
networks achieves “resect and discard” thresholds. Am J Gastroenterol.
2020;115(1):138-44.

Seely AJ, Bravi A, Herry C, Green G, Longtin A, Ramsay T, Fergusson D,
Mclntyre L, Kubelik D, Maziak DE, et al. Do heart and respiratory rate vari-
ability improve prediction of extubation outcomes in critically ill patients?
Crit Care (Lond, Engl). 2014;18(2):R65.



Li et al. BMC Gastroenterology

37.

38.

39.

40.

41.

42.

43.

44,

45.

46.

47.

(2022) 22:517

Tan Z, Simkin S, Lai C, Dai S. Deep learning algorithm for automated diag-
nosis of retinopathy of prematurity plus disease. Transl Vis Sci Technol.
2019;8(6):23.

Petrick N, Haider M, Summers RM, Yeshwant SC, Brown L, luliano EM,
Louie A, Choi JR, Pickhardt PJ. CT colonography with computer-aided
detection as a second reader: observer performance study. Radiology.
2008,;246(1):148-56.

Tischendorf JJ, Gross S, Winograd R, Hecker H, Auer R, Behrens A,
Trautwein C, Aach T, Stehle T. Computer-aided classification of colo-
rectal polyps based on vascular patterns: a pilot study. Endoscopy.
2010;42(3):203-7.

Mang T, Hermosillo G, Wolf M, Bogoni L, Salganicoff M, Raykar V, Ringl

H, Weber M, Mueller-Mang C, Graser A. Time-efficient CT colonography
interpretation using an advanced image-gallery-based, computer-aided
“first-reader” workflow for the detection of colorectal adenomas. Eur
Radiol. 2012,22(12):2768-79.

MoriY, Kudo SE, Misawa M, Saito Y, lkematsu H, Hotta K, Ohtsuka K, Urush-
ibara F, Kataoka S, Ogawa Y, et al. Real-time use of artificial intelligence in
identification of diminutive polyps during colonoscopy: a prospective
study. Ann Intern Med. 2018;169(6):357-66.

Renner J, Phlipsen H, Haller B, Navarro-Avila F, Saint-Hill-Febles Y, Mateus
D, Ponchon T, Poszler A, Abdelhafez M, Schmid RM, et al. Optical clas-
sification of neoplastic colorectal polyps—a computer-assisted approach
(the COACH study). Scand J Gastroenterol. 2018;53(9):1100-6.

Shin'Y, Balasingham I. Automatic polyp frame screening using patch
based combined feature and dictionary learning. Comput Med Imaging
Graph. 2018;69:33-42.

Sanchez-Montes C, Sanchez FJ, Bernal J, Cordova H, Lopez-Ceron M,
Cuatrecasas M, Rodriguez de Miguel C, Garcia-Rodriguez A, Garcés-
Duran R, Pellisé M, et al. Computer-aided prediction of polyp histology
on white light colonoscopy using surface pattern analysis. Endoscopy.
2019;51(3):261-5.

Shahidi N, Rex DK, Kaltenbach T, Rastogi A, Ghalehjegh SH, Byrne MF. Use
of endoscopic impression, artificial intelligence, and pathologist interpre-
tation to resolve discrepancies between endoscopy and pathology analy-
ses of diminutive colorectal polyps. Gastroenterology. 2020;158(3):783-
785.e781.

Virtual Colonoscopy Training Collection from the Virtual Colonoscopy
Center, Walter Reed Army Medical Center and Naval Medical Center San
Diego. https://wiki.nci.nih.gov/display/CIP/Virtual_Colonoscopy.
Automatic polyp detection in colonoscopy videos. https://grand-chall
enge.org/site/polyp/databases/.

Publisher’s Note
Springer Nature remains neutral with regard to jurisdictional claims in pub-
lished maps and institutional affiliations.

Page 12 of 12

Ready to submit your research? Choose BMC and benefit from:

fast, convenient online submission

thorough peer review by experienced researchers in your field

rapid publication on acceptance

support for research data, including large and complex data types

gold Open Access which fosters wider collaboration and increased citations

maximum visibility for your research: over 100M website views per year

K BMC

At BMC, research is always in progress.

Learn more biomedcentral.com/submissions



https://wiki.nci.nih.gov/display/CIP/Virtual_Colonoscopy
https://grand-challenge.org/site/polyp/databases/
https://grand-challenge.org/site/polyp/databases/

	Performance and comparison of artificial intelligence and human experts in the detection and classification of colonic polyps
	Abstract 
	Objective: 
	Methods: 
	Results: 
	Conclusion: 

	Introduction
	Material and method
	Literature search
	Inclusion and exclusion criteria
	Data selection and extraction
	Quality assessment
	Statistical analysis

	Result
	Description of the studies included
	Study characteristics
	Quality assessment
	Diagnostic performance of AIhumans
	Compare traditional machine learning with deep learning

	Discussion
	Conclusion
	Acknowledgements
	References


