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ARTICLE INFO ABSTRACT

Article History: Background: Recent prospective randomized controlled trials have evaluated deep convolutional neural net-
Recglved 14 July 2020 work (CNN) based computer aided detection (CADe) of lesions in real-time colonoscopy. We conducted this
Revised 4 September 2020 meta-analysis to compare the adenoma detection rate (ADR) of deep CNN based CADe assisted colonoscopy
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Available online xxx to standard colonoscopy (SC) from randomized controlled trials (RCTs).

Methods: Multiple databases were searched (from inception to May 2020) and parallel RCTs that compared
deep CNN based CADe assisted colonoscopy to SC were included for this analysis. Using Mantel-Haenzel (M-
H) random effects model, pooled risk ratios (RR) and mean difference (MD) were calculated. In between
study heterogeneity was assessed by 1°% values. Outcomes assessed included other per patient adenoma
parameters.
Findings: Six RCTs were included in our final analysis that utilized deep CNN based CADe system in real-time
colonoscopy. Total numbers of patients assessed were 4962 (2480 in CADe and 2482 in SC group). CADe
based colonoscopy demonstrated statistically higher pooled ADR, RR=1.5 (95% CI 1.3-1.72), p<0.0001,
12=56%; and pooled PDR, RR=1.42 (95% CI 1.33—1.51), p<0.00001, 12=9%; when compared to SC. Per patient
adenoma detection parameters were significantly better with CADe colonoscopy when compared to SC, with
increased scope withdrawal time (mean difference = 0.38, 95% CI 0.05-0.72, p = 0.02).
Interpretation: Based on our meta-analysis, deep CNN based CADe colonoscopy achieved significantly higher
ADR metrics, albeit with increased scope withdrawal time when compared to SC.
© 2020 The Author(s). Published by Elsevier Ltd. This is an open access article under the CC BY-NC-ND license
(http://creativecommons.org/licenses/by-nc-nd/4.0/)
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Research in context

Evidence before this study

Recently, good quality randomized controlled trials (RCTs) have
assessed the impact of artificial intelligence (Al) as a computer
aid in helping detect colon polyps during colonoscopy. All RCTs
published to date on the use of Al in colonoscopy and reporting
on the adenoma detection rate (ADR) were considered for this
meta-analysis study. We searched the literature using a combi-
nation of artificial intelligence, machine learning, machine
intelligence and colonoscopy. Only prospectively done RCTs
were included in this analysis. Searches were run in April 2020
in ClinicalTrials.gov, Ovid EBM Reviews, Ovid Embase (1974+),
Ovid Medline (1946+ including epub ahead of print, in-process;
other non-indexed citations), Scopus (1970+) and Web of Sci-
ence (1975+). Two out of the six studies included for analysis
were considered low on the quality scale for risk of bias due to
absence of blinding. Al based colonoscopy demonstrated statis-
tically higher pooled ADR, RR=1.5 (95% CI 1.3-1.72), P<0.0001;
when compared to standard colonoscopy.

Added value of this study

By methods of meta-analysis of good quality RCTs, this study
adds robust evidence of ADR with use of Al assistance in
colonoscopy.

Implications of all the available evidence

Based on the results of our study, the practice of colonoscopy in
the future would most probably be done with the assistance of Al
in the detection of pre-cancerous polyps and improving ADR. As
ADR is technically used to define the performance of screening
colonoscopies, future research is warranted in defining the role of
Al strictly in screening colonoscopy.

shown to decrease CRC incidence thereby improving CRC related
morbidity and mortality [1].

A growing body of evidence has evaluated the use of artificial
intelligence (AI) known as computer-vision in computer-aided diag-
nosis (CAD) of health related conditions based on medical imaging
[2—7]. Convolutional neural networks (CNN) is a type of deep
machine learning algorithm that uses convolutions of the input
image in order to extract the most relevant information that helps to
classify the image into different entities. Based on the accumulated
data features, a deep CNN can diagnose newly acquired clinical
images prospectively [8—9]. Recent evidence has evaluated the use of
CNN based algorithms in real-time colonoscopy to improve ADR by
means of randomized controlled trials (RCTs) [2—7].

In this analysis, we aim to quantitatively appraise the current
reported data on ADR during colonoscopy in presence of CNN based
computer aided detection (CADe) from prospectively conducted par-
allel RCTs in real life scenario.

2. Methods
2.1. Search strategy

The literature was searched by a medical librarian for the con-
cepts of artificial intelligence regards to endoscopy and gastroin-
testinal lesions. The search strategies were created using a
combination of keywords and standardized index terms. Searches
were run in April 2020 in ClinicalTrials.gov, Ovid EBM Reviews,
Ovid Embase (1974+), Ovid Medline (1946+ including epub ahead
of print, in-process & other non-indexed citations), Scopus (1970+)

and Web of Science (1975+). Results were limited to English lan-
guage. All results were exported to Endnote X9 (Clarivate Analyt-
ics) where obvious duplicates were removed leaving 4245
citations. Search strategy is provided in Appendix-1. The PRISMA
statement of adherence was followed and is provided as Appendix
2 [10]. Reference lists of evaluated studies were examined to iden-
tify other studies of interest.

2.2. Study selection

In this meta-analysis, we included parallel RCTs that evaluated
ADR derived from colonoscopy procedures with real-time CNN based
computer aided diagnosis (CAD) and compared it to standard colo-
noscopy (SC). Study selection was restricted to RCTs and CNN based
machine learning models that were used during colonoscopy in the
intervention group. Studies were included irrespective of inpatient/
outpatient setting; study sample-size, follow-up time, abstract/ man-
uscript status, and geography as long as they provided all appropriate
data needed for the analysis.

Exclusion criteria were as follows: (1) studies that used non-CNN
based algorithms, (2) studies that were non-clinical and reported on
the mathematical development and/ or derivation of an algorithm,
(3) studies not conducted as RCTs, and (4) studies that reported on
training, testing and validating machine algorithms using images
and/ or videos retrieved after colonoscopy. In cases of multiple publi-
cations from a single research group reporting on the same patient
cohort and/or overlapping cohorts, the most comprehensive study
was included. When needed, authors were contacted via email for
clarification of data and/ or study-cohort overlap.

2.3. Data abstraction and analysis

Data on study-related outcomes from the individual studies
were abstracted independently onto a predefined standardized
form by at least three authors (AF, SRK, SC). Disagreements were
resolved by consultation with another author (BPM). Risk of bias
assessment was performed by evaluating the following: (1) selec-
tion bias, by means of random sequence generation and allocation
concealment; (2) performance bias, by means of blinding of partic-
ipants and personnel; (3) detection bias, by means of blinding of
outcome assessment; (4) attrition bias, by means of incomplete
outcome data; (5) reporting bias, by means of selective reporting
and (6) other biases. The results of the bias assessment were
reported as an overall graphical representation of the results of
assessment, as well as the scoring of risks.

Primary outcome assessed was ADR. Secondary outcomes
assessed were polyp detection rate (PDR), advanced adenoma detec-
tion rate (aADR), sessile serrated adenoma detection rate (SSADR),
mean adenoma per colonoscopy (MAP) and other per patient param-
eters as available such as mean polyp per patient, mean diminutive
adenoma per patient, mean flat-sessile adenoma per patient, mean
large adenoma per patient, and mean right sided adenoma per
patient.

We used meta-analysis techniques to calculate the pooled esti-
mates in each case following the Mantel-Haenzel (M-H) random-
effects model [11]. Summary estimates calculated were either the
pooled Risk Ratio (RR) or the mean difference (MD) with corre-
sponding 95% confidence intervals (CI), as appropriate. We
assessed heterogeneity between study-specific estimates by using
the 12 statistics [12—13]. In this, values of <30%, 30% - 60%, 61% -
75%, and >75% were suggestive of low, moderate, substantial, and
considerable heterogeneity, respectively. The quality of the studies
was assessed using the Cochrane tool for assessing risk of bias [14].
Publication bias assessment was done qualitatively by funnel-plot
assessment and quantitatively by Egger’s test. Publication bias
assessment was deferred if the total number of studies included in
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Fig. 1. Literature search flowchart.

the analysis were less than ten. All analyses were performed using
RevMan version 5.3 and Comprehensive Meta-Analysis (CMA) soft-
ware, version 3 (BioStat, Englewood, NJ).

2.4. Role of funding source

No funding was received for this study and there was no role of
any funding source.

3. Results
3.1. Search results and study characteristics

From an initial search of 7547 studies, 4245 studies were screened
after removing the duplicates. 115 full text articles were reviewed,
and six prospective studies were included in the final analysis (Study
selection flowchart: Fig. 1) [2—7]. All studies used deep CNN based
machine learning algorithm with capability of detecting lesions in
real time. Five studies [3—7] were performed in China and one study
[2] was performed in Italy. Study and population characteristics are
summarized in Table 1. The total number of patients included in the
analysis was 4962, with 2480 in CADe arm and 2482 in SC group.
Baseline age range (50-52 vs 51), male gender (50% vs 51%) and
screening/ surveillance indication (13% vs 14%) were comparable
between the CADe and SC arms.

The risk of bias assessment of the studies are summarized in Sup-
plementary Figs. 15 and 16. Based on the assessment two studies
scored low on the scale due to lack of blinding.

3.2. Meta-analysis outcomes

The pooled ADR with use of CADe endoscopy was significantly
greater when compared to standard colonoscopy (SC); RR=1.5 (95%
Cl 1.3-1.72), p<0.0001, 1?=56% (Forest plot: Fig. 2). The pooled pro-
portion of ADR with CADe was 32.8% (95% Cl 24.2—42.7) and the
pooled proportion of ADR with SC was 21.1% (95% CI 14.5-29.7). A
subgroup analysis based on ADR from studies published from China
(east) and ADR of high-quality studies did not affect the pooled rates
and/ or the level of statistical significance (Forest plots: Supplemen-
tary Figs. 2, 3). Additionally, the pooled RR of PDR was significantly
greater with CADe when compared to SC (1.42, 95% CI 1.33-1.51,
p<0.0001, 12=9%; Forest plot: Supplementary Figure-1) and the mean
difference of scope withdrawal time was statistically increased with
CADe (0.38 min, 95% CI 0.05—0.72, p = 0.02, [2=97%).

The pooled RR of advanced ADR (1, 95% CI 0.74-1.36, p = 0.93,
I>=0%; Forest plot: Supplementary Figure-4) and sessile serrated ADR
(1.29, 95% CI 0.89—1.89, p = 0.18, 1=0%; Forest plot: Supplementary
Figure-5) were comparable between CADe and SC; however the
mean adenoma detected per colonoscopy was significantly better
with CADe colonoscopy (mean difference = 0.19, 95% CI 1.16 — 0.21,
p<0.001, 2.=90%; Forest plot: Supplementary Figure 6). The individual
pooled proportions of the analyzed outcomes are summarized in
Table 2. The pooled proportion of false positives on CADe colonos-
copy was 10.3% (95% CI 6.1-16.8), >=93%, with comparable cecal
intubation time (mean difference = 0.04, 95% CI —0.29 — 0.38, p = 0.8,
1°=60%) between CADe and SC.

In terms of per patient analysis, the mean difference of the polyp
per patient, the mean rate of detection of diminutive adenoma, flat-



Table 1
Study and population characteristics.

Details Gong, 2020 Repici, 2020 Liu, 2020 Su, 2019 Wang, 2019 Wang, 2020
Al Ne Al sC Al Ne Al sC Al Ne Al Ne

Study details RCT, June 2019 to RCT, Sep to Nov RCT, Oct 2018 to Mar RCT, Oct 2018 to RCT, Sep 2017 to Feb Double-blind RCT,

Sept 2019, Single 2019, Multicenter, 2019, Multicenter, May 2019, Single 2018, Single cen- Sept 2018 to Jan

center, China. Italy China. center, China ter, China 2019, Single cen-

ter, China.

Study aim Detection of colorec- Efficacy of CADe sys- Colonoscopic polyp Polyp detection, Colonoscopic polyp Double-blind study

tal adenomas, tem for the detec- and Adenoma withdrawal time, and Adenoma with sham control

Time insertion tion of colorectal detection rates withdrawal sta- detection rates to rigorously

and withdrawal, neoplasia (ADR) bility, bowel (ADR) assess the effec-

Avoid blind spots preparation tiveness of CADe

caused by endo- system in improv-

scope slipping, ing ADR

Monitor real-time
withdrawal speed

during
colonoscopy
Deep CNN details ENDOANGEL system GI-Genius, Med- Convolutional 5 deep CNN models deep CNN was based EndoScreener -
- deep CNN tronic - deep CNN three—dimen- to automatically on SegNet based on SegNet
trained and tested architecture sional (3D) neural time the with- architecture architecture
using VGG-16, details not network. The con- drawal phase,
DenseNet-169, available volutional 3D net- supervise with-
ResNet-50 & work is designed drawal stability,
Inception-v3. for spatiotempo- evaluate bowel
VGG-16 was ral data. preparation, and
finally used to detect polyps in
develop the sys- real time. Models
tem. TensorFlow developed baed
deep learning on Alex-Net,
framework was ZFNet, YOLO V2
used.
Total patients 704 685 1026 623 1058 962
355 349 341 344 508 518 308 315 522 536 484 478
Age (SD) 50-0 (37-0-58.0) 49.0(36-0—57-0) 61.5(9.7) 61.1(10.6) 51.02(12.26) 50.13 (12.68) 50.54(10.28) 51.63(9.04) 51.07(13.15) 49.94(13.79) 49 (39-60) 49 (40.3-56)
Female (%) 168 (47) 191 (55) 169 (49.6) 179(52) 244 (48.03) 231 (44.59) 149(48.38)  167(53.02) 259 (49.62) 287 (53.54) 243 (50) 224 (47)
Male (%) 187(53) 158 (45) 172 (50.4) 165 (49.6) 264 (51.97) 287 (55.41) 159(51.62)  148(46.98) 263 (50.38) 249 (46.46) 241 (50) 254 (53)
Colonoscopy
indication
FIT+ (%) - - 102 (29.9) 105(30.5) - - - - - - - -
Primary CRC 60(17) 63(18) 77(22.6) 76 (22.1) 30(5.91) 36 (6.95) 115(37.34)  101(32.06) 40(7.66) 44(8.21) 82(17) 76 (16)
screening (%)
Surveillance (%) 14 (4) 22(6) 86(25.2) 78(22.7) - - 69(224) 78(24.76) - - - -
GI symptoms (%) 281(79) 264 (76) 76(22.3) 85(24.7) 478 (94.09) 482 (93.05) 193(62.66)  214(67.94) 482(92.34) 492 (91.79) 402 (83) 402 (84)
Adequate BBPS (>2 334(94.08) 327(93.69) 339(99.4) 342(99.4) 442 (87.01) 447 (86.29) - - 449 (86.02) 457 (85.26) 413 (85%) 413 (86%)
in all segments)
(%)
Cecal intubation - - 9(5-11) 8.1(2-10) 5.68 (4.09) 5.96 (4.06) 6.38(2.25) 6.27(2.17)  5.63(4.03) 5.71(3.9) 5.58(3.96) 5.58(3.7)
(insertion) time;
min (SD)
Withdrawal time; 6.38(2.48) 4.76 (2.54) 6.95(1.68) 7.25(2.48) 6.82(1.78) 6.74(1.62) 7.03(1.01) 568(1.26) 6.89(1.79) 6.39(1.21) 7.46(2.02) 6.99 (1.57)
min (SD)
Total procedure — - — — 12.41 (4.25) 12.7 (4.16) — - 12.52 (4.38) 12.2 (4.08) — -
time; min (SD)
ADR, n/N (%) 58/355 (16) 27/349 (8) 187/341 (54.8) 139/344 (40.4) 198/508 (39.2) 119/518 (23.9) 89/308(28.9) 52/315(16.5) 152/522(29.12) 108/536 (20.3) 164/484 (34) 134/478 (28)
PDR, n/N (%) 166/355 (47) 118/349 (34) 279/341(82) 214/344 (62) 221/508 (43.7) 144/518 (27.8) 118/308 (38.3) 80/315(25.4) 235/522 (45) 156/536 (29.1) 252/484 (52) 177/478 (37)
False positive on - - - - 36 - 62 - 39 - 48 -
CADe
Total adenomas (n) 61 27 177 136 250 142 113 56 262 160 281 181
Location of adeno- 26/ 35 12/15 123/109 97/72 131/119 81/61 48/ 65 18/38 122140 76/ 84 132/ 149 85/ 96
mas (n):
right/ left
Size of the Adeno- 50 (14%); 10 (3%) 26 (7.45%); 1 (<1%) 151 (44.3%); 36 111(323%); 28 229(0.451); 21 132(0.255); 10 - - 246 (0.437); 16 152(0.268); 8 271(96); 10 (4) 174(96); 7 (4)
mas (n): <10 mm (10.6%) (9.1%) (0.041) (0.019) (0.031) (0.014)
(APS); >10 mm
(APS)
Advanced adeno- - - 35(10.3) 33(73) 14 16 - - 17 16 11(2) 13(4)
mas (n)

(continued on next page)
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Table 1 (Continued)

Wang, 2020

Wang, 2019

Su, 2019

Liu, 2020

Repici, 2020

Gong, 2020

Details

Ne

Al

Ne

Al

SC

Al

Ne

Al

SC

Al

SC

Al

14(5)

18(4)

14

17

13

18

18(5.2)

24(7)

Sessile Serrated

adenomas (n)
Morphology of

257/19 160/ 20

127/33

223/39

43/13

98/ 15

106/ 36

210/ 40

adenomas (n)
Flat/ Sessile

Pedunculated
Total polyps (n)

308

501

269

96 498

177

248

486

91

126

124

178
84/174

127/181

207/294

95/174

34/62 212/286

96/152 75/102

218/268

97/72

123/109

60/108

Location of polyp

(n) right] left
Size of the polyp

490 (98); 11(2) 297 (96); 11 (4)

259(0.457); 10

16

482 (0.856);

232(0.448); 16

464(0.913); 22

121 (35%); 3 (1%)

167 (48%); 11 (3%)

(0.018)

(0.031)

(0.031)

(0.043)

(n): <10 mm

(mean polyp per

patient);

(mean
polyp per
patient)

>10 mm
Cancer

3(0.9)

10(2.9)

CADe: computer assisted detection, SC: standard colonoscopy, RCT: randomized controlled trial, CNN: convoluted neural networks, SD: standard deviation, ADR: adenoma detection rate, PDR: polyp detection rate, FIT: fecal inmunochem-

ical testing, GI: gastrointestinal, CRC: colorectal cancer.

B.P. Mohan et al. / EClinicalMedicine 29—30 (2020) 100622 5

sessile adenoma, large adenoma (>10 mm), small adenoma
(<10 mm) and right-sided adenomas were significantly greater with
CAD aided colonoscopy. The pooled rates are summarized in Table 2
and forest plots are provided in supplementary materials: Supple-
mentary Figs. 7—14.

3.3. Validation of meta-analysis results

3.3.1. Sensitivity analysis

To assess whether any one study had a dominant effect on the
meta-analysis, we excluded one study at a time and analyzed its
effect on the main summary estimate. In this analysis, no single study
significantly affected the outcome or the heterogeneity.

3.3.2. Heterogeneity

The I2% values are summarized in Table 2. Moderate to no hetero-
geneity was observed in the analysis reflecting the real-life applica-
bility and reproducibility of the results on this study.

3.3.3. Publication bias
A publication bias assessment was deferred in this study due to
the fact that the total number of studies included was less than ten.

4. Discussion

We report a statistically significant increase in ADR (RR=1.5,
p<0.0001) and PDR (RR=1.42, p<0.00001) with the aid of CNN based
Al during colonoscopy as compared to standard colonoscopy, with an
increased scope withdrawal time (MD=0.38, p = 0.02). This meta-
analysis seems to confirm the hypothesis that Al-based CADe systems
in real-time colonoscopy can improve ADR. Although ADR is the pri-
mary endpoint of this study, the inherent imperfections of ADR needs
to be acknowledged and therefore we report the mean adenoma per
colonoscopy that was also statistically significant with CADe
(MD=0.19, p<0.01).

Different types of deep CNN algorithms were used in the analyzed
studies; however, the underlying mathematical concepts are compa-
rable.[9] Using transfer learning, large neural networks can be trained
faster with minimal image data in addition to avoiding overfitting. A
recent meta-analysis of eighteen studies established the accuracy
parameters of CNN based CADe systems in lesion detection during
colonoscopy [15]. Prospective real-time studies are being published
at a rapid rate evaluating the role of deep CNN based CADe system in
real-time colonoscopy.

Our pooled results in terms of per patient ADR data including
mean polyp per patient (MD=0.64, p<0.0001), mean diminutive ade-
noma per patient (RR=1.68, p = 0.09), mean flat sessile adenoma per
patient (RR=1.75, p = 0.07), mean large adenoma per patient
(RR=1.56, p = 0.009) and mean small adenoma per patient (RR=1.39,
p = 0.0008) are encouraging and significantly greater with CADe
assisted colonoscopy. However, the pooled rates of relative risk for
advanced ADR and sessile serrated ADR were comparable between Al
assisted and standard colonoscopy. In other words, the use of Al in
real-time colonoscopy did not seem to significantly improve the
detection of these high-risk lesions with high chances of malignant
transformation. Possible explanations include the limited aADR and
SSADR training data for the learning of the CADe algorithm, or physi-
cian endoscopists being extra careful in identifying these lesions.
Another possible reason is that the trials were underpowered to
detect these lesions as compared to conventional adenomas.

The efficient detection of a precancerous lesion on colonoscopy
depends on various factors including adequate bowel preparation and
endoscopist’s experience. Physician fatigue and examination time are
factors that can potentially lead to a missed lesion. A deep CNN based
CADe aid can help circumvent this problem. Other advantages are the
monitoring of withdrawal time, which is a quality parameter of
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CAD End Standard Col Risk Ratio Risk Ratio
Study or Subgroup Events Total Events Total Weight M-H, Random, 95% CI M-H, Random, 95% CI
Gong 58 355 27 349 7.7% 2.11[1.37,3.25) —
Liu 198 508 119 518 19.7% 1.70 (1.40, 2.05) -
Repici 187 341 139 344 222% 1.36[1.16, 1.59) -
Su 89 308 52 315 12.5% 1.75(1.29, 2.37) -
Wang 152 522 108 536 17.9% 1.45[1.17,1.79) -
Wang 2020 164 484 134 478  19.8% 1.21(1.00, 1.46)
Total (95% Cl) 2518 2540 100.0% 1.50 [1.30, 1.72)
Total events 848 579
Heterogeneity: Tau? = 0.02; Chi? = 11.24, df = 5 (P = 0.05); I = 56% b + t t i
Test for overall effect: Z = 5.73 (P < 0.00001) 0.08 Ogavours sc 1 Favours C;?J Endcs:ggy
Fig. 2. Forest plot, ADR.
withdrawal time
Study name Statistics for each study Std diff in means and 95% CI
Std diff Standard Lower Upper
in means error limit limit p-Value
Gong, 2020 0.645 0.077 0.494 0.797 0.000
Repici, 2020 -0.142 0.077 -0.291 0.008 0.064
Liu, 2020 0.047 0.062 -0.075 0.169 0.451
Su, 2019 1.181 0.087 1.011 1.351 0.000
Wang, 2019 0.328 0.062 0.207 0.449 0.000 . X
Wang, 2020 0.260 0.065 0.133 0.387 0.000 B
0.384 0.169 0.054 0.715 0.023
-1.00 -0.50 0.00 0.50 1.00
Favours CADe Favours SC
Meta Analysis
Fig. 3. Forest plot, mean difference in withdrawal time.
Table 2
Summary of results.
No of studies analyzed; Pooled rate (95% CI) Pooled proportions (95% CI) 2% heterogeneity P-value
n/N in CADe group & n/N in SC group
ADR 6 studies;CADe: 848/2518 SC: 579/2540  RR=1.5(1.3—1.72) CADe: 32.8% (24.2—42.7) SC: 21.1% 56% p<0.00001
(14.5-29.7)
ADR (East: studies published in China) 5 studies;CADe: 661/2177 SC: 440/2196  RR=1.55 (1.3—1.85) CADe: 29% (22.5-36.4) SC: 18.3% 60% p=0.04
(13.1-24.9)
ADR (higher quality studies) 5 studies;CADe: 650/2010 SC: 460/2022  RR=1.45(1.25-1.68) CADe: 31.5%(21.4-43.8) SC: 20.7%  51% p=0.09
(12.8-31.7)
Advanced ADR (aADR) 4 studies;CADe: 77/1855 SC: 78/1876 RR=1(0.74—1.36) CADe: 3.9% (1.8—8.4) SC: 4% (2—7.9) 0% p=093
PDR 6 studies;CADe: 1271/2518 SC: 889/2540 RR=1.42(1.33-1.51) CADe: 52% (41-62.8) SC: 35.3% 9% p<0.00001
(26.1-45.8)
Sessile serrated ADR 3 studies;CADe: 59/1347 SC: 46/1358 RR=1.29 (0.89-1.89) CADe: 4.5% (2.7—7.2) SC: 3.5% 0% p=0.18
(2.2-5.4)
Mean Adenoma per colonoscopy 6 studies;2518 in CADe & 2540 in SC MD=0.19 (0.16-0.21) 90% p<0.001
Withdrawal time 6 studies MD=0.38 (0.054-0.715) 97% p=0.02
Cecal intubation time 5 studies;2168 in CADe & 2191 in SC MD=0.04 (—0.29-0.38) 60% p=038
False positives on CADe 4 studies Pooled rate= 10.3% (6.1-16.8) 93% -na-
Per patient analysis
Mean polyp per patient 5 studies;2177 in CADe & 2196 in SC MD=0.64 (0.45-0.83) 90% P<0.00001
Mean diminutive adenoma per patient 5 studies;CADe: 802/2163 SC: 481/2191  RR=1.68 (1.46—1.92) CADe: 37.1% (33—41.4) SC: 22.2% 50% p=0.09
(18.5-26.3)
Mean flat-sessile adenoma per patient 5 studies;CADe: 980/2163 SC: 566/2191  RR=1.75 (1.54—1.98) CADe: 45.2% (39.1-51.6) SC: 25.8%  54% p=0.07
(21.5-30.6)
Mean large adenoma per patient 4 studies;CADe: 83/1855 SC: 53/1876 RR=1.56 (1.12—2.19) CADe: 4.2% (2—8.7) SC: 2.5% 0% p=0.009
(0.9-6.7)
Mean small adenoma per patient 4 studies;CADe: 220/1855 SC: 159/1876  RR=1.39 (1.15-1.69) CADe: 11.9% (10.5—-13.4) SC: 8.5% 0% p =0.0008
(7-10.2)
Mean right sided adenoma per patient 6 studies;CADe: 332/2163 SC: 243/2191 RR=1.36(1.18—1.58) CADe: 14.8% (8.1-25.5) SC: 10.2% 0% p<0.0001

(5.1-19.1)

CADe: computer aided detection, SC: standard colonoscopy, ADR: adenoma detection rate, PDR: polyp detection rate, RR: risk ratio, MD: mean difference.
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paramount importance, and the assisted view of blurred images cap-
tured during rapid movement of colonoscope. Still, the output results of
a machine algorithm are only as good as its input training. Therefore,
great impetus must to given to the learning curve of the machine learn-
ing software with new training images and/ or videos [8,16—18].

Although the results of ADR improvement seemed to be modest
with Al, a previous large network meta-analysis comparing different
techniques to improve ADR found that low-cost optimization of
existing resources, such as water-aided colonoscopy or addition of a
second observer, represents the most cost-effective strategy in this
setting and performs even better than newer expensive scopes [19].
Based on our findings, a combination approach with newer technolo-
gies based on deep CNNs could potentially enhance the overall ADR,
although further trials are needed to confirm these assumptions.

The strengths of this review reside on the careful selection of RCTs
reporting on deep CNN based on real-time colonoscopy procedure.
With six total studies, this is the largest meta-analysis and therefore
adds important data to the current literature on this topic. A recent
meta-analysis focused on diagnostic performance of Al systems but
not on direct comparison with HD colonoscopy for ADR [15]. Few
other meta-analyses have recently been published highlighting simi-
lar findings as this study [20—22]. However, this study differs in the
reporting of expanded pooled rates of colonoscopy parameters
including the scope withdrawal time.

Limitations of this study are primarily related to the fact that the
majority of the studies come from one geographical location in addi-
tion to a lack in uniformity of the CADe algorithms used across the
centers. This limits the generalized global applicability of our results
and possibly reflect the performance of Chinese centers in general.
Studies did not evaluate ADR strictly for screening indications alone
and a lack of stratification of outcomes based on the indication for
colonoscopy prevented us from performing a sensitivity analysis
restricting to ADR with CADe in screening colonoscopy. Furthermore,
bias pertaining to performance and outcomes detection was unavoid-
able to the unblinded nature of included trials. With time and
increasing use of a global endoscopy related image database, algo-
rithms could potentially be trained uniformly across centers.
Although the technology is rapidly advancing in Al, we do not antici-
pate CNN based deep learning to get obsolete before further real-life
prospective studies are reported.

In conclusion, based on our meta-analysis, deep CNN based CADe
system significantly increases ADR during real-time colonoscopy,
albeit with increased withdrawal time.
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