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Aim The use of artificial intelligence represents an objective approach to increase endoscopist’s adenoma detection rate
(ADR) and limit interoperator variability. In this study, we evaluated a newly developed deep convolutional neural network
(DCNN) for automated detection of colorectal polyps ex vivo as well as in a first in-human trial.
Methods For training of the DCNN, 116 529 colonoscopy images from 278 patients with 788 different polyps were collected.
A subset of 10 467 images containing 504 different polyps were manually annotated and treated as the gold standard. An
independent set of 45 videos consisting of 15 534 single frames was used for ex vivo performance testing. In vivo realtime detection of colorectal polyps during routine colonoscopy by the DCNN was tested in 42 patients in a back-to-back
approach.
Results When analyzing the test set of 15 534 single frames, the DCNN’s sensitivity and specificity for polyp detection and
localization within the frame was 90% and 80%, respectively, with an area under the curve of 0.92. In vivo, baseline polyp
detection rate and ADR were 38% and 26% and significantly increased to 50% (P = 0.023) and 36% (P = 0.044), respectively,
with the use of the DCNN. Of the 13 additionally with the DCNN detected lesions, the majority were diminutive and flat,
among them three sessile serrated adenomas.
Conclusion This newly developed DCNN enables highly sensitive automated detection of colorectal polyps both ex vivo and
during first in-human clinical testing and could potentially increase the detection of colorectal polyps during colonoscopy. Eur
J Gastroenterol Hepatol XXX: 00–00
Copyright © 2021 The Author(s). Published by Wolters Kluwer Health, Inc.

Introduction

It is well established that the adenoma detection rate (ADR),
defined as the percentage of individuals undergoing screening colonoscopy in which at least one adenoma is found, is
inversely associated with the incidence of interval colorectal
cancers (CRCs). Analyzing data from more than 300 000
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colonoscopies, it has been shown that a 1% increase of the
ADR results in a decrease of interval CRC incidence by 3%
[1]. At the same time, as shown in large-scale prospective
long-term studies, colonoscopy with subsequent removal
of adenomatous polyps reduces not only the incidence but
also the mortality of CRC up to 70% [2–4]. Based on these
considerations, ADR has been implemented as a key benchmark criterion to assess quality during screening colonoscopy in clinical practice guideline across the globe [5,6].
At the same time, colonic neoplasia can frequently be
missed during screening colonoscopy with adenoma miss
rates reaching up to 26%, as shown in a recent meta-analysis [7] and it is thought that at least 50% of all interval
carcinomas arise from missed lesions [8]. Several factors
are considered to contribute to these high miss rates, and
among them are blind spots and human error. Attempts
to address human error have been made, for example by
including a second observer, and while initial experiences
were promising, the effect on ADR remains controversial
[9–12]. Furthermore, dual observation remains a labor-intensive and observer-dependent method.
For unbiased and operator-independent real time detection of colorectal polyps, several computer-aided detection
(CAD) systems have recently been developed.
Apart from initial experiences of AI systems on ex vivo
offline images and videos [13–18], performance of various AI system has been assessed in vivo. Since the first
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randomized controlled trial on the efficacy of an artificial
intelligence system for colorectal polyp detection by Wang
and coworkers [19], three other RCT have been performed
to assess the efficacy of artificial intelligence systems [20–
22]. However, these trials were performed with different
AI systems and given the different development, architecture, and training of the different systems, results cannot be
transferred or extrapolated from one system to the other.
In the current study, we evaluated a novel deep convolutional neural network (DCNN) for automated detection
of colorectal polyps that has been developed by a manufacturer of the healthcare industry (Hoya Corporation,
Pentax Medical Division, Digital Endoscopy, Friedberg,
Germany) in close collaboration with clinical and scientific partners and assessed the performance of the DCNN
ex vivo as well as in a first in-human pilot trial.
Material and methods
Development of the AI algorithm

For this study, a novel object detector for colorectal polyp
detection based on DCNNs was developed by a project
team of Pentax Medical (Hoya Corporation, Pentax
Medical Division, Digital Endoscopy, Friedberg, Germany)
in close collaboration with clinical and scientific partners.
For training of the DCNN, a total of 116 529 colonoscopy images from 278 patients containing a total of 788
different polyps were collected. Images were acquired
with different commercially available high definition (HD)
or HD+ video processors (Imagina EPK-i 5500c, EPK-i,
Optivista EPK-i7010, all Pentax Medical, Tokyo, Japan).
From these images, a subset of 10 467 images containing
504 different polyps were manually annotated by one of
the five expert endoscopists. These annotations consisted
of bounding boxes delineating the polyp within the image
and were treated as the gold standard. Time from beginning of development to CE certification of the DCNN
was 11 months. After CE Certification, a brand name of
Discovery was chosen for the DCNN.
In contrast to image classification where a given image
is categorized into classes (e.g. polyp vs. no polyp) [15],
the task of object detection includes the localization of
object instances within the image. The backbone of the
DCNN evaluated in this study is provided by a VGG16style network [23]. The DCNN processes video data as a
sequence of single video frames and generates predictions
based on the visual evidence of a single video frame. The
predictions of individual consecutive frames are then fused
to provide a more stable detection. Single frame detections
are provided through the ‘Single Shot MultiBox Detector’
(SSD) framework [24]. The principle of the generation of
this DCNN and its diagnostic output are shown in Fig. 1.
Ex vivo test phase

To evaluate the performance of the system, we performed
an ex vivo test using a set of 45 independently acquired
videos from routine colonoscopies consisting of 15 534
single frames in total. Using this test set, two evaluations
were performed: a per-frame-based evaluation and a perpolyp-based evaluation.
For the per-frame-based evaluation, a true positive was
defined as an image that contains a polyp, which has been
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localized correctly and has been detected with sufficiently
high confidence. Localization quality is commonly measured through the intersection over union (IoU) criterion.
IoU (D, A) =

|D∩ A|
|D∪ A|

where | D ∩ A | is the image area of the detection D that
overlaps with the annotation A and | D ∪ A | is the union
of the image areas of detection and annotation. We followed the commonly used conventions on object detection and considered a detection to be localized correctly
if the IoU with the annotation is ≥ 0.5 and evaluated the
performance of the system over all confidence values to
yield a sensitivity vs. specificity curve.
Based on the per-frame evaluation, an operating point
was selected and used to perform the per-polyp evaluation. For the per-polyp evaluation, a true positive was
defined to be a polyp that has been detected and correctly
localized in at least a single video frame.
Patients

The study was approved by the local ethics committee
(Friedrich-Alexander-University,
Erlangen-Nuernberg,
Germany, IRB No.: 166_19B) and was performed in
accordance with the declaration of Helsinki. The study
was registered at ClinicalTrials.gov under NCT04359355.
Patients presenting for colonoscopy at the Ludwig Demling
Endoscopy Center were prospectively included from
January to June 2020 if they fulfilled the following inclusion
criteria: screening or surveillance colonoscopy, work-up of
abdominal pain and/or change of bowel habits. Exclusion
criteria were as follows: known or suspected inflammatory
bowel diseases, known polyps or referral for polypectomy,
presence of coagulopathy. Patients with a diagnosis of CRC
during colonoscopy were also excluded. Prior to study
inclusion, written informed consent was obtained from all
participating subjects, and minors were excluded.
Colonoscopy and computer-aided polyp detection

All patients received bowel preparation with low-volume
polyethylene gycol-based bowel lavage in a split dose regimen. Colonoscopy was performed using commercially
available HD endoscopes and video processors (EC38-i10
and Optivista EPK-i7010, both Pentax Medical, Tokyo,
Japan) by four experienced (lifetime experience >1000
colonoscopies and >300 colonoscopies per year) endoscopists in a tandem setting: after reaching the cecum, withdrawal was performed with high definition-white light
endoscopy (HD-WLE), followed by a second inspection
of the whole colon again with the DCNN for automated
polyp detection. To systematically assess the detection of
colorectal polyps with HD-WLE and the DCNN within
the different segments of the colon, the colon was divided
into the following three segments: coecum and ascending
colon, transverse colon, descending and sigmoid colon.
Each segment was first inspected with HD-WLE followed by inspection of the same segment with the DCNN.
Insertion times as well as withdrawal times in each segment
under either HD-WLE or the DCNN were recorded using
a stop watch. During further cleaning of the colon, polyp
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Fig. 1. Development and diagnostic output of the system. (a) The deep convolutional neural network (DCNN) processes video data as a sequence of single video frames and generates predictions based on the visual evidence of a single video frame. The predictions from individual frames are then fused to
provide a more stable detection. (b) Different examples of polyp detection with the DCNN during routine colonoscopy. The computer-aided detection (CAD)
system generates the diagnostic output on a second screen on which polyps are highlighted by a bounding box. Note that the DCNN is able to detect multiple polyps in a single frame simultaneously (upper right picture).

assessment (morphology and size), and polyp removal,
the stop watch was paused. Morphology of polyps and
adenomas in each segment were assessed using the Paris
criteria [25], polyp size was evaluated against an open
biopsy forceps with a diameter of 7 mm. All polyps and
adenomas found during colonoscopy were removed using
either cold- or hot-snare polypectomy at the discretion of
the endoscopist, formalin fixed in separate containers after
removal and analysed by experienced gastrointestinal (GI)
pathologists.
Endpoints

For ex vivo testing, the primary endpoint was to assess the
diagnostic performance of the DCNN for the detection
of colorectal polyps. Primary endpoint in the clinical trial

was the ADR under HD-WLE and the DCNN. Secondary
endpoint included polyp detection rate (PDR) under
HD-WLE and the DCNN, the size and histology of adenomas detected under HD-WLE and the DCNN, number
of true and false-positive lesions detected by the DCNN,
as well as withdrawal times in each colonic segment.
Statistical analysis

All data are presented as mean, median, SD and range,
as indicated in the respective figures and tables. Grouped
continuous data were compared using the unpaired t-test.
For the comparison of ADR and PDR, the Wilcoxon
matched pairs test was used. A two-sided P < 0.05 was
considered to be significant. The exact value was reported
with P value between 0.05 and 0.001, whereas P < 0.001

Copyright © 2021 Wolters Kluwer Health, Inc. Unauthorized reproduction of this article is prohibited.

4   European Journal of Gastroenterology & Hepatology

was reported for values below it. The statistics were
processed using Graph Pad Prism (version 5, GraphPad
Software Inc., La Jolla, USA).
Results
Technical characteristics and ex vivo performance of
the deep convolutional neural network for automated
polyp detection

To gain first insights into the performance of the system,
an ex vivo test using a set of 45 independently acquired
videos from routine colonoscopies consisting of 15 534
single frames in total was used. The test dataset composition used for this ex vivo testing is shown in Table 1.
When being analyzed at an input frame rate of 30 Hz,
the DCNN’s sensitivity for polyp detection and localization within the frame was 90% with a specificity of 80%.
As shown in Fig. 2, an area under the curve for polyp
detection and localization of 0.92 was calculated in ROC
analysis.
For per-polyp evaluation, a per-frame sensitivity of
90% was chosen as an operating point. Using the previously described per-polyp evaluation protocol, we were
able to achieve 100% sensitivity on our test dataset. The
average number of false positives (either false detections
or incorrectly localized detections) per frame was approximately 8%.
Table 1. Composition of the test dataset used for this ex vivo of the
deep convolutional neural network
Test dataset
Patients (n)
Total video frames (n)
Polyp containing frames (%)
Polyp size (mm)
Mean ± SD
Range
Paris classification (n)
Is
IIa
IIb

45
15 534
60/40
6.1 ± 2.6
2–12
20
15
5
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Clinical characteristics of the patient cohort and in vivo
detection with the deep convolutional neural network
for automated polyp detection

A total of 43 patients presenting for colonoscopy were
prospectively included in this pilot study. One patient
was excluded because two removed polyps were accidentally put in the same histopathologic container; therefore,
clear histologic assignment of the polyp detected with the
DCNN was not possible. There were no complications
during colonoscopy. A total of 42 patients with a mean age
of 62 years were included in the final analysis of this pilot
trial. Clinical characteristics and withdrawal time under
first inspection with HD-WLE and second inspection with
the DCNN are shown in Table 2. The mean Boston Bowel
Preparation Score (BBPS) was 5.7 with a range from 3 to
8, indicating that bowel preparation was suboptimal in
this cohort.
During first withdrawal without the DCCN, the
number of polyps detected was 32 and this significantly
increased by 26 additionally detected polyps (+81%) to
a total of 58 after the second inspection with the DCNN
(P < 0.001). Corresponding to this, baseline PDR significantly increased from 38% after withdrawal with
HD-WLE to a PDR of 50% after the second inspection
with the DCNN (P = 0.023), as shown in Table 3.
Similarly, the number of adenomas detected was significantly increased during withdrawal with the DCNN:
during first withdrawal with HD-WLE, 21 adenomas
were found and this increased by 13 additionally detected
adenomas (+62%) to a total of 34 during withdrawal with
the DCNN (P = 0.006). Correspondingly, baseline ADR
after the first inspection the DCNN was 26% and significantly increased to an ADR of 36% after second inspection with the DCNN (P = 0.044, Table 3).
Characteristics of the polyps detected during first
inspection without the DCNN and those additionally
detected during second inspection with the DCNN are
shown in Table 4. Importantly, among the 13 additionally with the DCNN detected adenomas, three were
found to be sessile-serrated adenomas and these were not

Fig. 2. Diagnostic performance of the system. When being analyzed at an input frame rate of 30 Hz, the deep convolutional neural network’s (DCNN’s)
sensitivity and specificity for polyp detection and localization within the frame were 90% and 80%, respectively with an area under the curve (AUC) of 0.92.
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Table 4. Characteristics of the polyps detected during first inspection
without deep convolutional neural network and those additionally
detected during second inspection with deep convolutional neural
network

Table 2. Patient characteristics and withdrawal times
Patients, n (m/f)
Age (years)
Mean ± SD
Range
BBPS
Mean ± SD
Witthdrawal time in
minutes mean (range)
Cecum and ascending
colon
Transverse colon
Descending and
sigmoid colon

42 (26/16)
62 ± 13
34–83
5.7 ± 1.0
1st inspection
2nd inspection
(without DCNN)
(with DCNN)
1:55 (0:50–3:05)
1:39 (1:00–3:19)
1:37 (0:45–3:05)
2:39 (1:30–4:53)

1:28 (0:40–2:11)
2:19 (1:04–4:20)

P-value
0.10
0.27
0.08

BBPS, Boston Bowel Preparation Scale; DCNN, deep convolutional neural
network; FP, False positives.

Table 3. Total number of polyps and adenomas and polyp detection
rate and adenoma detection rate after first (without deep convolutional
neural network) and second inspection (with deep convolutional neural
network)

Total number of polyps
PDR
Total number of adenomas
ADR

After 1st
inspection

After 1st + 2nd
inspection

P-value

32
16/42 = 38%
21
11/42 = 26%

58 (+81%)
21/42 = 50%
34 (+62%)
15/42 = 36%

P < 0.001
0.023
P = 0.006
0.044

PDR: Number of patients in which at least one polyp was found divided by the
total number of patients included.
ADR: Number of patients in which at least one adenoma was found divided by
the total number of patients included.
ADR, adenoma detection rate; PDR, polyp detection rate.

recognized without the DCNN even during second inspection. Regarding adenoma size and shape 7 of 13 additionally with the DCNN detected adenomas were diminutive
while six were small adenomas between 5 and 10 mm and
46% were of flat morphology (Paris IIa/IIb). Altogether,
these pilot data indicate that CAD-assisted colonoscopy
indeed facilitates detection of clinically relevant lesions
and those adenomas that represent a challenge for detection such as diminutive and flat lesions.
Of note, all adenomas and polyps found during the first
inspection were also detected by the DCNN, resulting in a
true positive rate of 100% and false-negative rate of 0%.
In 18 of the 42 patients included, at least one false-positive detection occurred during second withdrawal with
the DCNN (Table 5). However, 10 of 18 patients in whom
at least one false-positive detection was observed had a
BBPS < 6 with a mean number of false-positive hits of 2.5
in these patients while no false-positive detection occurred
in patients with excellent bowel preparation, indicating
that adequate bowel cleaning is mandatory to reduce
false-positive detections.
Discussion

The global CRC burden is expected to increase to more
than 2.2 million new cases and 1.1 million deaths by 2030
[26]. At the same time, it has been shown that colonoscopic polypectomy can reduce CRC mortality by approximately 50% [4]. Nonetheless, despite its proven efficacy
with regard to CRC prevention, colonoscopy is not able to
detect all colonic lesions and sometimes even misses CRC.
A recent meta-analysis analyzing 43 studies and more

Adenoma size
<5 mm
5–10 mm
>10 mm
Adenoma localization
Cecum and ascending colon
Transverse colon
Descending and sigmoid colon
Histology
LGIEN
HGIEN
SSA without dysplasia
SSA with dysplasia
Paris classification
Is
Ip
IIa
IIb

1st inspection
(without DCNN)

2nd inspection
(with DCNN)

14
5
2

7
6

10
1
10

6
1
6

14
1
6

10

10
1
7
3

7
4
2

3

DCNN, deep convolutional neural network; HGIEN, high-grade intraepithelial
neoplasia; LGIEN, low-grade intraepithelial neoplasia; SSA, sessile serrated
adenoma.

than 15 000 tandem colonoscopies calculated a pooled
miss rate of 26% for adenomas, 9% for advanced adenomas and 27% for serrated polyps [7].
Blind spots as well as human error are considered to
be major factors for missing lesions during colonoscopy.
The latter factor can, at least partly, be explained by psychology factors such as ‘inattentional blindness’, wherein
an observer fails to observe an image on the screen due
to distraction or ‘change blindness’, in which lesions are
missed during interruptions in visual scanning or during
eye movements [27,28]. Several studies have addressed
this issue by including a second observer during colonoscopy. Although participation of a second observer in
colonoscopy has been shown to be beneficial in increasing
PDR, the effect on ADR is still controversial [9,10,12,29].
In recent years, an interesting solution to the human
error in detecting polyps has been developed, i.e. CAD systems. Ideally, a CAD system should exhibit a high sensitivity while at the same time having high specificity [30,31].
Furthermore, it is mandatory that a CAD system has a
short diagnostic delay and provides an onscreen alerting
system in order to make it useful in clinical practice. To
date, several CAD system have been developed, the majority of which use a convolutional or deep neural network
for automated and operator-independent detection of
colorectal polyps. Although performance of these systems
on offline videos and images seems promising, evidence on
the ability to increase detection during real-time clinical
practice is only scarce to date [15–18,32].
In this work, we present our results from development
with ex vivo testing to the first clinical experience with
a new CAD system. As shown in our study, our system
detected all polyps that were recognized with standard
HD-WLE and no lesion was missed with CAD. Although
not tested in a randomized controlled setup, this high sensitivity translated into a marked increase of the ADR during
withdrawal with the CAD system. Apart from ADR, also
the PDR increased from 38% without CAD to 50% with
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Table 5. Characteristics of false-positive findings according to bowel
preparation status
Total number
of patients

BBPS
Excellent (BBPS 8–9)
Good (BBPS 6–7)
Poor (BBPS 3–5)

5
24
13

Number of patients Mean number of
with ≥1 FP
FP per patient
0
8
10

0
1.0
2.5

BBPS, Boston Bowel Preparation Score; FP, false positive.

the CAD system and out the 26 additionally with the CAD
system detected polyps, 50% of them (13 out of 26) were
hyperplastic lesions, while 13 were adenomas. Given the
high sensitivity of our CAD system, this major increase in
the detection of hyperplastic lesions is not surprising but
might be regarded as a drawback of CAD systems since
this increase in detection of clinically irrelevant lesions can
potentially lead to more polypectomies, a higher workload and a prolongation of procedural time. First reports
have already used computer-aided diagnosis algorithms for
polyp differentiation into neoplastic and non-neoplastic
(hyperplastic) lesions [33–35] and in the future, combination of these techniques represents a promising approach
for efficient handling of hyperplastic polyps.
As a further consequence of the high sensitivity of our
DCNN, the rate of false-positive signal was relatively high
in the in vivo phase of our study: in 18 of the 42 patients
included, at least one false-positive signal occurred.
However, when looking at these numbers, it should be kept
in mind that we did not exclude patients with insufficient
bowel preparation. In fact, of 18 patients in which at least
one false-positive detection with the DCNN occurred, 10
(56%) had insufficient bowel cleaning with a BBPS of 5 or
below and mean number of false-positive hits was 2.5 in
these patients while no false-positive detection occurred
in patients with excellent bowel preparation. In light of
this, larger multicentric studies in which patients will be
stratified and analyzed according to their bowel cleaning
score are necessary before final conclusions on false-positive detection can be drawn.
That CAD systems are indeed able to significantly
increase ADR has been shown by Wang and coworkers
in the first randomized controlled trial published in this
field to date [19]. Randomizing >1000 patients to either
HD-WLE or HD-WLE with a CAD system resulted in a
significant increase in ADR, PDR and mean number of
polyps and adenomas per colonoscopy in the CAD group
[19]. However, the increase in overall ADR was mainly
due to an increased detection of diminutive adenomas
with the CAD [19]. These results are consistent with data
from a more recent randomized controlled trial by Repici
and coworkers using the GI-Genius CAD system [21]. In
this trial, ADR was increased by 14.4% in the CAD group
with significantly increased detection of diminutive and
small adenomas.
In our study, we observed a significant increase of
baseline ADR by 10% and of the 13 additionally with
the DCNN detected adenomas in our study, almost half
were diminutive and of flat morphology (Paris IIa/IIb).
These findings might have two implications: at first sight,
increased detection of flat and diminutive lesions with
CAD indicates a powerful detection of lesions through
CAD that are subtle and otherwise hard to detect. At the
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same time, diminutive polyps, especially when located in
the rectosigmoid, have a very low risk of developing to
advanced histologic features and the incidence of cancer
in diminutive polyps is extremely low [36–39]. Therefore,
the clinical relevance of these lesions may well be limited
and at the same time raise the question on the cost-benefit
ratio of the implementation of artificial intelligence into
daily routine. This question becomes especially relevant
when AI-system are not only able to detect lesions, but
also are capable of characterizing lesions to predict polyp
histology. Just recently, an analysis was by Mori and colleagues provided first evidence that implementation of
AI-assisted polyp characterization can indeed result in
considerable cost-savings [40]. As shown, a diagnoseand-leave strategy supported by the AI prediction (i.e.,
diminutive rectosigmoid polyps were not removed when
predicted as non-neoplastic) was estimated to reduce the
average colonoscopy cost and the gross annual reimbursement for colonoscopies by 18.9% and 149.2 million dollars in Japan, 6.9% and 12.3 million dollars in England,
7.6% and 1.1 million dollars in Norway, and 10.9% and
85.2 million dollars in the United States, respectively,
compared to the resect-all-polyps strategy [40].
Together with further studies on the cost-effectiveness,
future trials also need to address whether the increased
detection of diminutive lesions with CAD system also
reduces the incidence of CRC, which is the main object of
screening colonoscopy [41,42]. Nevertheless, in our study
the use of CAD also led to the detection of three sessile
serrated adenomas that were not recognized without the
DCNN even during second inspection and these observations provide a glimpse that CAD can very well improve
detection of clinically relevant lesions.
Limitations of our study also need to be addressed.
As such, first, the number of patients included in the in
vivo phase of our study is relatively small and therefore
our study should be regarded as a pilot study. Second,
we used a back-to-back design to analyze the efficacy of
the DCNN and while this approach offers the advantage
that missed lesions can be characterized very precisely, the
possibility that, during second withdrawal, the operator
pays special attention to the lesions found during the first
inspection represents a potential bias bearing the risk of
overestimating the sensitivity of the system. In light of
these considerations, it seems clear that large randomized
controlled trials are necessary to further evaluate the efficacy of this system.
As shown, this newly developed CAD enables highly
sensitive automated detection of colorectal polyps both ex
vivo and during first in-human clinical testing and holds
the potential to increase the detection of colorectal polyps
during colonoscopy. Future studies should systematically
assess whether CAD-based colonoscopy over standard
HD-WLE for detection of colorectal polyps and adenomas and therefore can render surveillance colonoscopy
more effectively.
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